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Abstract 

Mountain glaciers play a crucial role in the global provision of water resources. 

The majority of these glaciers are retreating rapidly in response to anthropogenic 

climate change, posing serious risks to downstream communities, many of which are 

located in some of the most socio-economically vulnerable regions on Earth. 

Consequently, accurate simulations of the future behaviour of mountain glaciers are 

critical in facilitating effective planning and water resource management over the 21st 

century. 

One fifth of the Earth’s largest glaciers (> 2 km2) are substantially covered by 

a layer of rocky material, known as supraglacial debris. This material alters the melt 

rates of the ice beneath, making the behaviour of debris-covered glaciers significantly 

harder to predict and limiting the ability of models to forecast effectively the impacts 

on downstream water resources. 

This thesis aims to contribute towards an improved understanding of debris-

covered glacier behaviour through the development and application of novel remote 

sensing techniques which utilise data collected by satellites and uncrewed aerial 

vehicles (UAVs). The major findings that stem from this thesis are presented as three 

results chapters.  

The first results chapter (presented as Chapter 3) utilises recently-acquired 

satellite-derived datasets to estimate the surface-mass-balance gradients of the largest 

glaciers within five regions of High Mountain Asia. A key finding is that, on the 

ablation zones of debris-covered glaciers, there are distinctive reversed surface-mass-

balance gradients which were previously concealed from geodetic studies of ice-surface 

lowering. More generally, this work emphasises the importance of quantifying the 



 

 

 

 

distinctive contributions of ice-flow dynamics and surface mass balance towards the 

distributed mass changes of debris-covered glaciers, in order to better constrain their 

melt rates in glaciological models. 

The second results chapter (Chapter 4) tests the application of high-resolution 

thermal UAV imagery to simulate spatially-distributed debris thicknesses and sub-

debris melt rates on Llaca Glacier, a debris-covered glacier in the Peruvian Andes. 

The results demonstrate that appropriately-calibrated thermal UAV imagery can be 

used, in conjunction with meteorological data and thermal measurements within the 

debris layer, to provide more precise estimates of supraglacial debris thickness. 

Additionally, this work indicates large differences between the sub-debris melt rates 

simulated using UAV-derived and satellite-derived debris thicknesses, demonstrating 

the importance of further high-resolution data acquisition on debris-covered glaciers 

in order to parameterise better their complex melt patterns. 

The final results chapter (Chapter 5) utilises high-resolution visible and 

thermal UAV imagery to explore the behaviour of supraglacial ice cliffs on Llaca 

Glacier. Surface energy balance modelling is used to quantify the contribution of ice-

cliff backwasting towards overall melt rates on a portion of the glacier tongue. The 

findings show that aspect plays a crucial role in controlling the development of ice 

cliffs, with southwest-facing ice cliffs surviving preferentially over others. The results 

also show that ice-cliff backwasting contributes disproportionately towards the overall 

ablation of Llaca Glacier, demonstrating the importance of further high-resolution 

studies of tropical debris-covered glaciers in order to calibrate glacio-hydrological 

models effectively. 

Overall, this thesis provides proofs-of-concepts for emerging methods that can 

be used to monitor debris-covered glaciers based on recently-available remote sensing 

datasets and UAV data-collection techniques. Future research to develop these 

techniques further, and apply them to multiple glaciers within different regions, will 

facilitate improved model calibration and better estimates of future runoff from debris-

covered glaciers in mountain regions. 
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Lay summary 

 

Mountain glaciers play a crucial role in the global provision of water resources. 

The majority of these glaciers are retreating rapidly in response to anthropogenic 

climate change, posing serious risks to downstream communities, many of which are 

located in some of the most socially and economically vulnerable regions on Earth. 

One fifth of the Earth’s largest glaciers are substantially covered by a layer of rocky 

material, known as debris cover, which changes the behaviour of these glaciers and 

makes their evolution more difficult to predict. Making use of data recently collected 

by satellites and drones, this thesis tests the use of novel techniques to study debris-

covered glaciers with greater levels of detail than was previously possible. The 

application of these techniques reveals previously-unreported patterns of glacier 

behaviour in High Mountain Asia and improves our understanding of the complex 

behaviour of tropical debris-covered glaciers in the Peruvian Andes. Future work now 

needs to be directed towards developing these techniques further and testing their 

applications in different regions, in order to contribute towards improved predictions 

of the future behaviour of debris-covered glaciers around the world.  
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𝑘𝑣𝑘    von Kármán’s constant             - 

𝐾𝐿     exchange coefficient for latent heat         - 

𝐾𝑠     exchange coefficient for sensible heat        - 

𝐿𝑎     longwave flux from the atmosphere         W m−2 

𝐿𝑑     longwave flux from the debris          W m−2 

𝐿𝑓     latent heat of fusion              kJ kg-1 

𝐿𝑖𝑛    incoming longwave radiation           W m−2 

𝐿𝑛     net longwave flux               W m−2 

𝐿𝑜𝑢𝑡    outgoing longwave flux             W m−2 

𝐿𝐸     latent heat flux               W m−2 

𝐿𝑣     latent heat of evaporation            J kg-1 

𝜆𝑓     frontal area density              - 

𝑀     ablation normal to the surface           m w.e. 

𝑃     atmospheric pressure             kPa 

𝑃0     atmospheric pressure at sea level         kPa 

𝑄𝑚    downward energy flux at base of debris layer     W m−2 

𝑅𝑒∗    roughness Reynold’s number                - 

𝑅𝑣     gas constant for moist air                   J kg-1 

𝜌0     standard density of air             kg m-3 

𝜌𝑖     density of ice                kg m−3  

𝑆𝑎     shortwave flux from the atmosphere        W m−2 

𝑆𝑑     shortwave flux from the debris          W m−2 

𝑆𝑑𝑖𝑓𝑓    diffuse shortwave radiation from atmosphere     W m−2 

𝑆𝑑𝑖𝑟    direct shortwave radiation from atmosphere      W m−2 



 

 

 

 

𝑆𝑛     net shortwave flux               W m−2 

𝜎     Stefan-Boltzmann constant           W m-2 K-4 

𝑡     time                   s 

𝑇𝑎     air temperature               K 

𝑇𝑠     surface temperature              K 

𝑢     wind speed                m s-1 

𝑢∗     friction velocity              m s-1 

𝑣     viscosity of air               m-2 s-1 

𝑉𝑑     debris view factor             - 

𝑉𝑠,𝐿    longwave sky view factor           - 

𝑊𝐷    wind direction               ° 

𝑧     height of meteorological measurements      m 

𝑧0     roughness length for a momentum profile      m 

𝑧0𝑒    roughness length for log profile of vapour pressure  m 

𝑧0𝑇    roughness length for a temperature profile     m 
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Chapter 1 

Introduction 

1.1 Motivation 

Approximately 24 % of the global population live within or directly 

downstream from Earth’s mountain regions (Immerzeel et al., 2020) (Figure 1.1). 

These regions are often described as ‘water towers’, as they supply a significant 

proportion of natural and anthropogenic water demands (Viviroli et al., 2007). The 

communities that depend the most on these water towers for drinking water, 

agriculture and energy production are predominantly located in the most socio-

economically vulnerable regions on Earth (Immerzeel et al., 2020).  Glaciers and 

snowpacks play a key role in storing and regulating the release of water resources from 

mountain regions to downstream populations (e.g. Bolch et al., 2017; Buytaert et al., 

2017; Huss et al., 2017).  However, with rising global temperatures and increasingly 

extreme climate events, glaciers and snow cover are shrinking rapidly, posing serious 

risks to downstream water availability (e.g. Jansson et al., 2003; Bradley et al., 2006; 

Huss and Hock, 2018). Research has shown that while some glaciated river basins have 

experienced an initial rise in meltwater runoff as glacial ablation and snowmelt 

production increase, the storage capacity of glaciers is rapidly diminishing, leading to 

an eventual decrease in downstream water availability (e.g. Barnett et al., 2005; 

Chevalier et al., 2011; Huss and Hock, 2018; McDowell et al., 2021). Since many large-

scale glaciated catchments have already passed this tipping point, known as ‘peak 

water’, numerous regions are already experiencing diminishing water resources, with 



 

 

 

 

a growing number of catchments projected to be impacted throughout the 21st century 

(e.g. Huss and Hock, 2018). 

Debris cover exists on 44 % of the Earth’s largest glaciers (covering > 2 km2) 

and is prominent (covering > 1 km2) on 15 % (Herreid and Pellicciotti, 2020). 

Supraglacial debris consists of materials such as rocks and sediment which originate 

from the glacial headwalls and are transported englacially to the surface of the ablation 

zone (Kirkbride and Deline, 2013; Rowan et al., 2015). Additionally, in some regions, 

supraglacial debris is derived from tephra fallout from volcanic eruptions (e.g. 

Kirkbride and Dugmore, 2003; Möller et al., 2016). This material modifies glacier melt 

rates by insulating the ice beneath and altering the surface albedo (e.g. Östrem, 1959; 

Mattson et al., 1993; Kayastha et al., 2000). Supraglacial ice cliffs and meltwater 

ponds, which are abundant on debris-covered glaciers, further alter the melt rates of 

debris-covered glaciers by acting as localised ‘hot spots’ of enhanced melting (e.g. 

Sakai et al., 2000; Reid and Brock, 2014; Buri et al., 2019). Despite recent advances, 

Figure 1.1: The global water tower index and the populations living downstream from 

global water towers. The water tower index (WTI: index defining importance of water-

supplying role and downstream dependence of ecosystems and society) and the total 

population within each mountain-water-tower-dependent river basin are shown on the map. 

The bar graphs show the spatial and altitudinal distributions of the populations living 

within each river basin. Source: Immerzeel et al. (2020) 
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there are still numerous gaps in our understanding of the complex behaviour of debris-

covered glaciers (e.g. Watson et al., 2017; Pellicciotti and Buri, 2018; Huo et al., 2021). 

Further research is therefore critical in order to accurately project the future evolution 

of debris-covered glaciers and effectively predict the consequent impacts on 

downstream water resources. 

1.2 Aims 

The overall aim of this thesis is to use satellite and uncrewed aerial vehicle 

(UAV) remote sensing to investigate the complex behaviour of debris-covered glaciers 

and develop new techniques for monitoring these glaciers. More specifically, this gives 

rise to three key objectives, each of which respectively underpins the main studies 

undertaken for the thesis in Chapters 3, 4 and 5. This section provides a brief outline 

of each of these objectives and their specific motivations. 

Thesis Objective 1: To quantify the surface mass balance gradients of the largest 

debris-covered glaciers in High Mountain Asia using a remote-sensing-based mass 

continuity approach. 

The glacial surface mass balance (SMB) is defined as the difference between 

accumulation (the gain of snow and ice) and ablation (the loss of snow or ice) (Cuffey 

and Paterson, 2010). Supraglacial debris cover significantly impacts the SMB of 

mountain glaciers by altering the amount of energy that is received and absorbed at 

the ice surface (Cuffey and Paterson, 2010). Previous studies have used fieldwork to 

quantify surface measurements, using ablation stakes and snow pits to measure 

ablation and accumulation at discrete points on the ice surface (e.g. Benn et al., 2012; 

Azam et al., 2016; Anderson et al., 2021). Due to the remote, high-altitude settings of 

debris-covered glaciers, these in-situ measurements of SMB are limited in spatial 

coverage. Geodetic studies have utilised satellite data in order to provide valuable 

large-scale regional estimates of ice surface elevation change, which can be used to 

approximate overall glacier mass balances (e.g. Kääb et al., 2012; Brun et al., 2019; 

Shean et al., 2020). However, the surface lowering measured in these studies results 



 

 

 

 

from a combination of SMB and ice flow dynamics, therefore spatially-distributed 

patterns of SMB are not resolved. By quantifying the dynamic contribution towards 

previously-observed ice surface elevation changes, we can isolate the SMB from overall 

patterns of ice surface lowering. This allows us to quantify the modified ablation rates 

of debris-covered glaciers and gain a better understanding of the role of supraglacial 

debris in controlling their behaviour. 

Thesis Objective 2: To develop a method for simulating supraglacial debris 

thicknesses and sub-debris melt rates from high-resolution, UAV-acquired thermal 

infrared imagery. 

Debris thickness is a key factor controlling the melt rate of debris-covered 

glaciers. A thin debris layer, less than a critical thickness (~3-8cm), accelerates sub-

debris melt rates (e.g. Östrem, 1959; Nicholson and Benn, 2006). In contrast, debris 

exceeding the critical thickness supresses melt rates, inducing reduced ablation as 

debris thickness increases (e.g. Benn and Lehmkuhl, 2000; Azam et al., 2016). The 

thickness of the debris layer is often highly spatially heterogeneous (e.g. Nicholson and 

Mertes, 2017), therefore quantifying spatially-distributed debris thickness with high 

spatial precision is critical for accurately simulating the melt rates of debris-covered 

glaciers. Previous field-based studies have quantified debris thickness using methods 

such as manual excavation and ground-penetrating radar (GPR) (e.g. Zhang et al., 

2011; McCarthy et al., 2017), but the spatial coverage of these studies is limited due 

to challenges associated with accessing and navigating debris-covered glaciers. Remote 

sensing has more recently been used to quantify debris thickness from thermal infrared 

(hereafter shortened to ‘thermal’) satellite imagery and meteorological data, using 

surface energy balance modelling (e.g. Foster et al., 2012; Rounce and McKinney, 

2014). However, the resolution of currently available thermal satellite imagery is 60 

metres or more, limiting the precision and accuracy of debris thickness estimates. By 

using high-resolution UAV-acquired thermal imagery, combined with high resolution 

digital elevation models (DEMs) (derived from visible UAV imagery) and 

meteorological data, we can calculate distributed debris thicknesses with high levels 
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of spatial precision. Using these simulated debris thicknesses, we can then simulate 

the spatially-distributed melt rates of debris-covered glaciers with greater accuracy 

and precision. 

Thesis Objective 3: To investigate the characteristics and melt rates of supraglacial 

ice cliffs on a debris-covered glacier using high-precision UAV imagery. 

Supraglacial ice cliffs are abundant on the surfaces of debris-covered glaciers. 

These features act as localised ‘hot spots’ of enhanced ablation, contributing 

significantly towards the overall melt rates of debris-covered glaciers (e.g. e.g. Sakai 

et al., 2000; Watson et al., 2017). Previous studies of supraglacial ice cliffs have 

demonstrated that the orientation of ice cliffs plays a key role in controlling their 

evolution (e.g. Sakai, Nakawo and Fujita, 2002; Kraaijenbrink et al., 2016). In the 

northern hemisphere, north-facing cliffs survive preferentially over south-facing cliffs, 

predominantly as a consequence of contrasting distributions of solar radiation across 

ice cliff surfaces (e.g. Thompson et al., 2016; Sakai et al., 2018; Buri et al., 2021). 

While supraglacial ice cliffs in northern hemisphere temperate regions such as High 

Mountain Asia and Alaska have received increasing attention in recent years, little is 

known about the behaviour of supraglacial ice cliffs in equatorial regions and the 

contribution of ice-cliff backwasting towards the overall mass loss of tropical-debris-

covered glaciers. High-resolution visible UAV surveys provide the opportunity to 

investigate the characteristics of ice cliffs in detail and, in conjunction with thermal 

UAV imagery and meteorological data, simulate high-resolution spatially-distributed 

melt rates of ice cliffs on tropical debris-covered glaciers. Furthermore, these datasets 

can be used to examine ice flow dynamics and ice-surface lowering, as well as to explore 

the potential role of different factors in controlling ice-cliff evolution. 

1.3 Thesis structure 

To provide background to the overall thesis aims discussed above, Chapter 2 

discusses the science surrounding debris-covered glacier and the techniques which have 

previously been used to monitor debris-covered glaciers. Additionally, this chapter 



 

 

 

 

discusses the key principles of UAV remote sensing, focusing particularly on visible 

and thermal surveying. The chapter culminates with a summary of the key knowledge 

gaps from existing studies and the respective research goals that have motivated each 

original research chapter of the thesis. 

Chapters 3, 4 and 5 detail the research that has been undertaken as part of 

this PhD in order to address each of the thesis objectives. These three chapters have 

been written in a format suitable for publication in peer-reviewed journals. Chapter 3 

was published in Remote Sensing in 2020, Chapter 4 has been submitted for 

publication in Journal of Glaciology and Chapter 5 is in preparation for submission. 

Chapter 6 synthesises the key progress associated with Chapters 3, 4 and 5. 

Recent studies of relevance to Chapter 3, which have been released since the 

publication of Chapter 3, are also discussed. Additionally, the limitations of chapters 

3, 4 and 5 are discussed, while important directions for future research are highlighted 

within this section. 

Chapter 7 concludes by summarising the key findings and implications of the 

research produced within this thesis. Scientific journal articles produced in association 

with this thesis are included in the Appendices. 
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Chapter 2 

Background 

This chapter begins, in Section 2.1, by introducing the two key regions of 

study within this thesis: High Mountain Asia and the Cordillera Blanca of the 

Peruvian Andes. This is followed, in Section 2.2, by a summary of current knowledge 

and recent progress in the field of debris-covered glaciology. Section 2.3 discusses the 

current techniques that are used to study the characteristics and behaviour of 

debris-covered glaciers. Section 2.4 provides an overview of UAV remote sensing, 

focusing particularly on the collection and handling of thermal and visible imagery. 

Section 2.5 closes this chapter with a summary of the key knowledge gaps that this 

thesis will centre around.

2.1 Introduction to regions of study 

2.1.1 High Mountain Asia 

High Mountain Asia is the Earth’s largest reservoir of glacial ice outside the 

Polar Regions. It encompasses the Tibetan Plateau and its neighbouring mountain 

ranges, including the Himalaya, Karakoram, Pamir and Tien Shan. The glaciers in 

High Mountain Asia span across a total area of around 118,264 km2, with debris-

covered ice constituting approximately 10-11% of this area (RGI, 2017; Scherler et al., 

2018). The meltwater produced by these glaciers flows into several key river basins, 

including the Indus, Ganges, Brahmaputra, Yellow and Yangtze (Figure 2.1). These 
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rivers supply water resources to downstream communities inhabited by more than 800 

million people (Pritchard, 2019).  

Over the past several decades, the glaciers within High Mountain Asia have 

shrunk in mass by approximately −19.0 ± 2.5 Gt a−1 (Shean et al., 2020), posing 

significant risks to downstream communities. While increased glacial melting has led 

to initial increases in downstream river discharges, the headwaters of the Brahmaputra 

are already reaching peak flow levels, with discharges already beginning to decline due 

to dropping glacial storage capacity (Huss and Hock, 2018). Other major river basins, 

such as the Indus, Tarim and Ganges, are expected to follow similar trajectories, with 

peak water flow projected to occur around the middle of the 21st century (Huss and 

Hock, 2018). 

The glaciers of High Mountain Asia are the source of flood hazards, known as 

glacial lake outburst floods (GLOFs), which have been responsible for more than 6300 

deaths in central Asia (Carrivick and Tweed, 2016). With increased levels of annual 

glacial ablation, the glacial lakes responsible for these floods are growing, leading to 

an increased likelihood of GLOF events (e.g. Allen et al., 2016; Shugar et al., 2020; 

Veh et al., 2020). This change is particularly pronounced in the Eastern Himalaya, 

Figure 2.1. Major river basins of High Mountain Asia. Source: Immerzeel et al. (2010). 
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where GLOF hazard (linked to lake abundance and flood frequency) is at least 3 times 

greater than in any other region within High Mountain Asia (Veh et al., 2020). 

The atmospheric circulation in High Mountain Asia is primarily dominated by 

the Indian summer monsoon and Westerly disturbances. The Indian monsoon is a 

seasonal weather phenomenon which occurs during the Northern Hemisphere summer 

due to a northward shift of the Intertropical Convergence Zone (e.g. Zhang, Chan and 

Ding, 2004; Yao et al., 2012). In southern Asia, warm air is drawn in from the Indian 

Ocean, producing continuous heavy precipitation over the Tibetan Plateau between 

June and September (e.g. Bookhagen and Burbank, 2010). On the other hand, westerly 

disturbances occur in the winter, when low-pressure systems originating from the 

Mediterranean and mid-west Atlantic Ocean are carried eastwards over High 

Mountain Asia, resulting in high precipitation rates (e.g. Charturvedi et al., 2014).  

Figure 2.2. Mass changes of glaciers in High Mountain Asia. The sizes of the circles 

represent the total glacierized area within each cell. The colour scale represents the rate of 

mass loss (red) or gain (blue). Source: Shean et al. (2020). 
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The differential timing of the Indian monsoon and the westerly disturbances 

results in heterogeneous patterns of glacial accumulation across High Mountain Asia 

(e.g. Shean et al., 2020; Figure 2.2). Glaciers in the northwest of High Mountain Asia 

predominantly receive precipitation from westerly disturbances during the winter. 

These glaciers receive a larger proportion of overall precipitation as snowfall, leading 

to high glacial accumulation rates (e.g. Yao et al., 2012; Rowan et al., 2018; Farinotti 

et al., 2020). Conversely, glaciers in the southeast of High Mountain Asia 

predominantly receive precipitation brought by the summer monsoon and a smaller 

proportion of the overall precipitation falls as snow. As a result, glaciers in the 

northwest of High Mountain Asia have a more stable mass balance compared to those 

in the southeast (e.g. Kapnick et al., 2014). In particular, the glaciers in the 

Karakoram have very stable or even positive mass balances due to the colder air 

temperatures within the interior of the mountain belt (e.g. Yao et al., 2012). However, 

recent research indicates that this phenomenon, known as the ‘Karakoram glacier 

Anomaly’, is unlikely to persist over long timescales due to the significant future 

warming forecasted by current climate projections (Farinotti et al., 2020). 

2.1.2 Cordillera Blanca, Peruvian Andes 

The Cordillera Blanca is a mountain chain spanning a distance of ~ 200 km 

through the Ancash region of Peru, forming part of the wider Peruvian Andes range 

(Figure 2.3). Containing more than 25% of the total glacial area in the tropics, the 

Cordillera Blanca is home to the largest collection of tropical glaciers on Earth (RGI, 

2017). Figures 2.4 – 2.9 show photographs of one of these glaciers (Llaca Glacier), 

where fieldwork was conducted for this thesis. The Río Santa river runs parallel to 

and southwest of the mountain range, delivering water resources to around a quarter 

of a million inhabitants of the Ancash region (Mark et al., 2010) (Figure 2.3). Almost 

half of these inhabitants live in the city of Huáraz, located directly downstream from 

the glaciers of the southern Cordillera Blanca. 

The climate of Ancash is characterised by two main seasons: the wet season 

(between October and May) and the dry season (between May and September). While 
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there are large variations in precipitation between these two seasons, seasonal 

variations in air temperature are relatively small (Kaser et al., 2017). As a result, 

glacial accumulation predominantly occurs during the wet season, while glacial 

ablation takes place throughout the year, with ablation rates on glacier tongues being 

approximately one third higher in the wet season compared to the dry season (Kaser 

et al., 2017). 

Llaca Glacier 

Figure 2.3. Glaciers of the Cordillera Blanca. The green shaded area shows the spatial 

coverage of the glaciers within this region. The location of Llaca Glacier, where fieldwork was 

conducted in 2019 as part of this thesis, is shown. Source: Adapted from USGS (1999). 
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The total area covered by glaciers within the Cordillera Blanca has decreased 

by over 30% between 1930 and 2014 (Schauwecker et al., 2014). Research indicates 

that glacial retreat has been accelerating over the last several decades, with the 

average rate of area loss between 2004 and 2010 being ~3.5 times that of between 1970 

and 2003 (Burns and Nolin, 2014). Glacial retreat appears to be particularly 

pronounced in the southern Cordillera Blanca, where the median elevations of glaciers 

are lower on average (Burns and Nolin, 2014). 

Glaciers play a key role in buffering seasonal river discharges in the Río Santa 

basin, storing and gradually releasing meltwater throughout the year. Baraer et al. 

(2017) found that of 9 watersheds investigated, 7 were likely already to have passed 

the critical transition point of peak stream discharges, and were already beginning to 

experience reduced river discharges. Hydrological model predictions indicate that a 

complete disappearance of the glaciers in the Cordillera Blanca will result in up to a 

30% drop in annual discharges, with impacts most pronounced during the dry season 

(Baraer et al., 2017). 

Killing almost 30,000 people between 1941 and 2005, GLOFs in the Cordillera 

Blanca significantly endanger downstream communities in Ancash (Carey et al., 2005). 

The most catastrophic GLOF event recorded within this region took place in 

December 1941, as a result of a breach in the moraine holding Lake Palcachocha. The 

GLOF produced a debris flow which destroyed around a third of the city of Huáraz 

and killed about 5000 inhabitants (Carey et al., 2005). Since then, the population of 

Huáraz has increased sixfold to approximately 120,000, with a large proportion of the 

town situated within the area that was previously impacted by the flood. Since 1941, 

efforts have been made to reduce the risks of GLOFs, such as draining lakes and 

constructing artificial dams (Carey et al., 2005). However, due to deglaciation, the 

number of glacial lakes in the Cordillera Blanca has been growing rapidly, posing 

progressively serious threats to downstream communities (Frey et al., 2018). 
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Figure 2.4. Llaca Glacier (background), where thesis fieldwork was conducted, and Llaca 

Lagoon (foreground) (August 2019). 

Figure 2.5. Llaca Glacier terminus (August 2019). 
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Figure 2.6. UAV-acquired image of the upper portion of the debris-covered tongue of Llaca 

Glacier (foreground) and the icefall (background) (August 2019). 

Figure 2.7. Supraglacial ice cliff on the debris-covered tongue of Llaca Glacier (August 2019). 
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Figure 2.8. UAV-based thermal survey of Llaca Glacier tongue (August 2019). 

Figure 2.9. Ground control survey on Llaca Glacier (August 2019). 
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2.2 Debris-covered glaciers 

2.2.1 Introduction 

Around a fifth of Earth’s largest glaciers (> 2 km2) are substantially debris 

covered, with > 7 % and/or > 10 km2 of their surfaces being debris-covered (Herreid 

and Pellicciotti, 2020). At present, ~ 10 – 11 % of the glacial ice surface in High 

Mountain Asia is blanketed with debris, while ~ 6.5 % of the glacierised area in the 

Cordillera Blanca is debris-covered, with debris being predominantly found within 

glacier ablation zones (RGI, 2017; Scherler et al., 2018). The proportion of the Earth’s 

glacial ice blanketed by supraglacial debris is growing in response to climate change 

(Scherler et al., 2018), making debris cover an increasingly important factor to consider 

when projecting future glacier mass balances and downstream river discharges. 

2.2.2 Supraglacial debris cover evolution 

Supraglacial debris originates from glacial headwalls in areas of high-relief 

topography. The eroded material is transported englacially before re-emerging in the 

ablation zone, due to surface melting and emergent ice flow (Rowan et al., 2015). The 

thickness and extent of supraglacial debris cover is controlled by debris supply rates 

from glacial headwalls, ice flow dynamics and glacial ablation rates (e.g. Kirkbride 

and Deline, 2013; Gibson et al., 2017). When the mass balance of a glacier is negative, 

the equilibrium line altitude moves up-glacier, resulting in an expansion of the ablation 

zone. As a result, debris-carrying ice flow paths are shifted up-glacier and melting 

occurs over a greater area of the glacier tongue, leading to up-glacier expansion of 

supraglacial debris cover (Rowan et al., 2015). Eventually, debris-covered ice tongues 

can become detached from the main trunks of glaciers, leading to further acceleration 

of glacial retreat. 

2.2.3 Sub-debris melt 

Previous research has shown that supraglacial debris cover significantly 

impacts the ablation rates and melt patterns of glaciers. When the debris layer is less 

than a critical thickness of ~3-8cm, the melt rate at the ice surface is amplified 
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(Østrem, 1959; Kayastha et al., 2000). Conversely, when the supraglacial debris layer 

exceeds the critical thickness, the sub-debris melt rate is dampened, with increasing 

debris thickness leading to increasingly reduced melt rates (e.g. Nicholson and Benn, 

2006; Lejeune et al., 2013). This empirical relationship between debris thickness and 

ablation rates was first established by Østrem (1959) and is commonly termed the 

Østrem curve (Figure 2.10). 

On debris-free ice, ablation generally decreases continuously with increasing 

altitude, due to vertical air temperature gradients (e.g. Sherpa et al., 2017). However, 

field-based studies have observed that on debris-covered glacier tongues, this 

relationship between altitude and ablation is frequently reduced or even reversed (e.g. 

Benn et al., 2012; Azam et al., 2016). This reversed trend results from altitudinal 

thinning of the debris layer, leading to reduced insulation and enhanced melt rates 

(e.g. Benn and Lehmkuhl, 2000). Consequently, on debris-covered glaciers, the greatest 

ablation rates are often observed towards the upper portion of the ablation zone (e.g.; 

Banerjee and Shankar, 2013; Azam et al., 2016). 

Figure 2.10. Field-based examples of the Østrem curve relationship between debris thickness 

and sub-debris ablation rates. Source: Nicholson et al. (2018), redrawn from Mattson et al. 

(1993). 
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 In conjunction with debris thickness, other properties of supraglacial debris 

can also influence sub-debris melt rates. As the moisture content of the debris 

increases, the thermal conductivity of the debris layer also increases, consequently 

raising sub-debris melt rates (Nakawo and Young, 2017). Rock type can also influence 

the thermal conductivity of the debris layer, since different lithologies have different 

specific heat capacities (Nicholson and Benn, 2013). For example, limestone has a 

higher specific heat capacity than granite (Nicholson and Benn, 2013), resulting in 

higher thermal conductivities and greater sub-debris melt rates beneath limestone 

debris compared to beneath granite debris.  

Debris grain size can also considerably influence sub-debris melt rates. Coarse 

debris has greater pore space, allowing greater heat transfer by ventilation (Nicholson 

and Benn, 2013). Consequently, the temperature of coarse debris quickly equilibrates 

with the air temperature. In contrast, the thermal response of finer debris is less rapid, 

due to slow processes of conduction through individual grains (Harris and Pederson, 

1998). As a result, when debris grain size is smaller, there is a longer lag time between 

changes in air temperatures and consequent changes in debris temperatures within the 

debris layer (Harris and Pederson, 1998). These differences in the efficiency of heat 

transfer through the debris layer consequently influence the rate of sub-debris melting. 

Meltwater runoff can also wash fine-grained material out of the debris, thus increasing 

debris porosity, accelerating heat transfer through the debris layer and modifying sub-

debris melt rates (Lambrecht et al., 2011). 

2.2.4 Flow dynamics 

Many glaciers in high mountain regions, both debris-covered and debris-free, 

are decelerating in response to climate-change-driven mass losses (e.g. Heid and Kääb, 

2012; Neckel et al., 2017; Dehecq et al., 2019; Farinotti et al., 2020). Heid and Kääb 

(2012) observed an extensive and sustained reduction in ice flow velocities in mountain 

regions including Alaska (11%), Patagonia (20%), Caucasus (8%) and Pamir (43%). 

Similarly, Dehecq et al. (2019) found that in 9 of 11 areas in High Mountain Asia, 

glaciers exhibited continuous slowdown associated with ice thinning for the period 
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between 2000 and 2017. Meanwhile, in the few regions where glaciers were stable or 

even slightly gaining mass, glaciers accelerated during the same period (Dehecq et al., 

2019). The deceleration that has been observed overall can be attributed to the 

reduction of gravitational driving stresses as widespread glacial thinning occurs. For 

example, Dehecq et al. (2019) found that 94% of the variability in flow velocity change 

between regions could be explained by changes in driving stress. With projections of 

continued glacier mass loss in the future (e.g. Radić et al., 2014; Shannon et al., 2019; 

Rounce et al., 2020), it is likely that the deceleration that has been observed will 

continue over the next several decades. 

Research has shown that the lower reaches of debris-covered glaciers are 

frequently stagnant, with lower flow velocities than their debris-free counterparts (e.g. 

Scherler et al., 2011; Thompson et al., 2016; Bhushan et al., 2018). This stagnancy 

results from the inverse relationship between distance up-glacier from the terminus 

and supraglacial debris thickness (e.g. Quincey et al., 2009; Benn et al., 2012). As 

discussed in Section 2.2.2, the greatest melt rates on debris-covered glaciers occur in 

the upper portions of the debris-covered areas, where the debris layer is thin. As a 

result, ice-surface lowering is concentrated in this area, with lower thinning rates 

towards the terminus, causing a reduced ice surface slope (Benn et al., 2012). The 

gravitational driving stress is consequently reduced, resulting in low ice flow velocities 

(Benn et al., 2012). Topography also plays a role in determining the stagnancy of 

glaciers, since steep glacier beds can increase driving stress, acting against the 

slowdown of debris-covered ice tongues. Scherler et al. (2011) found that stagnant ice 

on debris-covered glaciers in High Mountain Asia can only exist on ice tongues with 

surface slopes of less than 8° (Scherler et al., 2011), therefore debris-covered tongues 

on slopes exceeding 8° are likely to remain active. 

2.2.5 Supraglacial ice cliffs 

Supraglacial ice cliffs are generally defined as exposed or thinly debris-covered 

ice surfaces present on debris-covered glaciers (Steiner et al., 2019). In general, ice 

cliffs have surface gradients of greater than ~30°, as debris material tends to 
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accumulate on ice surfaces shallower than ~30° (Herreid and Pellicciotti, 2018). Ice 

cliffs can exist in a variety of sizes, from only a few metres in dimensions to more than 

100 metres in width and 30 metres in height (Steiner et al., 2019). These features can 

have a range of different geometries, most commonly crescent, circular or linear shapes 

(Herreid and Pellicciotti, 2018). 

Research suggests that ice cliffs can contribute significantly towards the mass 

loss of debris-covered glaciers. For example, Thompson et al. (2016) found that ice 

cliffs were responsible for ~40% of the overall mass loss of Ngozumpa Glacier, the 

longest glacier in the Himalaya. Meanwhile, Brun et al. (2018) observed that between 

November 2016 and November 2017, ice cliffs on Changri Nup Glacier (Himalaya) 

were responsible for 24 ± 5 % of the total ablation on the glacier tongue, despite only 

covering ~7-8% of the total area. These cliffs were found to have a net melt rate 3.0 

± 0.6 times higher than the average melt rate of the debris-covered tongue (Brun et 

al., 2018). 

Ice cliff ablation rates are greater on debris-covered glaciers compared to on 

debris-free glaciers. This is, in part, due to the conglomeration of fine debris particles 

on cliff surfaces, thus reducing the albedo and raising radiative absorption (Brock et 

al., 2010). In addition, the debris material which surrounds ice cliffs warms up during 

the daytime, emitting longwave radiation and raising ambient air temperatures 

through the process of convection (Brock et al., 2010). The bases of ice cliffs generally 

receive more longwave radiation from the surrounding debris, compared to the crests 

of ice cliffs, due to a decrease in the debris view factor from the cliff base towards the 

cliff crest (Buri and Pellicciotti, 2018). 

Ice-cliff formation occurs through three principal mechanisms. Firstly, the 

slumping of debris down slopes on the surfaces of glaciers can lead to the exposure of 

sub-debris ice (Benn et al., 2001). Secondly, calving of ice into supraglacial ponds can 

result in the formation of cliffs around the perimeters of these lakes (Kirkbride and 

Warren, 1997, Benn et al., 2001). Thirdly, collapse of the roofs of englacial conduits 

can promote ice-cliff formation (Kirkbride, 1993; Sakai et al., 2002). 
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Ice cliffs can form in a wide range of orientations, but recent research suggests 

that aspect plays a strong role in ice-cliff survival. Research in the Himalaya 

demonstrates that cliffs facing north generally survive preferentially over south-facing 

cliffs (e.g. Sakai, Nakawo and Fujita, 2002; Kraaijenbrink et al., 2016; Buri and 

Pellicciotti, 2018; Steiner et al., 2019; Watson et al., 2017). South-facing cliffs (in the 

Northern Hemisphere) receive a higher volume of solar radiation, with the greatest 

amount of radiation being received at the tops of cliffs (Buri and Pellicciotti, 2018). 

While cliff bases may receive more longwave radiation emitted by adjacent debris, this 

is not sufficient to compensate for the low solar radiation receipt (Buri and Pellicciotti, 

2018). As a result, melt rates increase from the cliff bases cliff crests, resulting in the 

flattening and reburial of ice cliffs. However, ice cliffs facing north (in the Northern 

Hemisphere) have a weaker base-to-crest solar radiation gradient, therefore cliffs 

backwaste with a more constant slope, enabling ice-cliff survival (Buri and Pellicciotti, 

2018). Some north-facing cliffs may even have greater melt rates at their bases than 

their crests, leading to ice-cliff steepening (Buri and Pellicciotti, 2018). 

Several studies in the Himalaya have found that diurnal meteorological 

patterns also play a role in controlling ice-cliff survival. These studies established that 

north-west facing cliffs have the longest life expectancy (e.g. Buri and Pellicciotti, 

2018; Steiner et al., 2019). For example, Steiner et al. (2019) found that 53% of all 

cliffs on Langtang Glacier and 60% of all cliffs on Langshisha Glacier faced northwest. 

The melt season in this region occurs during the same period as the monsoon season, 

resulting in a frequent presence of thick cloud cover during the afternoons. As a result, 

the solar radiation receipt of cliffs with westerly aspects is lowered significantly, 

reducing the base-to-crest solar radiation gradient and enabling ice-cliff survival (Buri 

and Pellicciotti, 2018).  

Some studies of debris-covered glaciers in the Himalaya have indicated that 

flow direction does not play a strong role in controlling ice cliff orientation since, 

regardless of the ice flow direction, ice cliffs predominantly have a north-west-facing 

aspect (Buri and Pellicciotti, 2018; Watson et al., 2017; Steiner et al., 2019). However, 

the findings from several studies indicate that ice flow may play some role in 
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controlling ice-cliff evolution. For example, Steiner et al. (2019) observed that cliffs 

near glacier termini were generally orientated perpendicular to the flow line. 

Furthermore, research indicates that higher densities of ice cliffs are present in areas 

of active ice flow (Watson et al., 2017) and areas of compressional flow (Kraaijenbrink 

et al., 2016; Steiner et al., 2019), such as glacier termini, tributary confluences and 

areas of curving ice flow direction. Strain rates are expected to be high in areas of 

compressional flow, promoting englacial-conduit formation and fracturing, which can 

result in a greater occurrence of ice cliffs (Kraaijenbrink et al., 2016; Steiner et al., 

2019).  

Ice cliffs are frequently located around the perimeters of supraglacial ponds. 

For example, Steiner at al. (2019) found that, for five glaciers analysed in the 

Himalaya, >50% of cliffs were adjacent to a pond during the wet season, while 

Kraaijenbrink et al. (2016) showed that ice cliffs which deviate from the optimum 

aspects for survival are frequently connected to supraglacial ponds. Research has 

shown that supraglacial ponds help to sustain adjoined ice cliffs through processes of 

thermoerosion and subaqueous melt (e.g. Miles et al., 2016). These ponds absorb a 

larger quantity of solar radiation than the surrounding debris-covered area and deliver 

this energy to the ice, thereby accelerating melt rates. The processes of thermoerosion 

and subaqueous melt are concentrated at ice cliff bases, enabling cliffs to sustain steep 

gradients which promote their survival (e.g. Buri et al., 2016; Miles et al., 2016; Miles 

et al., 2020). Additionally, cliffs connected to ponds are exposed to incoming longwave 

radiation emitted by the debris surrounding the ponds (Buri et al., 2016). This 

longwave radiation receipt is particularly high at cliff bases, therefore encouraging 

further steepening of ice cliff faces. Furthermore, the drainage of water from 

supraglacial ponds through englacial channels can lead to the formation of new 

supraglacial cliffs through the broadening of englacial channels, which leads to 

increased risk of channel roof collapse (e.g. Sakai et al., 2018). 
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2.2.6 Supraglacial meltwater ponds 

The key processes suggested to contribute towards the formation and 

expansion of supraglacial ponds on debris-covered glaciers include (i) the collapse of 

englacial conduits, (ii) melting of adjacent ice at and beneath the waterline, and (iii) 

calving, promoted by thermal undercutting (e.g. Sakai et al., 2000, Benn et al., 2001., 

Miles et al., 2016). Supraglacial ponds are often transient, draining sporadically due 

to the opening and closing of structures as the ice flows (e.g. Reynolds, 2000). Research 

has shown that supraglacial ponds tend to be most abundant in areas with low surface 

gradients and velocities (e.g. Miles et al., 2016), with the largest ponds usually being 

found where the surface slope is <2° (e.g. Reynolds, 2000). Watson et al. (2017) found 

that ponds adjacent to ice cliffs on Khumbu and Lobuche Glaciers (Himalaya) were 

deeper and more irregularly-shaped, compared to the shallower and more circular 

ponds independent from ice cliffs. 

While supraglacial ponds promote higher melt rates on debris-covered glaciers 

through the delivery of energy to cliff bases, the melt rates beneath ice ponds are often 

relatively low in comparison. Sakai et al. (2000) found that the energy available for 

melting the ice beneath the debris layer at the bottom of a pond on Lirung Glacier 

(Himalayas) was negligible (1-4 W m-2) in comparison to the energy received at the 

pond surface (110 to 240 W m-2). Meanwhile, a study on Langtang Khola Glacier 

(Nepal) found that while bare ice in contact with a supraglacial pond had a simulated 

melt rate 2-4 cm d-1, melt rates at the saturated debris zone beneath the pond were 

simulated to be less than 1 mm d-1 within the heavily debris-covered zone (Miles et 

al., 2016). The results of this study also demonstrated that majority of the energy 

absorbed by the pond was evacuated through englacial channels, providing the 

potential to melt ~2612 m3 of ice (Miles et al., 2016). 

Research has demonstrated that the coverage of supraglacial ponds on debris-

covered glaciers is increasing over time. Since meltwater ponds buffer proglacial 

discharge by temporarily storing and releasing meltwater, ponds are likely to play an 

increasingly important role in regulating meltwater runoff in the future (Irvine-Fynn 
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et al., 2017), therefore impacting downstream freshwater availability and biodiversity 

(e.g. Pritchard et al., 2019; Jacobson et al., 2012). Additionally, the expansion of 

supraglacial pond coverage is likely to affect the volume of meltwater being produced 

by debris-covered glaciers, through the delivery of energy absorbed by ponds to their 

bordering ice cliffs. Furthermore, the increasing coverage of supraglacial ponds is likely 

to heighten the risk of GLOF events, posing dangers to downstream communities and 

infrastructure (e.g. Kattelmann, 2003; Rounce et al., 2016). 

2.2.7 The ‘debris cover anomaly’ 

Despite the well-known influence of supraglacial debris on glacier ablation 

rates, geodetic studies have observed similar rates of thinning on debris-covered and 

debris-free glaciers (Kääb et al., 2012; Gardelle et al., 2013; Brun et al., 2019). This 

inconsistency is known as the ‘debris cover anomaly’. A factor which may be partially 

responsible for this anomaly is the presence of supraglacial ice cliffs and meltwater 

ponds on debris-covered glaciers. As discussed in Section 2.2.5, these features provide 

localised ‘hot spots’ of enhanced melting. These melt hotpots can contribute towards 

offsetting the reduction in melt rates due to insulation from the debris layer (Sakai et 

al., 1998; Brun et al., 2018; Miles et al., 2018). Debris-covered glacier dynamics may 

also be contributing towards the debris cover anomaly. As a result of the suppressed 

ablation rates on debris-covered tongues, there are reduced emergence velocities in the 

ablation areas of debris-covered glaciers. As a result, the resupply of ice from the 

accumulation area into the ablation area of these glaciers is slower, resulting in 

increased dynamic thinning which partially compensates for the reduced thinning 

resulting from ice-surface insulation (e.g. Banerjee, 2017; Nuimera et al., 2017; Yang 

et al., 2020). However, the contribution of flow dynamics towards glacial thinning in 

regions such as High Mountain Asia is poorly constrained, limiting the ability of 

glaciological models to forecast effectively the future mass balance of debris-covered 

glaciers. 
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2.3 Current techniques for monitoring debris-covered 

glaciers 

2.3.1 Techniques for quantifying debris thicknesses 

Supraglacial debris thicknesses have been quantified previously using field-

based techniques and satellite remote sensing. Field-based techniques include: (i) the 

physical measurement of debris thickness by digging through the debris layer to the 

debris-ice interface, (ii) the use of ground-penetrating radar (GPR) to produce 

reflection profiles along linear transects across the glacier surface; and (iii) the 

surveying of the debris layer exposed above supraglacial ice cliffs.  

While physical measurements of debris thickness can provide a high level of 

accuracy at discrete points, this technique is time-consuming and is often skewed 

towards smaller debris thicknesses (e.g. Zhang et al., 2011; McCarthy et al., 2017; 

Nicholson and Mertes, 2017). Furthermore, this technique provides only single-point 

measurements and, due to high spatial heterogeneities in debris thickness, can lead to 

inaccuracies in interpolation between data points (McCarthy et al., 2017). McCarthy 

et al. (2017) found that the use of GPR facilitates the collection of debris thickness 

measurements over a wider range of thicknesses (between 10 cm and at least 2.3 m). 

This technique also allows collection of debris thickness measurements more rapidly 

and with a greater spatial resolution compared to physical spot measurements 

(McCarthy et al., 2017). However, the high relief and surface roughness of debris-

covered glacier surfaces still limits the speed and coverage of GPR surveys. 

Furthermore, this technique cannot be used to measure debris thicknesses of less than 

10 cm and the interpretation of GPR data can be subjective (McCarthy et al., 2017). 

Cliff-top debris thicknesses have been measured using laser reflections (Nicholson and 

Benn, 2012) and Structure-from-Motion (SfM) based on terrestrial photogrammetry 

(Nicholson and Mertes, 2017; Nicholson et al., 2018). This method is relatively simple 

and cost-effective, and allows the measurement of spatially-heterogeneous debris 

thicknesses with high spatial precision (Nicholson and Mertes, 2017). The 

disadvantage of this technique is that measurements are limited to areas directly above 
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ice cliffs, where debris characteristics may be atypical (McCarthy et al., 2017), leading 

to poor spatial interpolation of debris thicknesses. 

Previous studies have shown that thermal satellite imagery, in conjunction 

with meteorological data, can be used to simulate distributed supraglacial debris 

thicknesses, using surface energy balance (SEB) modelling (Foster et al., 2012; Rounce 

and McKinney, 2014; Schauwecker et al., 2015). A SEB describes the balance of energy 

inputs and energy outputs to a surface. The SEB of a debris-covered glacier surface is 

shown in Figure 2.11. As shown, the debris temperature increases from the ice-debris 

interface (where debris temperature is assumed to be 0 °C) to the surface of the debris 

layer. Thus, the thickness of the debris can be simulated from the surface temperature, 

provided that (i) there are sufficient meteorological data to simulate the energy fluxes 

shown in Figure 2.11, and (ii) there are suitable measurements of depth-dependent 

temperature within the debris layer to parameterise the thermal conductivity of the 

debris layer.  

Figure 2.11. Surface energy balance of a debris-covered glacier. Ti, Td and Ts represent the 

temperatures of the ice, debris and debris surface respectively. The red curve represents the 

depth-dependent debris temperature profile. SW↓ and SW↑ represent the incoming and 

outgoing shortwave radiation while LW↓ and LW↑ represent the incoming and outgoing 

longwave radiation. The turbulent heat fluxes are represented by H (sensible heat flux) and 

LE (latent energy flux). 
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The accuracy of debris thicknesses simulated using SEB modelling can be 

improved by accounting for several additional factors. Firstly, the effects of the local 

and surrounding topography on the energy fluxes can be considered. For example, by 

using DEMs to simulate the spatially-varying incoming shortwave radiation that 

reaches the surface, the effects of shadowing from local features (e.g. debris mounds) 

and the surrounding topography can be accounted for (e.g. Rounce and McKinney, 

2014). Model accuracy can also be enhanced by considering the nonlinearity of the 

temperature gradient between the debris-ice interface and the debris surface. For 

example, Rounce and McKinney (2014) introduced an additional parameter to a 

debris-covered glacier SEB model, Gratio, which represents the ratio of the linear 

temperature gradient in the upper 10 cm of the debris layer to the linear temperature 

gradient through the entire debris layer. The addition of this term converts the SEB 

model from its standard linear form 

𝑑 =
𝑘𝑒𝑓𝑓(𝑇𝑠−𝑇𝑖)

𝑄𝑐
                              (2.1) 

into a nonlinear form 

𝑑 =
𝐺𝑟𝑎𝑡𝑖𝑜𝑘𝑒𝑓𝑓(𝑇𝑠−𝑇𝑖)

𝑄𝑐
                      (2.2) 

where 𝑘𝑒𝑓𝑓 is the effective thermal conductivity (W m-1 K-1), 𝑇𝑠 is the surface 

temperature (K), 𝑇𝑖 is the ice temperature (K), 𝑄𝑐 is the ground heat flux (W m-2) 

and 𝐺𝑟𝑎𝑡𝑖𝑜 is the nonlinear approximation factor (dimensionless). 

Non-SEB approaches have also been applied previously to surface temperature 

data to simulate supraglacial debris thickness. For example, Mihalcea et al. (2008) 

used a simplified method combining thermal satellite data (ASTER) with in-situ 

measurements of debris thickness to calculate the empirical relationship between 

debris thickness and surface temperature on Baltoro Glacier, Karakoram, Pakistan. 

Using this relation, Mihalcea et al. (2008) simulated spatially-distributed debris 

thicknesses across the glacier to produce a 90 m-resolution debris thickness map. An 

advantage of this method is its simplicity, and the fact that meteorological data are 
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not required. However, spatial variations in meteorological variables such as incoming 

shortwave radiation can lead to inaccuracy in simulated debris thicknesses. 

Overall, the key advantage of simulating debris thicknesses using satellite data 

is that it can provide estimates of distributed debris thicknesses over larger spatial 

scales compared to field-based measurements. However, due to the relatively coarse 

resolution of currently available thermal satellite datasets (> 60 m), the accuracy of 

debris thickness estimates can be impacted by the ‘mixed-pixel effect’ (Rounce and 

McKinney, 2014). The mixed-pixel effect describes the averaging of varying intra-pixel 

surface temperatures into a single value representing each pixel. Since the relationship 

between debris thickness and sub-debris melt rate is non-linear, this mixel-pixel effect 

impacts not only the precision of the simulated debris thicknesses, but also the 

accuracy of the sub-debris melt rates subsequently simulated using these debris 

thicknesses. As a simplified example, within a single 60 m pixel, both an ice cliff (with 

a debris thickness of 0 cm) and a thick layer of debris (40 cm) surrounding the ice cliff 

could be present. If the bare ice cliff covered 25 % of the pixel area, then a debris 

thickness of ~ 30 cm would be simulated for that pixel. Since the melt rate beneath a 

30 cm layer of debris differs from the total melt rate beneath a bare ice cliff surrounded 

by a thicker 40 cm debris layer, the simulated melt rate for this pixel would be 

impacted. If similar variations are present within the extents of many pixels, which is 

a probable scenario due to the high spatial heterogeneity of debris thicknesses on 

debris-covered glaciers (e.g. Nicholson et al., 2018), then the mixel-pixel effect can 

accumulate, impacting upon the accuracy of melt models. 

2.3.2 Techniques for measuring glacier mass changes 

Previous studies have applied field and remote sensing techniques to measure 

the mass balances of debris-covered glaciers. The mass balance of a glacier is defined 

as the difference between accumulation and ablation (Cuffey and Paterson, 2010). If 

a glacier has a positive mass balance, total accumulation outweighs total ablation, 

resulting in overall mass gain. If the total ablation of a glacier outweighs the total 

accumulation, the glacier has a negative mass balance, therefore is undergoing mass 
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loss. Processes of accumulation include snowfall, avalanches, wind-blown 

accumulation, freezing rain, basal freeze-on, hoar deposition and internal accumulation 

(freezing of water within the firn layer or ice), while processes of ablation include 

melting, calving, sublimation, avalanches and wind-blown snow loss (Cuffey and 

Paterson, 2010). 

Mass changes per unit area occur as a result of two contributions: (i) the 

surface mass balance (SMB) contribution, and (ii) the dynamic contribution. The 

SMB contribution is the balance of accumulation and ablation per unit area, while 

the dynamic contribution is the balance of incoming and outgoing ice fluxes per unit 

area (Cuffey and Paterson, 2010). Both of these processes contribute towards mass 

changes at any single point on a glacier. For example, if a greater volume of ice is 

flowing into a given area of the glacier than is flowing out, this will contribute towards 

a positive mass change within that given area. Therefore, even if there is net ablation 

occurring (the SMB contribution), the net mass balance of the area can be stable or 

positive if the dynamic mass gain is equal to or more than the net SMB contribution. 

The mass continuity equation describes the relationship between the key components 

of mass change for any given section of a glacier (Cuffey and Paterson, 2010). 

𝑏 = (
𝑑ℎ

𝑑𝑡
−

𝑄𝑖𝑛−𝑄𝑜𝑢𝑡

𝐴
) ×

𝜌𝑖

𝜌𝑤
             (2.3) 

where 𝑏 is SMB (m w.e. a-1), ℎ is ice thickness, 𝑡 is time, 𝑄𝑖𝑛 and 𝑄𝑜𝑢𝑡 are incoming 

and outgoing ice fluxes (m a-1), 𝜌𝑖 is the density of ice and 𝜌𝑤 is the density of water. 

Ablation stakes and snow pits are commonly used to collect in-situ point 

measurements of ablation and accumulation on debris-covered glaciers (e.g. Mihalcea 

et al., 2006; Pratap et al., 2017; Shah et al., 2019). Since stakes and pits are 

transported along the glacier surface with dynamic ice flow, they can be used to 

measure ablation and accumulation directly and independently from dynamic mass 

changes. However, the remote locations, challenging surface conditions and expansive 

spatial extents of most debris-covered glaciers limit the number of measurements that 

can be collected, limiting the spatial scale of field studies using these techniques. 
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Geodetic remote sensing techniques, measuring ice surface elevation changes, 

have previously been used to estimate the mass balances of debris-covered glaciers 

(e.g. Kääb et al., 2012; Gardelle et al., 2012; Brun et al., 2017; Seehaus et al., 2019; 

Shean et al., 2020). Digital elevation models (DEMs) acquired by satellites during 

different years can be differenced in order to measure the raising or lowering of glacier 

surfaces. The measured surface elevation changes, in conjunction with assumed ice 

density, can be used to approximate the net mass balance of glaciers. Due to the 

extensive spatial coverage of satellite-derived DEMs, remote sensing facilitates the 

quantification of glacier mass changes across significantly greater spatial scales. 

However, since the measured surface-elevation changes result from the combination of 

dynamic changes and SMB contributions, geodetic techniques cannot be used to 

quantify spatially-distributed ablation and accumulation rates driven by climatic 

changes. 

A handful of previous studies have estimated the separate contributions of 

SMB and ice flow dynamics towards spatially-distributed rates of mass loss (e.g. 

Gudmundsson and Bauder, 1999; Vincent et al., 2009; Berthier and Vincent, 2012). 

These studies have used surface ice velocity measurements to estimate ice fluxes and 

subtract the flux contributions from the overall mass balances to estimate distributed 

SMBs (eq. 2.3). While these studies effectively separate the signals of SMB and ice 

flow dynamics, they are limited in spatial scale (focusing on single glaciers), as the 

result of a lack, until relatively recently, of large-scale input datasets. 

Surface energy balance modelling (discussed previously in this section) can be 

used to simulate spatially distributed melt rates on debris-covered glaciers (e.g. 

Nicholson and Benn, 2006; Reid and Brock, 2010; Reid et al., 2012; Lejeune et al., 

2013; Fyffe et al., 2014; Rounce et al., 2015). The melt rate M (m s-1) can be calculated 

from the conductive heat flux 

𝑀 =
𝑄𝑚

𝜌𝑖𝐿𝑓
                   (2.4) 
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where 𝑄𝑚 (W m-2) is downward energy flux at the base of the debris layer and 

𝐿𝑓 is the latent heat of fusion (334 kJ kg-1). Since the energy flux through the debris 

layer is predominantly via heat conduction, the downward heat flux is approximated 

as the conductive heat flux (𝑄𝑐), which is calculated as the sum of all ingoing and 

outgoing energy fluxes. While a sub-daily time-step is usually used, Nicholson and 

Benn (2006) demonstrated that the model still performs well when using daily mean 

meteorological variables to calculate the conductive heat flux. This method facilitates 

the simulation of sub-debris melt rates over longer timescales with greater 

computational efficiency. 

2.3.3 Techniques for measuring the characteristics and melt patterns of 

supraglacial ice cliffs 

Supraglacial ice cliffs have previously been mapped using a range of manual 

and automated methods (e.g. Han et al., 2010; Reid et al., 2012; Reid and Brock, 2017; 

Steiner et al., 2017; Watson et al., 2017; Herreid and Pellicciotti, 2018). While manual 

delineation can often yield more precise results, it can be time-consuming and subject 

to user biases and errors. Meanwhile, automated mapping methods offer the 

advantages of eliminating user biases and reducing mapping time. Additionally, 

objective automated mapping methods have been demonstrated to successfully 

identify small features that are undetected through manual delineation (Kneib et al., 

2021). However, a disadvantage of automated methods is that they can miss abnormal 

ice cliffs which do not meet the criteria used for detection, or falsely detect other 

features with similar characteristics to ice cliffs. Therefore, manual validation and/or 

correction is usually required in order to ensure that the results are reliable. 

A number of different automated techniques have been used previously to map 

supraglacial ice cliff coverage from satellite and UAV imagery. Due to the steeply-

sloping nature of ice cliffs in comparison to their surroundings, surface slope thresholds 

have been applied to DEMs to detect cliff surfaces (e.g. Reid and Brock, 2017; Herreid 

and Pelliciotti, 2018). Kneib et al. (2021) utilised the unique spectral signatures of ice 

cliffs to detect ice cliffs on three glaciers in the Himalayas from multispectral satellite 
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imagery, using Spectral Curvature and Linear Spectral Unmixing techniques. 

Anderson et al. (2021) took advantage of the differences in image brightness between 

ice cliffs (which are covered with a thin layer of dark-coloured saturated debris) and 

the surrounding debris, using techniques of adaptive binary thresholding and Sobel 

edge delineation to detect supraglacial cliffs on the Kennicott Glacier (Alaska) from 

optical satellite imagery. Kraaijenbrink et al. (2016) applied object-based image 

analysis (OBIA) to high-resolution UAV data to semi-automatically classify 

supraglacial ice cliffs and ponds on Langtang Glacier, Nepal. This study also 

demonstrated that applying the OBIA technique to UAV imagery revealed 

approximately four times the number of supraglacial ponds identified from applying 

OBIA to 5m-resolution RapidEye satellite imagery (Kraaijenbrink et al., 2016), 

highlighting the benefits of using high-resolution imagery for detection of surface 

features. In future, with further development of automated mapping techniques and 

improvement in the resolution of satellite imagery, these techniques can be applied 

effectively to map ice-cliff coverage at a regional scale. 

Previous studies have used in-situ measurements, remote sensing techniques, 

point models and grid-based models to measure the ablation of supraglacial ice cliffs 

(e.g. Han et al., 2010; Reid and Brock, 2014; Brun et al., 2016; Buri et al., 2016; 

Steiner et al., 2017; Wigmore et al., 2017; Brun et al., 2018; Anderson et al., 2021). 

Cliff ablation rates can be quantified in three different ways: backwasting rates, 

perpendicular melt rates and vertical melt rates (Figure 2.12).  

In the field, repeat measurements of ablation stakes,  installed either vertically 

or perpendicularly into the surfaces of ice cliffs, have been used to quantify vertical or 

perpendicular melt rates (e.g. Reid and Brock, 2014; Anderson et al., 2021). 

Alternatively, to estimate ice-cliff backwasting rates, markers can be placed several 

metres behind the top edges of ice cliffs, allowing repeat measurements of the distances 

between markers and cliff edges to be made (e.g. Han et al., 2010; Figure 2.12). The 

disadvantages of these field techniques are that (i) they can only produce individual 

point measurements of cliff ablation, (ii) they are limited in spatial scale, and (iii) 

accessing cliff faces and their surroundings is often dangerous. 
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Various remote sensing techniques, including geodetic methods and 

orthomosaic comparison, can be used to quantify the retreat rate of supraglacial ice 

cliffs. For example, Brun et al. (2018) used terrestrial photogrammetry (0.1 m 

precision), UAV photogrammetry (0.2 m precision) and satellite photogrammetry from 

Pléiades (2 m precision) to measure backwasting rates on the tongue of Changri Nup 

Glacier, Nepal. Meanwhile, Wigmore et al. (2017) used UAV-derived orthomosaics 

from 2014 and 2015 to estimate the backwasting rates of ice cliffs on Llaca Glacier, 

Cordillera Blanca, the same glacier studies here in Chapters 4 and 5. When using these 

remote-sensing-based methods, the imagery needs to be georectified first, in order to 

account for effects of ice flow on ice-cliff positions (Wigmore et al., 2017). Overall, 

using remote-sensing-based methods to quantify cliff backwasting rates can provide 

spatially-continuous data (as opposed to point-based data) across greater spatial scales 

than is possible using manual field techniques.  

SEB modelling has also been used to estimate the backwasting rates of 

supraglacial ice cliffs on debris-covered glaciers. A simple model, which accounts for 

turbulent heat fluxes, in addition to shortwave and longwave radiation from the sky, 

was introduced by Sakai et al. (1998). This model was updated to account for the 

effects of shading from the surrounding topography, as well as the longwave radiation 

emitted onto cliffs from the surrounding debris (Sakai et al., 2002). In order to account 

for these effects, view factors, which describe the exposure of ice cliffs to the sky and 

Figure 2.12. Schematic diagram of ice cliff ablation measurements. Source: Han et al. 

(2010). 
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the surrounding debris, were calculated (Sakai et al., 2002). Han et al. (2010) further 

developed this approach to account for the effect of the cliff slope orientation on the 

exchange coefficient for calculating turbulent heat fluxes. This updated approach 

introduced a topographic-dependent roughness length, which is calculated based on 

wind direction and cliff slope orientation, in order to account for the fact that the 

exchange coefficient is one order of magnitude greater when the wind is perpendicular 

to a smooth surface, compared to when the wind is parallel to the surface (Han et al., 

2010). Reid and Brock (2014) further improved this method by using hourly upwelling 

longwave radiation measurements recorded by a weather station to calculate the 

debris surface temperature, which was then used to calculate the longwave radiation 

emitted by the surrounding debris, as opposed to assuming that the debris temperature 

is equal to the air temperature. This study also proposed the use of an adjusted 

roughness parameter which accounts for variations in aerodynamic roughness along 

the base-to-crest profiles of ice cliffs (Reid and Brock, 2014). Steiner et al. (2015) and 

Buri et al. (2016a) further optimised the parameterisation of longwave and shortwave 

fluxes, while Buri et al. (2016a) introduced the first grid-based model of ice cliff 

backwasting, calculating spatially-distributed melt estimates across ice cliff faces, as 

opposed to previous studies which produced point-based estimates. While results of 

this gridded model show good agreement with observations, the results are based on 

a static cliff geometry which does not change over time in response to ablation. 

Therefore, Buri et al. (2016b) introduced a 3-dimensional model which simulates cliff 

evolution through time, accounting for the effects of atmospheric forcing, ponds 

adjacent to ice cliffs and reburial of cliffs by debris. To further develop our 

understanding of ice-cliff evolution, Buri et al. (2016b) state that further high-

resolution cliff monitoring is required to gather information on a greater number of 

cliffs, representing a wider range of sites around the world, over longer (multi-annual) 

timescales. 
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2.4 UAV-based remote sensing  

This section provides an overview of UAV-based remote sensing, focusing on 

the techniques used to generate 3D models and maps which are highly valuable for 

the study of debris-covered glaciers. As Chapters 4 and 5 of this thesis centre around 

the use of visible and thermal UAV data to study debris-covered glaciers, this section 

will focus on the collection and handling of visible and thermal UAV imagery. 

2.4.1 UAV image acquisition 

In order to collect UAV imagery suitable for developing maps and 3D 

models, UAVs are flown in a grid-like pattern whilst on-board sensors capture 

images of the ground at regular intervals (Figure 2.13). The resolution of the UAV 

imagery produced is determined by the ground sampling distance, which describes 

the distance on the ground between the centre points of each pair of sequential 

pixels (Lloyd, 2013). The optimal UAV flight altitude can be calculated based on the 

required ground sampling distance, in conjunction with the resolution, angle and 

focal length of the sensor being used (Figure 2.13). The optimal flight velocity can be 

determined based on the required ‘frontlap’ (overlap between consecutive images in 

the direction of flight) and the frequency of image capture (Figure 2.13). Meanwhile, 

the ideal spacing between parallel consecutive flight lines can be calculated based on 

Figure 2.13. Schematic diagram of UAV flight parameters and on-board sensor properties. 
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the required ‘side lap’ (overlap between consecutive images perpendicular to the 

direction of flight).  

A range of flight planning applications, such as DroneDeploy, UGCS and DJI 

Go, can be used to pre-programme flight parameters and select the spatial coverage 

of surveys. Some flight planning applications, such as UGCS, offer terrain correction 

while others can only be programmed to keep the UAV at a fixed altitude relative to 

the launch point. If the option of terrain correction is available, a DEM can be 

uploaded to the software and used to alter the flight altitude continuously over the 

course of the survey. Many off-the-shelf UAVs (e.g. DJI Phantom, DJI Mavic) have 

built-in sensors, such as visible and thermal cameras, as well as built-in GNSS 

receivers. For more niche survey requirements, custom-made UAVs, with specialised 

sensors and equipment, can be used.  

UAV-mountable thermal cameras can be used to measure surface 

temperatures. Thermal cameras can be classified by two different types of detectors: 

cooled and uncooled (Kelly et al., 2019). As cooled thermal cameras have a greater 

sensitivity and accuracy, these sensors are most frequently used for remote sensing 

applications (Ribeiro-Gomes et al., 2017). However, these sensors are large and 

expensive, and have a high energy consumption, making them unsuitable for UAV-

based thermal surveying. As a result, uncooled thermal cameras, which are lighter, 

cheaper and easier to fit to UAVs, are most commonly used for UAV-based data 

collection (Ribeiro-Gomes et al., 2017). Uncooled thermal cameras have an array of 

microbolometers, which change electrical resistance in response to the absorption of 

incoming thermal infrared radiation. As these sensors are not cooled, their thermal 

measurements are more sensitive to changes to the temperature of the camera 

sensor, body and lens (Maes et al., 2017). As a result, manufacturer-reported 

temperature accuracy can be up to ± 5 °C for uncooled cameras (Kelly et al., 2019). 

Thermal cameras can also be classified as either radiometric or non-radiometric. 

Radiometric thermal cameras measure the intensity of an infrared signal and 

calculate the absolute surface temperature, based on adjustable parameters such as 

emissivity, humidity and target-sensor distance (Lloyd, 2013). Meanwhile, non-
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radiometric thermal cameras simply provide scene temperatures, which are 

represented by digital numbers as opposed to absolute temperature values (Lloyd, 

2013). The use of low-cost non-radiometric cameras can be sufficient for some 

applications such as feature detection or object counting, where only relative 

thermal maps are required, while for other applications, where absolute surface 

temperatures are required, a radiometric camera is more suitable. 

2.4.2 Georeferencing UAV imagery 

In order to use UAV imagery for photogrammetric applications, high levels of 

spatial accuracy and precision are required. While all UAVs have on-board GNSS 

receivers for navigation, these systems typically have absolute horizontal and 

vertical accuracies of ~1 m and ~ 3 m respectively. Therefore, ground control 

surveys are usually required in order to georeference the UAV imagery accurately 

(James et al., 2017). For these surveys, ground control points (GCPs, i.e. points on 

the ground for which the coordinates are known) are used. During a ground control 

survey, GCP targets are distributed across the surface of the survey area. The centre 

point of each GCP target needs to be easily recognisable from the UAV images, 

therefore, depending on the type of sensor being used, different materials or colours 

may be optimal. The coordinates of each GCP are accurately measured in-situ using 

a GNSS receiver (James et al., 2017). Subsequently, following image acquisition, the 

GCP targets within the survey area are identified within the UAV imagery, and 

their GNSS-derived coordinates are used to adjust the positioning of the imagery in 

order to provide sub-centimetre-scale spatial accuracy (James et al., 2017). 

In recent years, some UAVs have been fitted with an additional precision 

GNSS device, which can georeference images with cm-to-mm scale accuracy. The 

advantage of using this type of UAV is that it removes the need to conduct a 

ground control survey, significantly reducing the time required to conduct detailed 

surveys and reducing risks associated with dangerous conditions on the ground 

(Mulakala, 2019). These UAVs may have a post-processed kinematic (PPK) or a 

real-time kinematic (RTK) receiver on-board. Both PPK and RTK receivers collect 
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location data from satellites, but only RTK receivers are able to collect location data 

in real time from a nearby ground station (Mulakala, 2019). Since the location data 

received from satellites is affected by errors resulting from factors such as 

tropospheric delay, a maximum accuracy of ~1 metre can be obtained (Mulakala, 

2019). Therefore, when a PPK UAV is used, satellite data from a GNSS receiver are 

collected and used to apply post-flight corrections which improve the location 

accuracy to a sub-cm scale (Tomaštík et al., 2019). Meanwhile, UAVs with RTK 

receivers instantaneously correct satellite signal errors during UAV flights using the 

real-time data received from the ground station, gaining a georeferencing accuracy of 

a few centimetres (Tomaštík et al., 2019). While using an RTK UAV can be quicker 

than using a PPK UAV, as post-processing is not required, PPK UAVs are more 

reliable and provide greater flight flexibility as they are not affected by signal 

strength between the UAV and the ground station (Mulakala, 2019). Therefore, 

RTK UAVs can work well in bare areas of flat terrain where the signal is 

unobstructed, while PPK UAVs are more suitable for longer flights in mountainous 

or forested areas. 

2.4.3 Generating maps and 3D models 

In order to generate maps and models from UAV-derived images, post-

processing is required in order align, merge and georeference the imagery. These 

operations can be performed using photogrammetry software such as Agisoft or 

Pix4D. Due to the overlap between consecutive UAV images, features within the 

images are captured multiple times from different angles. Photogrammetric software 

automatically identifies, matches and aligns these features, producing a point cloud 

which is georeferenced using the ground-control-survey-derived coordinates 

associated with each individual image (Ludwig et al., 2020). Additionally, the user 

can identify GCPs from the aligned imagery and assign their measured coordinates, 

which are used by the software to automatically adjust the spatial positioning of the 

imagery (Ludwig et al., 2020). Using the point cloud produced, the photogrammetric 

software generates an orthorectified map known as an orthomosaic, which can 
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contain many different types of imagery: e.g. thermal imagery can be used to 

construct thermal orthomosaics. 

In order to map the 3D structure of the surface of a survey area, Structure-

from-Motion (SfM) Photogrammetry or Light Detection And Ranging (LiDAR) can 

be used. The SfM technique can be performed using different types of UAV imager, 

utilising the point correspondence between multiple overlapping images in order to 

triangulate and extract the 3D positions of points within the imagery (Mlambo et 

al., 2017). This technique can be used to create a map of the Earth’s surface 

elevation including all objects on the surface, known as a digital surface model 

(DSM). Meanwhile, UAV-mounted LiDAR systems operate by sending out laser 

pulses and measuring the timing and intensity of returning pulses which have been 

reflected by the ground (Wallace et al., 2012). Since it is possible for some of the 

transmitted laser beams to travel through gaps in forest canopies and other 

vegetation to reach the ground beneath and return to the UAV (Wallace et al., 

2012), LiDAR can be used not only to generate DSMs, but also topographic models 

of the bare Earth, known as digital terrain models (DTMs). Therefore, while SfM 

photogrammetry is relatively low-cost in comparison to LiDAR, the optimum 

technique for use depends on the application. 

2.4.4 Calibrating UAV imagery 

Depending on the on-board sensor used, calibration and/or correction 

procedures may need to be applied to UAV imagery to make it suitable for use in 

scientific applications. In particular, thermal UAV imagery is impacted by a range of 

external factors and sensor-related effects, including atmospheric attenuation, sensor 

bias, sensor drift, sensor stabilization, image vignetting and radiometric calibration 

(Kelly et al., 2019; Aragon et al., 2020). Therefore, several corrections and 

calibrations must be applied in order to improve the accuracy of UAV-derived 

thermal imagery. 

As discussed in Section 2.4.1, thermal cameras can be described as either 

radiometric or non-radiometric. When a non-radiometric camera is used, an 
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empirical line calibration can be performed in order to convert the camera digital 

numbers within the images to actual surface temperature values (Wang and Myint, 

2015). This technique involves the use of temperature calibration plates (TCPs), 

covering a wide range of temperatures, which are installed within the survey area. 

In-situ measurements of the TCP temperatures are performed regularly throughout 

the UAV survey and the linear relationship between the camera digital numbers of 

the TCPs (recorded by the non-radiometric thermal camera on-board the UAV) and 

the measured TCP temperatures is used to calculate surface temperatures for each 

pixel across the survey area (Kelly et al., 2019). Due to the simplicity and 

effectiveness of this method, empirical line correction is the most widely-used 

method for handling non-radiometric UAV imagery (Wang and Myint, 2015). 

However, a disadvantage of this technique is the assumption that the relationship 

between digital number and surface temperature is linear, while in fact most digital 

cameras use a curvilinear function to transform electromagnetic radiation to digital 

signals (Wang and Myint, 2015). Therefore, when possible, it is optimal to use a 

radiometric thermal camera in order to eliminate uncertainties associated with an 

empirical line calibration. 

The flux of thermal infrared radiation received by a radiometric thermal 

camera is dependent not only on the surface temperature of the target, but also the 

surface emissivity of the target (Vollmer and Möllmann, 2017). Using a user-defined 

emissivity value, thermal cameras convert the measured thermal radiation flux to a 

surface temperature value, based on the Stefan-Boltzmann law,  

𝐸 = 𝜀𝜎𝑇4                  (2.5) 

where 𝐸 is the total energy flux (W m-2), 𝜀 is the emissivity (dimensionless), 𝜎 = 5.67 

× 10–8 W m-2 K-4 is the Stefan-Boltzmann constant and 𝑇 is the absolute surface 

temperature (K). While the camera performs this calculation using a single emissivity 

value, surface emissivity values are likely vary considerably spatially. In order to 

account for emissivity variations, surface emissivity measurements can be made 
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and/or multiple emissivity values can be assigned for different surface materials (Kelly 

et al., 2019). 

Previous studies have demonstrated that atmospheric effects can result in 

significant differences between actual surface temperatures and those measured by 

thermal infrared sensors (e.g. Meier et al., 2011; Hammerle et al., 2017). For UAV-

mounted thermal cameras, these atmospheric effects include atmospheric attenuation 

of thermal radiance between the surface and the sensor, as well as upwelling thermal 

radiation originating from particles in the atmosphere (Maes et al., 2017). Both of 

these effects are primarily dependent on atmospheric water content and the distance 

from the surface to the sensor. To minimise the impacts of these factors on the surface 

temperatures recorded, thermal cameras convert measured values of at-sensor radiance 

to surface radiance, based on user-defined values for humidity, air temperature and 

sensor-target distance. However, while single user-defined values are used to represent 

these parameters, these parameters are likely to vary during single surveys, therefore 

limiting the accuracy of surface temperature values within thermal imagery. As a 

solution, radiative transfer models can be used to apply atmospheric corrections to 

the imagery based on the changing sensor-target distance, in order to minimise the 

impacts of atmospheric effects on final surface temperature values (Berni et al., 2009). 

As mentioned previously, the lightweight uncooled thermal cameras that are 

predominantly used for UAV-based data collection have lower accuracy due to the 

impact of thermal radiation emitted by the camera interior (Maes et al., 2017). 

Additionally, non-uniformity in the response signal across the sensor can contribute 

towards a reduction in the accuracy of surface temperature values within thermal 

imagery. For example, distortion caused by the lens optics can result in ‘vignetting’ 

of thermal images (Meier et al., 2011). Vignetting describes the phenomenon where 

the central portion of an image is brighter (or in the case of thermal imagery, the 

surface temperatures are higher) compared to the outside regions of the image. 

Measured temperatures need to be calibrated in order to account for the effects of 

thermal radiation emitted by the camera interior and as well as the heterogeneous 

response of individual microbolometers within the camera (Kelly et al., 2019). The 
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radiometric calibrations and non-uniformity corrections performed by thermal 

cameras should, at least partially, account for these effects but, since information 

about the algorithms used by camera manufacturers is proprietary, the extent to 

which these effects are accounted for is poorly understood (Budzier et al., 2015). 

Some thermal cameras have been found to warm up slowly after being 

switched on, causing unstable temperature measurements during the beginning of a 

thermal survey (Kelly et al., 2019). Additionally, due to external factors such as air 

temperature and wind speed, the temperature of the sensor can change, causing the 

temperatures recorded by the camera to drift (Ribeiro-Gomes et al., 2017; Kelly et 

al., 2019). To minimise these effects, Kelly et al. (2019) recommend a camera 

stabilization time of at least 15 minutes before beginning data collection, as well as 

to add a custom-built wind shield around the thermal camera and reduce the UAV 

flight velocity in order to minimise wind-related effects. 

2.5 Summary 

In chapter has introduced the key regions of study, reviewed our current 

understanding of debris-covered glaciers, highlighted some of the key knowledge gaps 

in this field, discussed the techniques that are currently used to monitor debris-covered 

glaciers and introduced the principles of UAV surveying relevant to this thesis. 

Overall, the chapter has highlighted that while understanding of debris-covered 

glaciers and techniques used to monitor them have advanced significantly over the 

past few decades, there are some key areas where further research is required. These 

research areas include: 

(i) The ‘debris cover anomaly’: 

Geodetic studies have observed similar thinning rates on debris-covered 

and debris-free glaciers in High Mountain Asia, despite the well-known 

influence of debris on ablation rates. 

(ii) Debris thickness model precision:  
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Current satellite-based techniques for simulating supraglacial debris 

thickness produce maps with relatively coarse resolution, resulting in poor 

parameterisation of debris in glaciological models. 

(iii) Ice-cliff evolution on debris-covered glaciers: 

The temporal evolution of ice cliffs and the mechanisms controlling their 

development are not well understood, particularly in low latitude regions 

such as the Cordillera Blanca. 

Chapters 3-5 of this thesis respectively address each of these research areas by: 

(a) Using a mass continuity approach incorporating remote sensing datasets in 

order to understand better the contribution of ice-flow dynamics towards 

the patterns of ice thinning observed by geodetic studies of High Mountain 

Asia (Chapter 3). 

(b) Conducting high-resolution thermal UAV surveys on a tropical debris-

covered glacier in order to simulate spatially-distributed debris thicknesses 

and sub-debris ablation rates with greater levels of precision than currently 

possible (Chapter 4). 

(c) Using high-resolution visible UAV data to investigate the characteristics 

and melt rates of supraglacial ice cliffs in the Cordillera Blanca, as well as 

the key factors controlling their evolution (Chapter 5). 
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Chapter 3 

Reversed Surface-Mass-Balance Gradients 

on Himalayan Debris-Covered Glaciers 

Inferred from Remote Sensing 

This chapter investigates the use of a mass continuity approach, in conjunction 

with satellite remote sensing datasets, to quantify the spatially-distributed surface 

mass balance of glaciers in High Mountain Asia. Within this chapter, the role of debris 

cover in controlling altitudinal ablation gradients is also explored.  

This work was published in Remote Sensing in 2020 – see Appendix 1 for a 

copy of the published journal article. This work was conducted in collaboration with 

researchers from the School of GeoSciences (University of Edinburgh) and the 

Laboratory of Hydraulics (ETH Zurich). 

Paper Details: Bisset, R.R., Dehecq, A., Goldberg, D., Huss, M., Bingham, R.G., 

Gourmelen, N. (2020) Reversed Surface-Mass-Balance Gradients on Himalayan 

Debris-Covered Glaciers Inferred from Remote Sensing. Remote Sensing. 12(10), 1563. 

https://doi.org/10.3390/rs12101563 

Author contributions: I designed the study with input from A. Dehecq, N. 

Gourmelen and D.N. Goldberg. I performed the processing, analyses and 

interpretation, with contributions from A. Dehecq, N. Gourmelen, D.N. Goldberg, 

https://doi.org/10.3390/rs12101563
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R.G. Bingham and M. Huss. The paper was written by myself and edited by all co-

authors. 

3.1 Abstract 

Meltwater from the glaciers in High Mountain Asia plays a critical role in 

water availability and food security in central and southern Asia. However, 

observations of glacier ablation and accumulation rates are limited in spatial and 

temporal scale due to the challenges associated with fieldwork at the remote, high-

altitude settings of these glaciers. Here, using a remote-sensing-based mass-continuity 

approach, we compute regional-scale surface mass balance of glaciers in five key 

regions across High Mountain Asia. After accounting for the role of ice flow, we find 

distinctively different altitudinal surface-mass-balance gradients between heavily 

debris-covered and relatively debris-free areas. In the region surrounding Mount 

Everest, where debris coverage is most extensive, our results show a reversed mean 

surface-mass-balance gradient of -0.22 ± 0.18 m w.e. a-1 (100m)-1 on the low-elevation 

portions of glaciers, switching to a positive mean gradient of 1.21 ± 0.41 m w.e. a-1 

(100m)-1 above an average elevation of 5520 ± 50 m. Meanwhile, in West Nepal, where 

debris coverage is minimal, we find a continuously positive mean gradient of 1.18 ± 

0.40 m w.e. a-1 (100m)-1. Equilibrium line altitude estimates, derived from our surface-

mass-balance gradients, display a strong regional gradient, increasing from northwest 

(4490 ± 140 m) to southeast (5690 ± 130 m). Overall, our findings emphasise the 

importance of separating signals of surface mass balance and ice dynamics, in order to 

constrain better their contribution towards the ice thinning that is being observed 

across High Mountain Asia.

3.2 Introduction 

The glaciers in High Mountain Asia collectively form the largest glacierised 

area outside the Polar Regions, covering an estimated ~118,264 km2 (RGI, 2017). 

Meltwater from these glaciers feeds into major river basins including the Indus, 
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Ganges, Brahmaputra, Yellow and Yangtze, providing water resources to 221 ± 59 

million people living in central and southern Asia (Pritchard, 2019). Furthermore, the 

melt rates of the glaciers in High Mountain Asia modify the frequency and magnitude 

of glacial-lake outburst floods, posing significant threats to downstream communities 

(Richardson and Reynolds, 2000; Veh et al., 2019; Veh et al., 2020). Quantifying and 

improving our understanding of glacier surface-mass-balance distribution across High 

Mountain Asia is critical for effective prediction and mitigation of these impacts. 

Glacier surface mass balance (hereafter SMB) is defined as the difference 

between accumulation and ablation, negative where there is net melt. Many of the 

glaciers in High Mountain Asia are characterised by supraglacial debris cover of 

varying thickness and extent, which plays an important role in modifying SMB 

through its impact on glacier ablation rates. Field-based studies have shown that a 

thin layer of supraglacial debris, less than a critical thickness of ~3-8 cm, enhances 

glacier melt rates (e.g. Kayastha et al., 2000) through a reduction in the ice-surface 

albedo, as first demonstrated experimentally (Östrem, 1959)  and more recently 

constrained from surface energy balance modelling (e.g. Lejeune et al., 2013; Rounce 

et al., 2015). In contrast, debris cover exceeding the critical thickness has the opposite 

effect, reducing ablation by insulating the ice surface (e.g. Kayastha et al., 2000; 

Nicholson and Benn, 2006; Wagnon et al., 2007; Azam et al., 2014; Pratap et al., 2015; 

Vincent et al., 2016). Other properties of supraglacial debris, such as moisture content, 

rock type and grainsize, can alter the thermal conductivity of the debris layer, 

consequently modifying the relationship between debris thickness and surface melt 

rates (e.g. Nakawo and Young, 1981; Lambrecht et al., 2011; Nicholson and Benn, 

2012). Ablation rates on heavily debris-covered glaciers are extremely difficult to 

measure, due to the challenges associated with drilling stakes through the debris layer, 

as well as the large heterogeneity of local ablation rates (e.g. Mihalcea et al., 2006; 

Vincent et al., 2016). 

Previous geodetic studies of ice-surface-elevation change have shown that, 

collectively, the glaciers in High Mountain Asia are losing mass rapidly (Kääb et al., 

2012; Gardelle et al., 2013; Brun et al., 2017; Shean et al., 2020), with a total annual 
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mass change of −19.0 ± 2.5 Gt a−1 between 2000 and 2018 (Shean et al., 2020). 

However, despite the well-known importance of debris cover, geodetic studies have 

identified no clear relationship between supraglacial debris cover and rates of ice 

thinning in High Mountain Asia (Kääb et al., 2012; Gardelle et al., 2013; Brun et al., 

2019). One factor which is likely to be contributing to this anomaly is the presence of 

supraglacial features on debris-covered ice, such as ice cliffs and meltwater ponds. 

These features enhance localised melt rates and therefore partially offset the effects of 

reduced surface melting on ice thinning rates in debris-covered areas (Sakai et al., 

1998; Brun et al., 2018; Miles et al., 2018). Another factor that is hypothesised to play 

a role in the debris anomaly is the reduced emergence velocity of debris-covered 

glaciers (Nuimura et al., 2011; Banerjee, 2017), leading to greater rates of ice-surface 

lowering compared to clean-ice glaciers. This surface lowering counteracts against the 

reduced ice-thinning rate in debris-covered areas, therefore potentially contributing 

towards the similar rates of thinning which have been observed on both debris-free 

and debris-covered glaciers (Nuimura et al., 2011; Banerjee, 2017; Nuimura et al., 

2017).  

The previously-observed ice-surface-elevation changes are a result of a 

combination of both SMB and ice dynamics, as well as other processes such as basal 

melting, internal accumulation and calving (for lake-terminating glaciers) (Cuffey and 

Paterson, 2010). Therefore, producing regional distributed SMB observations is critical 

for separating signals of climate and ice flow dynamics and better constraining the 

region-wide influence of debris cover in glaciological models. Several studies have 

shown that using the mass conservation principle, it is possible to disentangle these 

contributions towards ice-surface-elevation changes (Nuimura et al., 2011; Berthier et 

al., 2012; Nuimura et al., 2017; Brun et al., 2018; Rounce et al., 2018). Here, we present 

a methodology to calculate SMB for a larger sample of glaciers across multiple regions, 

using recently-produced spatially-extensive remote sensing datasets, based on the 

principle of mass conservation. All of the terms of the mass conservation principle are 

estimated from remote-sensing datasets (Dehecq et al., 2015; Brun et al., 2017) and 

simulated ice-thickness data (Farinotti et al., 2019). After isolating the contribution 
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of SMB towards ice thinning, we investigate the contrasting altitudinal patterns of 

SMB on debris-covered and clean-ice glaciers at a regional level.

3.3 Materials and methods 

3.3.1 Overview 

Using a mass-continuity approach, we combined existing remote-sensing 

observations and simulated datasets to derive spatially-distributed estimates of mean 

SMB over a total glaciated area of ~2000 km2 within the Pamir-Karakoram-Himalaya. 

Our computations were performed for 25 glaciers within these regions. We divided 

each glacier into sections of ~2 km in length (Figure 3.S1). For each section, we 

computed the ingoing and outgoing ice fluxes from existing feature-tracking-derived 

ice velocities (Dehecq et al., 2015) and simulated ice thickness (Farinotti et al., 2019) 

(see Section 3.3.2). We calculated mean elevation change for each section from 

previously-derived geodetic measurements (Brun et al., 2017) and, based on mass 

continuity, constrained the contribution of SMB. Using surface digital elevation 

models (Farr et al., 2007) and existing simulated debris-thickness maps (Kraaijenbrink 

et al., 2017), we analysed the dependence of SMB on elevation and debris thickness. 

We used breakpoint analyses to determine the elevations of transition points between 

different altitudinal SMB gradients for each glacier, and applied weighted regression 

models to determine the altitudinal SMB gradients below and above these elevations. 

Our mean SMB estimates were generated for the period 2000-2015, which 

aligns with the periods of the input datasets (see Section 3.3.2). We carried out our 

analyses for five regions within High Mountain Asia (Figure 3.1), which were chosen 

based on mutual availability of ice-surface velocity and elevation-change data, and to 

cover a range of meteorological and environmental conditions. The mean percentage 

debris cover for each region, computed from an existing global debris-cover-extent 

dataset (Scherler et al., 2018), is shown in Figure 3.1. The largest glaciers within each 

region were included in our analyses (Figure 3.S1), as smaller glaciers (< ~ 10 km in 

length) do not provide a sufficient number of measurements to compute SMB 
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gradients. The glacier-wide coverage of our SMB calculations was dependent on the 

availability of ice velocity data, which was often limited in coverage in high-altitude 

accumulation areas. We used our final SMB results to investigate the influence of 

supraglacial debris cover on altitudinal SMB gradients at a regional scale.  

3.3.2 Data 

The ice velocities used in this study cover the period 1999-2015 at 120 m 

resolution and were previously produced using semi-automated feature tracking, 

applied to Landsat multispectral satellite imagery (Dehecq et al., 2015). The existing 

ice-surface-elevation change dataset used in this study was derived from differencing 

of digital elevation models produced from ASTER optical satellite stereo imagery 

(Brun et al., 2017), and provides coverage for 2000-2016 at a 30 m resolution. We note 

that we used this ice-surface-elevation dataset (Brun et al., 2017) rather than the 

recently-released compilation (Shean et al., 2020), because the former aligns more 

closely with the temporal coverage of the ice velocity dataset. As a consequence, the 

Figure 3.1 Regions of study across High Mountain Asia. Coloured boxes show the five regions 

for which surface mass balance is computed: Pamir (purple), Karakoram (blue), Spiti Lahaul 

(green), West Nepal (orange) and Everest (red). Pie charts on right show the mean percentage 

of ice covered by debris (computed from an existing debris cover distribution dataset for 2013-

2017 (Scherler et al., 2018) for the glaciers analysed within each of the five study regions. 

Turquoise shaded areas show the glaciers from the Randolph Glacier Inventory v6.0 (RGI, 

2017). Blue outlined areas show the major river basins (The Global Runoff Data Centre, 2020) 

which drain meltwater from the glaciers in High Mountain Asia. 
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SMB dataset which we produced in this study is representative of the mean SMB for 

the period 2000-2015, which is covered by both the ice velocity and ice-surface-

elevation change datasets. The existing simulated ice thicknesses used in this study 

are part of a global dataset, which was produced using an ensemble of models based 

on ice-thickness inversion from surface characteristics (Farinotti et al., 2019). The 

surface elevation data used in this study are from SRTM 1 Arc-Second Global digital 

elevation data, collected in 2000 (Farr et al., 2007). The existing debris thickness 

dataset used in this study has a 30 m resolution and was simulated from thermal 

infrared Landsat 8 satellite imagery (2013-present) (Kraaijenbrink et al., 2017). This 

dataset was selected for use as it is the only regional dataset providing consistent 

coverage of debris thickness across all five study regions. 

3.3.3 Computing cross-sectional ice fluxes 

Cross-sectional ice fluxes were computed from ice velocities (Dehecq et al., 

2015) and ice thicknesses (Farinotti et al., 2019). Cross-sectional transects between 

each glacier section were demarcated with two points at the lateral edges of the glacier, 

with transects distributed at intervals of approximately 2 km along the length of each 

glacier. A spacing of approximately 2km was chosen as a compromise between 

providing a sufficient number of data points to establish trends, and averaging over a 

sufficiently long along-flow distance to prevent large correlations and potentially 

strong correlation of velocity errors. Each transect was divided into 20 segments of 

equal length. The normal velocity and ice thickness were interpolated to the midpoint 

of each segment and multiplied to compute flux. The resulting values were summed 

to compute total ice flux perpendicular to each transect. These calculations were 

carried out twice for every transect, using median velocities for two periods (1999-

2003 and 2013-2015), and the results averaged. These periods align with the temporal 

coverage of Landsat 7 (before the Scan Line Corrector failure) and Landsat 8 (Dehecq 

et al., 2015). The equation for ice flux 𝑄𝑡, where 𝑡 is 1999-2003 or 2013-2015, is thus 

      𝑄𝑡 = ∑ 𝑢𝑖ℎ𝑖𝑙𝑖
𝑛=20
𝑖=1                        (3.1) 



3.3.   MATERIALS AND METHODS 

 

 

 

where 𝑖 is the index of the segment, 𝑢𝑖 is the normal velocity interpolated to segment 

𝑖, ℎ𝑖 is the thickness interpolated to the segment and 𝑙𝑖 is the length of the segment. 

The calculated mean values of 𝑄𝑡 for each transect were used to quantify the ingoing 

and outgoing ice fluxes (𝑄𝑖𝑛 and 𝑄𝑜𝑢𝑡) for each section between every adjacent pair of 

transects (or group of 3+ transects, where tributaries are present). Depth-averaged 

velocity depends on the fraction of basal sliding which is unknown. Since the surface 

velocities are high for the observed glaciers, we assume that internal deformation 

makes a negligible contribution and hence assume that ice-surface velocity 

approximates to depth-averaged velocity. In order to test the impact of this 

assumption, we produced an additional set of surface-mass-balance estimates for the 

Gechongkang Glacier, based on a depth-averaged velocity equal to 90% of the surface 

velocity.  

3.3.4 Producing sectional surface mass balance estimates 

The ice-surface area between each pair of transects was digitised and quantified 

using glacier outlines from the Randolph Glacier Inventory v6.0 (RGI, 2017). The 

mean annual ice-surface-elevation change was calculated for each glacier section using 

glacier-wide elevation-change maps derived from digital elevation model differencing 

(Brun et al., 2017). The mean annual SMB between each pair/group of transects was 

computed using the mass-continuity method, as used by previous studies (Nuimura et 

al., 2011; Berthier et al., 2012; Nuimura et al., 2017; Brun et al., 2018; Rounce et al., 

2018): 

𝑏𝑗 = (
𝑑ℎ𝑗

𝑑𝑡
−

Q𝑖𝑛𝑗−Q𝑜𝑢𝑡𝑗

𝐴𝑗
) × 

𝜌𝑖𝑐𝑒

𝜌𝑤𝑎𝑡𝑒𝑟
             (3.2) 

where 𝑏 is the mean SMB in glacier section 𝑗, 
𝑑ℎ

𝑑𝑡
 is the mean ice-surface-elevation 

change, 𝐴 is the surface area of the section, while 𝜌𝑖𝑐𝑒 is the density of ice (920 kg m-

3) and 𝜌𝑤𝑎𝑡𝑒𝑟 is the density of water (1000 kg m-3).  
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3.3.5 Statistically approximating altitudinal gradients 

For each glacier, we used breakpoint analysis to detect transition points 

between contrasting altitudinal SMB gradients and to determine the elevation at 

which the transition point occurs. We used linear regression models, weighted by SMB 

uncertainties (discussed in Section 3.3.7), to estimate the altitudinal SMB gradients 

below and above computed breakpoint elevations. These gradients were compared to 

previously-simulated SMB gradients from a regionally-calibrated global glacier model 

used to estimate global glacier runoff changes (Huss and Hock, 2018). We computed 

mean regional breakpoint elevations as the arithmetic average of breakpoint elevations 

for each individual glacier within the region. Similarly, we computed mean regional 

altitudinal gradients above and below the breakpoint elevation using the arithmetic 

averages of the gradients for each glacier within each region. Using our collective 

dataset of sectional SMB values for each region, we used arithmetic averages to 

approximate the mean regional SMB, partitioned by elevation bands. For each glacier 

section, mean surface elevation and mean debris thickness were computed from digital 

elevation models (Farr et al., 2007) and a simulated debris-thickness dataset 

(Kraaijenbrink et al., 2017) respectively.  

3.3.6 Estimating equilibrium line altitudes 

From our generated SMB results, we calculated the equilibrium line altitude 

(ELA) for each region, which describes the mean elevation at which accumulation and 

ablation are in balance (Cuffey and Paterson, 2010). Using our regional elevation-

dependent SMB gradients, for each region we calculated the ELA value as the 

elevation at which SMB is equal to zero. We took the arithmetic mean of the ELA 

values for all glaciers analysed within each region to estimate mean regional ELAs. 

We compared our regional ELA values to previous estimates (Scherler et al., 2011; Kaäb 

et al., 2012; Gardelle et al., 2013). 
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3.3.7 Assessing uncertainties 

We assessed uncertainty in SMB through linear error propagation from errors 

in input data sets, as described by (Foresta et al., 2016). The error propagation 

involved assessment of errors for all flux estimates via Equation 1. The uncertainties 

associated with the thickness and velocity components are 25% and 5-10 m a-1 

respectively. To estimate the error of flux, 𝜀𝑄𝑡
, it was assumed that both velocity and 

thickness uncertainty have multivariate Gaussian distributions, and that each have 

exponentially decaying autocorrelations with a length scale of L = 2 km. (This was 

based on the autocorrelation of elevation differences from a previous geodetic study 

(Gardelle et al., 2013); but overall uncertainties were not found to depend strongly on 

L.) Furthermore, thickness and velocity uncertainties were assumed to be independent. 

Error in 𝑄𝑡 is thus given by 

 𝑄 = ∑ (𝑢𝑖∆ℎ𝑖)𝑙𝑖 + (ℎ𝑖 + ∆ℎ𝑖)∆𝑢𝑖𝑙𝑖
𝑛
𝑖=1             (3.3) 

where ∆ℎ𝑖 and ∆𝑢𝑖 are error in the interpolated velocity and thickness at a given 

segment i in the calculation of 𝑄𝑡. As this is a nonlinear expression of  ∆ℎ𝑖 and ∆𝑢𝑖, 

linear propagation cannot be applied. Therefore, we approximated this expression as 

                         𝜀𝑄𝑡
= ∑ (𝑢𝑖∆ℎ𝑖)𝑙𝑖 + (ℎ𝑖 + 3𝜎ℎ𝑖

 )∆𝑢𝑖𝑙𝑖
𝑛
𝑖=1            (3.4) 

where 𝜎ℎ𝑖
 is the standard deviation of the error. Although this replaces a random error 

(∆ℎ𝑖) by a nonrandom term (3𝜎ℎ𝑖
), there is a 99.8% probability that the error term 

lies within the ±3σ interval (Abramowitz and Stegun, 1965). 

Error was then propagated from the flux and elevation change estimates to 

SMB errors. The uncertainties in the computed breakpoint elevations were 

approximated as the standard error computed from the weighted breakpoint analyses. 

The uncertainties in the computed altitudinal SMB gradients were approximated as 

the standard errors associated with the coefficients of the weighted regression models.  
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3.3.8 Validating against previous findings 

In order to validate our results, we firstly directly compared our computed 

SMB gradients to gradients previously calculated from in-situ measurements for the 

benchmark Chhota Shigri Glacier, in the Spiti Lahaul region. This glacier was selected 

for validation purposes due to data availability, meeting the minimum size 

requirements for inclusion in our analyses, and the existence of a record of 

altitudinally-varying ablation stake measurements covering a similar period to that of 

our study (Wagnon et al., 2007; Azam et al., 2016). We are not aware of additional 

field-based altitudinal SMB gradients for any of the other glaciers included in our 

analyses and, since small glaciers provide an insufficient number of data points to 

compute reliable SMB gradients from our approach, we were unable to directly 

compare to smaller glaciers for which previous gradients have been estimated from in-

situ measurements. Therefore, we made additional comparisons to previously-

computed gradients for glaciers within the vicinity of the glaciers in our analyses. 

These gradients were based on in-situ measurements at the Abramov Glacier in the 

Pamir (Barandun et al., 2015), as well as the Polkalde Glacier (Sherpa et al., 2017; 

Wagnon et al., 2013) and Changri Nup Glacier (Sherpa et al., 2017) in the Everest 

region. For further validation, we compared our computed regional ELA values to 

previous values (Scherler et al., 2011; Kääb et al., 2012; Gardelle et al., 2013) which were 

estimated using different approaches: e.g. from snowline altitudes (Gardelle et al., 

2013).
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3.4 Results 

3.4.1 Regional surface mass balance results 

The mean regional SMB results, partitioned by elevation band, indicate 

distinctly different elevation-dependent SMB patterns in West Nepal, in comparison 

to those observed in the other four regions (Figure 3.2). The results show that in West 

Nepal, the lowest mean SMB values (i.e. greatest average melt rates) occur at the 

Figure 3.2. Regional elevation-dependent trends in SMB and debris thickness. (a)-(e) 

Regional mean surface mass balance, binned by elevation, for Pamir (P), Karakoram (K), Spiti 

Lahaul (SL), West Nepal (WN) and Everest (E). Horizontal bars represent standard error 

values. (f)-(j) Corresponding mean debris-thickness values (Kraaijenbrink et al., 2017).  
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lowest elevations (see Figure 3.2). In this region, the debris cover distribution is very 

low (see Figure 3.1) and the mean simulated debris thickness is < 3.5 cm in all 

elevation bands (Figure 3.2). 

Contrastingly, our results indicate that in the Pamir, Karakoram, Spiti Lahaul 

and Everest regions, the lowest mean SMB values do not occur at the lowest 

elevations. Instead, the lowest mean SMB values occur at mid-elevations (Figure 3.2). 

Within all four of these regions, there is a considerably higher debris cover distribution 

compared to West Nepal (see Figure 3.1). In addition, the mean debris thickness is 

greatest in the lowest elevation band (simulated by Kraaijenbrink et al. (2017) as >30 

cm) and decreases consistently with elevation. 

3.4.2 Altitudinal surface mass balance gradients 

Figure 3.S2 presents the individual SMB observations for every region. At a 

regional level, West Nepal shows a strong (R2 = 0.65), linear altitudinal SMB gradient 

(Figure 3.S2). Meanwhile, in the Everest, Spiti Lahaul, Karakoram and Pamir regions, 

no clear linear altitudinal gradients were detected at a regional scale (R2 = 0.14 or 

less; Figure 3.S2). However, breakpoint analysis of SMB gradients at a glacier-specific 

scale, revealed that breakpoints in altitudinal SMB profiles commonly occur within 

the Everest, Spiti Lahaul, Karakoram and Pamir regions (Table 3.S1). Below the 

elevations where these breakpoints occur, reversed altitudinal SMB gradients (where 

SMB decreases with increasing elevation) were commonly found. More specifically, 

convex breakpoints in altitudinal SMB gradients were detected for 15 out of 18 of the 

analysed glaciers within these four regions. Of the 15 glaciers where breakpoints were 

detected, 13 show negative altitudinal SMB gradients below their breakpoint 

elevation. Conversely, in the West Nepal region, where debris cover is very minimal 

(Figure 3.1), breakpoints were not detected for six of the seven analysed glaciers. 

Positive altitudinal gradients were found for all seven glaciers within this region. 

Figure 3.3 shows examples of the segmented altitudinal SMB gradients for the 

glaciers we analysed in the Everest region, with the corresponding debris-thickness 

values shown for each SMB data point. All five glaciers transition from negative 
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altitudinal-SMB gradients of between -0.54 ± 0.19 and -0.06 ± 0.10 m w.e. a-1 (100m)-

1 at low elevations to positive altitudinal-SMB gradients of between 1.01 ± 0.39 and 

1.56 ± 0.49 m w.e. a-1 (100m)-1 at high elevations. The elevations at which convex 

breakpoints were detected range from 5180 ± 40 m a.s.l. (Ngozumpa Glacier) to 5920 

± 40 m a.s.l. (Gechongkang Glacier). As shown in Figure 3.3, debris thickness 

decreases from low elevations to high elevations for every glacier within this region.  

Figure 3.3. Elevation-dependent trends in SMB and debris thickness in the Everest region. 

(a) Locations of the five largest glaciers surrounding Mount Everest (blue triangle). (b-f) 

Altitudinal surface-mass-balance trends for these glaciers. Vertical bars represent (1σ) 

uncertainties in the computed SMB values, estimated using a linear propagation of errors. 

Corresponding debris thickness values (Kraaijenbrink et al., 2017) are represented on all panels 

with the colour scale on right. Dotted black lines represent our computed altitudinal SMB 

gradients, with corresponding R2 values of the combined linear trends shown. The values of 

these gradients and their uncertainties are shown in Table 3.S1. Blue dotted lines represent 

previously-simulated SMB gradients from a regionally-calibrated global glacier model ignoring 

the effect of supraglacial debris (Huss and Hock, 2018). 
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Table 3.1 shows the mean regional breakpoint elevations and SMB gradients, 

which were computed from the glacier-specific results for each region. In the Pamir, 

Karakoram, Spiti Lahaul and Everest regions, we found regional mean SMB gradients 

of between -1.87 ± 2.57 and -0.17 ± 0.30 m w.e. a-1 (100m)-1 below breakpoint 

elevations, with a transition to mean gradients of between 0.81 ± 0.34 and 1.21 ± 0.41 

m w.e. a-1 (100m)-1 above breakpoint elevations (Table 3.1). The results show that the 

regional breakpoint elevation varies considerably between regions. The lowest mean 

regional breakpoint elevation of 3680 ± 290 m a.s.l. is found in the Pamir while the 

highest breakpoint elevation of 5520 ± 50 m a.s.l. is found in the Everest region.  

Our results also indicate considerable intra-regional variability in both the 

breakpoint elevation and the magnitude of the reversed gradients within each of the 

Everest, Spiti Lahaul, Karakoram and Pamir regions, with the latter ranging over as 

Region Mean breakpoint 

elevation (m) 

Mean elevation-dependent SMB gradient (m w.e. a-1 (100m)-1) 

Below breakpoint 

elevation 

Above breakpoint 

elevation 

R2 value 

Pamir 3680 ± 280 -1.87 ± 2.57 1.01 ± 0.88 0.47 

Karakoram 3860 ± 220 -1.04 ± 2.08 1.05 ± 0.59 0.22 

Spiti Lahaul 4890 ± 100 -0.17 ± 0.30 0.94 ± 0.55 0.63 

West Nepal Not found 1.18 ± 0.41 0.74 

Everest 5520 ± 50 -0.21 ± 0.18 1.21 ± 0.41 0.56 

Table 3.1. Regional mean altitudinal SMB gradients and breakpoint elevations. The mean 

elevations at which convex breakpoints in the elevation-dependent SMB trends were detected 

from breakpoint analyses are displayed for each region, excluding West Nepal, where 

breakpoints were absent for the majority of glaciers (Table 3.S1). For the Pamir, Karakoram, 

Spiti Lahaul and Everest regions, where breakpoints were detected for the majority of 

glaciers (Table 3.S1), we display the mean altitudinal SMB gradients below and above the 

breakpoint elevation. These gradients represent the average of glacier-specific gradients 

computed from breakpoint analyses (Table 3.S1) within each region, and exclude glaciers 

where breakpoints were not detected. For these regions, we also report the mean R2 values 

arising from the breakpoint analyses, excluding glaciers where breakpoints were not detected. 

For West Nepal, where breakpoints were not detected for the majority of glaciers, we display 

the mean continuous altitudinal gradient (and its associated R2 value), which represents the 

average of the glacier-specific gradients computed from linear regression, excluding the single 

glacier for which a breakpoint was not detected. Error values reported are the mean standard 

error values associated with the gradients computed from linear regression (for West Nepal) 

and breakpoint analyses (for the other four regions). 
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much as two orders of magnitude (Table 3.S1). This variability precludes any clear 

region-wide elevation-dependent SMB gradients in these regions (as opposed to in 

West Nepal, Fig A2). We do see more conformity in above-breakpoint mass-balance 

gradients, however (Fig. A2).  

3.4.3 Equilibrium line altitudes 

From our regional mean altitudinal SMB gradients (Table 3.1), we estimate 

regional ELA values of between 4490 ± 140 m (Pamir) and 5700 ± 60 m (Everest), 

as shown in Figure 4. Our ELA values generally increase from the northwest to the 

southeast of the mountain belt. The exception to this trend is that we observe a 

slightly higher ELA in West Nepal than in Everest to its southeast. A comparison of 

our ELA values against previous estimates (Scherler et al., 2011; Kääb et al., 2012; 

Gardelle et al., 2013) is shown in Figure 3.4. The uncertainty range of all of our 

estimated ELA values fall within the error bounds of the ELA values previous 

estimated from snow line altitudes (Gardelle et al., 2013). 

Figure 3.4. Regional equilibrium line altitudes in Pamir-Karakoram-Himalaya. Coloured 

symbols show regional mean equilibrium line altitudes (ELAs) calculated by previous studies 

(Scherler et al., 2011, Kääb et al., 2012; Gardelle et al., 2013) and our study. Coloured 

shaded areas enclose the ELA values for each of the five study regions, from northwest (left) 

to southeast (right). 
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3.5 Discussion 

3.5.1 Influence of supraglacial debris cover 

The reversed altitudinal SMB gradients observed at low elevations in the 

Pamir, Karakoram, Spiti Lahaul and Everest regions (Table 3.1; Figure 3.3) are likely 

attributable to the effects of supraglacial debris cover. As discussed previously, 

numerous field-based studies have shown that supraglacial debris cover significantly 

influences glacier melt rates: a thin layer of debris enhances melt rates while a thicker 

layer of debris (exceeding a critical thickness of ~ 3-8 cm) reduces melt rates (e.g. 

Östrem, 1959; Kayastha et al., 2000; Nicholson and Benn, 2006; Shea et al., 2015). 

Near the termini of the glaciers in our analyses, where debris-cover is thickest, the ice 

surface is likely to be insulated the most. As a result, the ablation rate is reduced and 

the SMB is raised (Figure 3.3). As elevation increases up-glacier from the snout, debris 

thickness decreases, therefore reducing the insulation effect. As a result, melt rates are 

enhanced up-glacier from the terminus, therefore contributing towards the reversed 

SMB gradients (Figure 3.3). Furthermore, as the debris thins to below the critical 

thickness, the albedo effect is likely to dominate, therefore further enhancing melt 

rates and contributing towards the lowest mean SMB values being observed at mid-

elevations (Figure 3.2). 

The strong region-wide linear correlation between elevation and SMB for the 

relatively debris-free glaciers in West Nepal (Table 3.2; Figure 3.S2), suggests that 

where debris cover is largely absent, SMB is dominated by altitudinal climatic 

gradients. As a result, the lowest mean SMB values (i.e. greatest melt rates) occur at 

the lowest elevations in this region (Figure 3.2). The absence of negative altitudinal-

SMB gradients in West Nepal also provides further evidence that the negative 

gradients observed in the Pamir, Karakoram, Spiti Lahaul and Everest regions can be 

attributed to supraglacial debris cover. 

The intra-regional variations in breakpoint elevations and altitudinal gradients 

observed within the Pamir, Karakoram, Spiti Lahaul and Everest regions (Figure 3.3; 

Table 3.S1) seem to preclude any strong region-wide relationships between elevation 
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and SMB (Figure 3.S2), despite strong correlation at the scale of individual glaciers. 

This variation could potentially arise from variations in supraglacial debris coverage. 

Differences in debris thickness distribution, as well as local debris properties such as 

lithology, grainsize and moisture content, may be contributing towards the contrasting 

breakpoint elevations and magnitudes of reversed altitudinal SMB gradients observed 

within these regions. Supraglacial ice cliffs and ponds can also influence the SMB of 

debris-covered glaciers by creating localised areas of enhanced melting (Sakai et al., 

1998; Banerjee, 2017; Brun et al., 2018; Miles et al., 2018). Therefore, it is possible 

that these features could also partially explain the heterogeneity observed between 

debris-covered glaciers. However, this is only speculative, and further detailed 

investigations of relationships between debris characteristics and altitudinal SMB 

gradients are required to gain a better understanding of these variations in reversed 

gradients. 

3.5.2 Contribution of glacier dynamics 

Our results enabled us to separate the relative contributions of SMB and ice 

dynamics towards ice-surface thinning. There is a considerable difference between our 

SMB estimates (black dotted line, Figure 3.5) and observed ice-surface-elevation 

change (white dotted line). This difference represents the ice emergence velocity 

calculated from the mass convergence/divergence. At low elevations, where we observe 

a low ablation rate, the emergence velocity is also low (Figure 3.5), as also indicated 

by previous studies (e.g. Rowan et al., 2015; Anderson and Anderson, 2016; Banerjee, 

2017; Brun et al., 2018). This can be explained by the low slope and velocity gradient 

that are characteristic of the stagnant tongues of debris covered glaciers. Further up-

glacier near the breakpoint elevation, where melt rates are high, the emergence velocity 

is also high (see Figure 3.5). This is a consequence of the mass convergence at the 

transition between the stagnant tongue and the steeper debris-free part of the glacier. 

The reversed SMB gradient in the lower part of the glacier likely helps to maintain 

this mass convergence, by causing an inflexion of the glacier surface at its middle 

elevation. As a consequence, the surface elevation change, which is the sum of these 

two opposite processes of melt and emergence, shows a smooth trend along the length 
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of the glacier, as observed by geodetic studies. Our results demonstrate the importance 

of ice dynamics in explaining the apparent contradiction between the reversed 

altitudinal SMB gradients expected on debris-covered ice and the relatively 

stable/positive altitudinal ice-surface-elevation-change gradients observed by geodetic 

studies. 

3.5.3 Role of glacier surging 

Referring to a recent inventory of surging glaciers (Sevestre and Benn, 2015), 

all of the glaciers which we have analysed in the Pamir and Karakoram are surge-type 

Figure 3.5. Comparison of surface mass balance and ice-surface-elevation change. (a)-(e) show 

the contrasting altitudinal patterns of SMB (black) and ice-surface-elevation change (white) 

for the five largest glaciers surrounding Mount Everest. Each point represents the mean SMB 

/ ice-surface-elevation change value computed for each ~2km sub-section of each glacier. 

Vertical bars represent (1σ) uncertainties in the computed SMB values, estimated using a 

linear propagation of errors.  
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glaciers or have been exhibiting large velocity change during the study period. Surging 

behaviour can result in temporal variability in ice thickness and velocity (e.g. Meier 

and Post, 1969; Paul, 2020), therefore it is likely that this behaviour may be 

complicating the SMB trends and contributing towards the generally weaker R2 values 

in the Pamir and Karakoram. An implicit assumption of our study is that the ice 

fluxes are in balance with the SMB gradient, but this is not the case for surging 

glaciers. Further investigation is required in the future in order to isolate signals of 

glacier surging, allowing us to gain more accurate representations of altitudinal SMB 

gradients in regions where surge-type behaviour is occurring. 

3.5.4 Validation of SMB gradients with previous in-situ measurements 

 For the benchmark Chhota Shigri Glacier in Spiti Lahaul, we computed an 

above-breakpoint altitudinal SMB gradient within 7-12% of the gradients previously 

measured in the field on the debris-free portion of this glacier (see Table 3.2). For 

Kangshung and Ngozumpa Glaciers in the Everest region, we computed above-

 Measurement 

period 

Elevation 

range (m) 

Altitudinal surface-mass-balance gradient  

(m w.e. a-1 (100m)-1) 

  Spiti Lahaul Everest Pamir 

Our study 2000-2016 

 

4570-5180 

5420-5750 

0.74 ± 0.14 (CS) 

- 

- 

1.12 ± 0.24 (K) 

- 

- 

  5180-5230 - 1.56 ± 0.49 (N) - 

  3400-4020 - - 0.74 ± 0.90 (F) 

Azam et al. 

(2016) 

2002-2014 4400-5200 0.66 ± 0.09 (CS) - - 

Wagnon et al. 

(2007) 

2002-2006 4400-4900 0.69 (CS) - - 

Sherpa et al. 

(2017) 

2010-2015 

2009-2015 

5330-5690 

5430-5690 

- 1.47 (WCN) 

1.37 (P) 

- 

Wagnon et al. 

(2013) 

2009-2012 5500-5600 - 1.51 (P) - 

Barandun et 

al. (2015) 

2011-2015 3720-4400 - - 1.02 ± 0.05 (A) 

Table 3.2. Comparison of altitudinal SMB gradients with previous field-based findings. The 

altitudinal SMB gradients computed above the breakpoint elevation for selected glaciers within 

the Spiti Lahaul, Everest and Pamir regions are shown. Gradients previously estimated by 

field-based studies (Wagnon et al., 2007; Wagnon et al., 2013; Barandun et al., 2015; Azam et 

al., 2016; Sherpa et al., 2017) for debris-free ice in the ablation area are also shown for glaciers 

within these regions. The measurement periods and elevation ranges associated with each 

gradient are indicated. The initials provided after each SMB gradient represent Chhota Shigri 

(CS), Kangshung (K), Ngozumpa (N), West Changri Nup (WCN), Pokalde (P), Fortambek 

(F) and Abramov (A). WCN is located ~10 km east of N and ~15 km west of K. P is located 

~15 km southeast of N and ~15 km southwest of K. A is located ~70 km northwest of F. 
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breakpoint altitudinal gradients with differences of between 3% and 26% compared to 

previously-derived gradients for clean ice on West Changri Nup and Pokalde Glaciers, 

which are both located in between Kangshung and Ngozumpa Glaciers. For Fortambek 

Glacier in the Pamir, we computed an above-breakpoint gradient 27% lower than the 

field-based gradient for the Abramov Glacier, located approximately 70 km northwest 

of Fortambek Glacier. As shown in Figure 3.4, the ELA values estimated from our 

SMB gradients are comparable to those calculated by previous studies (Scherler et al., 

2011; Kääb et al., 2012; Gardelle et al., 2013), and follow a similar northwest-southeast 

increasing trend.  

3.5.5 Limitations and future directions 

While the ensemble approach used to simulate ice thickness minimises errors 

in the input ice thickness dataset, there are still considerable uncertainties associated 

with ice thickness inversion (Farinotti et al., 2019). These uncertainties are likely to 

have an impact on the accuracy of our results and we have accounted for these errors 

where possible. However, the improvement of ice thickness estimations in the future 

will increase the potential of this approach to produce better-resolved estimates of 

distributed SMB. 

Our approach is also part limited by the inability to sample SMB in high-

altitude accumulation areas, due to larger uncertainties in ice velocities associated 

with feature-tracking in snow-covered areas (Dehecq et al., 2015). Additionally, it is 

difficult to resolve accurately the SMB gradients of small glaciers < ~ 10 km in length, 

due to poorer signal-noise relationships and a lack of sufficient data points to 

accurately predict SMB gradients. The coverage of high-altitude areas and smaller 

glaciers can be improved in the future with the improvement of optical-satellite-

imagery resolution (Millan et al., 2019) and the enhancement of feature-tracking 

algorithms. 

There are also some uncertainties associated with the depth-dependence of ice 

velocities used to compute SMB, which can vary in space over a single glacier. Testing 

our depth-averaged velocity assumption for Gechongkang Glacier indicated that 
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changing the depth-averaged velocity from 100% to 90% of the surface velocity, 

resulted in an average change of 0.05 m w.e. a-1 in our absolute SMB values (equivalent 

to an average change of 5%). Gechongkang glacier was selected for testing purposes 

as we produced a high number of sectional SMB estimates for this large glacier, making 

it optimal for comparison between different sets of SMB estimates. While the effects 

of this assumption are relatively small, the associated uncertainties can be reduced in 

future with better knowledge of spatially-distributed depth-dependences of mountain 

glacier velocities. 

We recognise that there are some significant uncertainties associated with the 

debris-thickness model used in this study, associated with the coarse resolution of 

thermal infrared satellite imagery, as well as high temporal and spatial variabilities in 

surface temperatures and vertical debris-temperature profiles (Foster et al., 2012; 

Rounce et al., 2018). A further limitation is that since we compute the mean debris 

thickness for each glacier section, we do not account for small-scale variations in debris 

thickness, which have been demonstrated to often be highly heterogeneous (e.g. 

Nicholson and Benn, 2018). These local-scale variations lead to the formation of 

supraglacial features, which result in significant variations in melt rates over small 

spatial scales (Brun et al., 2018; Miles et al., 2018). As previously discussed, it is likely 

that these localised melt variations may be contributing towards the heterogeneity in 

our SMB gradients. It is also possible that the debris cover distribution and thickness 

may have evolved over the course of our study period (Kirkbride and Deline, 2013; 

Rowan et al., 2015). However, significant changes generally occur over multi-decadal 

timescales (Rowan et al., 2015), therefore it is unlikely that the position of the 

transition zone between thin debris (below the critical thickness) and thicker debris 

shifted significantly during our study period. 

A significant challenge associated with our approach is the highly branching 

nature of the glaciers that we analysed. Due to the presence of many glacier 

tributaries, only a semi-automated approach was possible, involving manual matching 

of ingoing/outgoing ice fluxes with corresponding glacier tributary sections. The 

development of a fully-automated approach, for example using flow lines to assign 
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fluxes to corresponding tributary sections, would allow a greater spatial coverage of 

distributed SMB and an expansion of our approach to further regions across High 

Mountain Asia. 

Due to the uncertainties associated with the datasets produced in this study, 

we advocate that further field-based data acquisition is critical in order to validate 

remote-sensing-based observations thoroughly, and to facilitate accurate upscaling of 

SMB estimates over wider spatial scales.

3.6 Conclusions 

In this paper, we have presented an approach for producing spatially-

distributed estimates of glacial surface mass balance from remote-sensing observations, 

based on the principle of mass continuity. We applied our approach to the largest 

glaciers within five key regions of the Pamir-Karakoram-Himalaya. Each glacier was 

divided into sections of approximately 2 km in length and, using satellite-derived ice 

velocities and simulated ice thicknesses, we computed the ingoing and outgoing ice 

fluxes for each of these sections. Using geodetic measurements, we calculated mean 

sectional ice-surface-elevation changes and subsequently isolated the contribution of 

surface mass balance towards ice thinning rates using mass continuity. Using 

breakpoint analyses and regression models, we produced estimates of altitudinal 

surface-mass-balance gradients and equilibrium line altitudes for each of the five study 

regions. Our results show reversed altitudinal surface-mass-balance gradients in the 

lower-elevation portions of debris-covered glaciers, with a transition to positive 

surface-mass-balance gradients at higher elevations. In contrast, our results show 

continuously positive altitudinal surface-mass-balance gradients on debris-free glaciers. 

This demonstrates that there are important differences in altitudinal ablation trends 

between debris-covered and debris-free glaciers which were not previously visible from 

geodetic mass balance datasets. These differences in surface mass balance are likely 

offset by differences in ice dynamics, leading to similar thinning rates for debris-

covered and clean-ice glaciers being observed by remote sensing. Our results show a 

regional equilibrium-line-altitude spatial gradient, with values increasing from the 
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northwest to the southeast. In future, with the generalisation and refinement of ice-

velocity measurements and glacier thickness datasets, our operational approach can 

be developed and applied to glacierised mountain regions worldwide, providing the 

opportunity to uncover regional-scale surface-mass-balance patterns in areas where 

scale and location create challenges in field-based data acquisition.

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



                 CHAPTER 3: REVERSED SMB GRADIENTS ON HMA GLACIERS 

 

69 

 

3.7 Supplement 

Table 3.S1. Glacier-specific altitudinal SMB gradients and breakpoint elevations for all glaciers 

analysed. Glacier-specific results of the breakpoint analysis of elevation-dependent SMB are 

displayed for every glacier analysed within each of the five study regions. For each glacier, the 

elevation at which a breakpoint in elevation-dependent SMB occurs is shown, as well as the 

altitudinal SMB gradient for ice at elevations below and above the breakpoint elevation. Error 

values reported are the standard errors associated with the breakpoint analysis and altitudinal SMB 

regression trends. The RGI codes for each glacier are shown, as well as the elevation ranges and 

areas covered by each glacier, as reported by the Randolph Glacier Inventory v6.0. 

 

 

 

 

 

 

Glacier RGI 6.0 

ID 

Area 

(km2) 

Elevation 

range (m) 

Breakpoint 

elevation 

(m) 

Elevation-dependent SMB gradient 

(m w.e. a-1 (100m)-1) 

 Below B.P. 

elevation 

Above B.P. 

elevation 

R2 

Pamir 

Fortambek 13.19750 40.2 2930-6283 3400 ± 210 -2.04 ± 2.28 0.74 ± 0.90 0.27 

Grumm-

Grzhimaylo 

13.13574 152.1 3615-6814 4020 ± 400 -1.77 ± 4.85 1.17 ± 1.12 0.24 

Fedchenko 13.54431 663.7 2908-7392 3620 ± 240 -1.80 ± 0.58 1.13 ± 0.61 0.90 

Garmo 13.19758 129.4 2976-6712 Not found 0.32 ± 0.13 0.34 

Karakoram 

Hispar 14.04477 495.6 3110-7794 4230 ± 120 -0.62 ± 0.34 1.34 ± 0.72 0.23 

Biafo 14.00005 559.8 3045-7148 3560 ± 310 -1.65 ± 4.00 1.50 ± 0.91 0.29 

Baltoro 14.06794 809.1 3385-8569 3790 ± 230 -0.84 ± 1.89 0.30 ± 0.14 0.15 

Siachen 14.07524 1078.0 3596-7579 Not found -0.48 ± 0.06 0.75 

Spiti Lahaul 

Samudra Tapu 14.15613 80.0 4237-6098 4750 ± 220 0.27 ± 0.48 0.97 ± 0.32 0.48 

Bara Shigri 14.15447 112.4 3931-6309 5460 ± 90 0.02 ± 0.03 1.26 ± 0.75 0.58 

Tichu Glacier 14.16068 24.8 4154-5875 4770 ± 50 -0.02 ± 0.08 0.78 ± 0.37 0.49 

Sara Umga 14.16065 33.2 3835-5994 Not found 0.31 ± 0.10 0.39 

Chhota Shigri 14.15990 16.8 4280-5764 4570 ± 50 -0.93 ± 0.59 0.74 ± 0.14 0.96 

West Nepal 

CN5O257E0002 15.11019 20.8 5032-6333 Not found 0.59 ± 0.17 0.75 

CN5O257D0011 15.11003 28.6 5185-6635 Not found 1.41 ± 0.53 0.59 

CN5O257D0018 15.10994 29.9 5107-6501 Not found 2.36 ± 0.86 0.78 

CN5O257D0003 13.26906 6.5 5355-6466 Not found 0.71 ± 0.25 0.74 

CN5O257D0006 15.11011 7.2 5285-6399 Not found 0.47 ± 0.17 0.80 

CN5O257D0001 13.26909 3.6 5387-6222 Not found 1.54 ± 0.45 0.75 

CN5O257D0005 13.26904 7.2 5308-6252 5590 ± 20 0.03 ± 0.41 4.73 ± 1.02 0.98 

Everest 

Rongbuk 15.09991 73.2 5155-7947 5680 ± 40 -0.18 ± 0.13 1.05 ± 0.20 0.72 

Ngozumpa 15.03473 61.1 4702-8181 5180 ± 40 -0.54 ± 0.19 1.56 ± 0.49 0.51 

Kangshung 15.09803 64.4 4587-8799 5420 ± 50 -0.06 ± 0.10 1.12 ± 0.24 0.70 

Bhote Koshi 15.03422 27.2 4787-6550 5390 ± 70 -0.09 ± 0.09 1.33 ± 0.71 0.40 

Gechongkang 15.09921 47.1 5328-7927 5920 ± 40 -0.20 ± 0.39 1.01 ± 0.39 0.47 
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Table 3.S2. Regional ELA estimates. Estimated ELAs (and standard errors) computed in this 

study are shown for each of the five study regions. Other previous estimates for these regions are 

also shown. 

 

 

 

Figure 3.S1 Detailed breakdown of study sites and glacier sampling method. The coloured areas in 

(c)-(g) show the glacier areas which were monitored in each of the five study regions shown in (a). 

Labels P, K, SL, WN and E denote Pamir, Karakoram, Spiti Lahaul, West Nepal and Everest. (b) 

shows an example of the flux gates (black cross-sectional lines) used for Baltoro Glacier, shown in 

subset K1 in (d). For the area between each set of two or more flux gates (depending on the presence 

of tributaries), SMB is computed using the mass continuity method. Background DEMs are from 

Shuttle Radar Topography Mission. 

 ELA estimates (m) 

Our study Gardelle et al. 

(2013) 

Kääb et al. 

(2012) 

Scherler et al. 

(2011) 

Pamir 4490 ± 140 4580 ± 250 - - 

Karakoram 4720 ± 240 5030 ± 280 5540 4845 

Spiti Lahaul 5170 ± 140 5390 ± 140 5500 5103 

West Nepal 5700 ± 60 5590 ± 138 - - 

Everest 5690 ± 130 5840 ± 320 5550 5700 



                 CHAPTER 3: REVERSED SMB GRADIENTS ON HMA GLACIERS 

 

71 

 

Figure 3.S2 Detailed breakdown of glacier-specific SMB observations within each region. 

Elevation-dependent SMB observations for every glacier analysed within West Nepal (WN), Everest 

(E), Spiti Lahaul (SL), Karakoram (K) and Pamir (P) are shown in (a)-(e). Each glacier within 

each region is shown in a different colour. RGI codes for each glacier and its corresponding colour 

are shown within the legend in (f). Error bars show uncertainties associated with SMB estimates. 

Dashed grey lines show regional simple linear regression trends, which were calculated from all 

points combined within each region and weighted by SMB uncertainties. The R2 values associated 

with each linear regression trend are also shown. 
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Chapter 4 

Using thermal UAV imagery to simulate 

distributed debris thicknesses and sub-

debris melt rates at Llaca Glacier, 

Cordillera Blanca, Peru 

This chapter tests the use of UAV-derived thermal imagery to simulate the spatially-

distributed thickness of the supraglacial debris layer. Additionally, using the debris 

thickness produced, distributed sub-debris melt rates are simulated for a portion of 

Llaca Glacier tongue, to investigate the potential role of debris cover in modifying 

downstream hydrological discharge. This work was conducted in partnership with the 

project CASCADA (CAscading impacts of peruvian glacier Shrinkage on 

biogeochemical Cycling and Acid Drainage in Aquatic ecosystems), funded by the 

Newton Fund, the Natural Environmental Research Council (NERC) and Consejo 

Nacional de Ciencia, Tecnología e Innovación Tecnológica (CONCYTEC). 

Additionally, this work involved collaboration between The University of Edinburgh, 

Victoria University of Wellington, Universidad Peruana Cayetano Heredia and the 

University of Bristol. 

Paper details: Bisset, R.R., Nienow, P.W., Goldberg, D.N., Wigmore, O., Loayza-

Muro, R.A., Wadham, J.L., Macdonald, M.L., Bingham, R.G. (2021) Using thermal 
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UAV imagery to simulate distributed debris thicknesses and sub-debris melt rates at 

Llaca Glacier, Cordillera Blanca, Peru. Journal of Glaciology (in review). 

Author contributions: I designed the study, with support from P.W. Nienow, D.N. 

Goldberg and R.G. Bingham. I planned and conducted the UAV surveys, with advice 

from O. Wigmore and field support from M.L. Macdonald. and R.A. Loayza-Muro. I 

processed and analysed the data and wrote the manuscript, which was edited by all 

co-authors.  

4.1 Abstract 

Supraglacial debris cover regulates the melt rates of many glaciers in 

mountainous regions around the world, thereby modifying the availability and 

quality of downstream water resources. However, the influence of supraglacial debris 

is often poorly parameterised within glaciological models, due to the absence of a 

technique to provide high-precision, spatially-continuous measurements of debris 

thickness. Here, we use high-resolution UAV-derived thermal imagery, in 

conjunction with local meteorological data, visible UAV imagery and vertically-

profiled debris temperature time-series, to simulate the spatially-distributed debris 

thickness across a portion of Llaca Glacier in the Cordillera Blanca of Peru. Based 

on our results, we simulate daily sub-debris melt rates over a 3-month period during 

2019. We demonstrate that, by effectively calibrating the radiometric thermal 

imagery and accounting for temporal and spatial variations in meteorological 

parameters during UAV surveys, thermal UAV data can be used to better represent 

the highly heterogeneous patterns of debris thickness and sub-debris melt on debris-

covered glaciers. Additionally, our results indicate a mean sub-debris melt rate 

nearly three times higher than the mean melt rate simulated from satellite-derived 

debris thicknesses, emphasising the importance of acquiring further high-precision 

debris thickness data for the purposes of investigating glacier-scale melt processes 

and calibrating regional melt models.
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4.2  Introduction 

More than a quarter of the Earth’s tropical glaciers are located in the 

Cordillera Blanca mountain range of Peru (RGI 6.0, 2017; Figure 4.1). The 

meltwater from these Peruvian glaciers feeds into the Rio Santa river basin, 

providing water resources to ~250,000 people living in the Ancash region of Peru 

(Mark et al., 2010). The glaciers of the Cordillera Blanca have shown consistently 

negative mass balances and significant reductions in spatial coverage over the past 

decades. For example, Silverio and Jaquet (2017) reported that the total area 

covered by these glaciers shrunk by 46% between 1930 and 2017, while Veettil 

(2018) indicated an area loss of 33.5% between 1975 and 2016. Rabatel et al. (2012) 

found an average mass balance of -0.76 m w.e. a-1 between 1976 and 2010, while 

Seehaus et al. (2019) reported a mass balance of -0.236 ± 0.042 m w.e. a-1 between 

2000 and 2016. Glacial retreat in the Cordillera Blanca is impacting agriculture and 

drinking water supplies in the region not only by modifying the quantity of water 

available, but also negatively impacting the water quality via acid rock drainage due 

to enhanced weathering of metal- and sulphide-rich bedrock (Fortner et al., 2011; 

Guittard et al., 2017; Mark et al., 2017). Many of the glaciers within this region are 

mantled with a layer of supraglacial debris (Seehaus et al., 2019), which originates 

from glacial headwalls and is transported englacially to the ablation zone, where it 

re-emerges due to surface melting and emergent ice flow (Kirkbride and Deline, 

2013; Rowan et al., 2015). Supraglacial debris is likely to be impacting both the 

retreat rate and the melt rate of these glaciers, thereby influencing downstream 

water toxification and long-term water resource depletion.  

A key factor controlling the melt rate of debris-mantled glaciers is the 

supraglacial debris thickness. Previous studies have shown that if the debris layer is 

thinner than a critical thickness, sub-debris melt rates are enhanced while, if the 

debris layer is thicker than the critical thickness, sub-debris melt rates are reduced 

through ice-surface insulation (e.g. Östrem, 1959; Nicholson and Benn, 2006; Vincent 

et al., 2016; Anderson et al., 2021). Furthermore, supraglacial ice cliffs and 
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meltwater ponds, which are often abundant on debris-covered glaciers, create 

localised areas of enhanced ablation, further complicating the melt patterns on 

debris-covered glaciers (e.g. Sakai et al., 2000; Buri et al., 2016; Steiner at al., 2018). 

As the thickness of the debris layer and the presence of supraglacial features can 

change significantly over small spatial scales (e.g. Zhang et al., 2016; McCarthy et 

al., 2017; Nicholson et al., 2018), precisely mapping the debris thickness distribution 

is critical for effectively simulating their melt rates and meltwater contribution. 

Other debris characteristics, including moisture content, grain size and lithology can 

affect the relationship between debris thickness and sub-debris melt rate, by altering 

the thermal conductivity of the supraglacial debris (e.g. Nakawo and Young, 1981; 

Nicholson and Benn, 2012). Therefore, it is also important to quantify the thermal 

conductivity of the debris layer in order to effectively simulate sub-debris glacial 

melt rates with a high degree of accuracy. 

Debris thickness can been measured in situ by manual excavation through 

the debris layer to the debris-ice interface (e.g. Reid et al., 2012). However, such 

measurements are limited in scale, due to the challenges associated with accessing 

and navigating the surface of debris-covered glaciers. More recently, structure-from-

motion via terrestrial photogrammetry has been used to quantify the debris 

thickness exposed above ice cliffs (Nicholson and Mertes, 2017), while ground-

penetrating radar (GPR) has been used to quantify debris thicknesses over glacier 

surface transects (McCarthy et al., 2017). While these techniques have yielded 

greater spatial coverage compared to manual excavations, neither provide spatially-

complete, three-dimensional debris thickness observations. Additionally, since cliff-

top debris thicknesses can differ considerably from surrounding debris thicknesses, 

the accuracy of debris thicknesses interpolated between observation sites is 

sometimes poor (McCarthy et al., 2017). 

In order to provide spatially-distributed estimates of debris thickness, several 

previous studies have used surface energy balance modelling, combined with thermal 

satellite data, to derive the thermal resistance of the debris (e.g. Nakawo and Rana, 

1999; Zhang et al., 2011). Since the thermal resistance is equal to the thermal 
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conductivity divided by the debris thickness, in-situ measurements of debris thermal 

conductivity can then been used, in conjunction with meteorological data, to 

simulate the thickness of the debris layer (e.g. Foster et al., 2012; Rounce and 

McKinney, 2014). Mihalcea et al. (2008a) used a different approach to simulate 

debris thickness from thermal satellite imagery, which involved finding the 

correlation between field-derived debris thickness and satellite-derived surface 

temperature and subsequently using this relationship to simulate glacier-wide debris 

thicknesses. While this method offers reduced model complexity, it does not account 

for spatial variations in meteorological conditions such as incoming shortwave 

radiation, which can significantly modify the relationship between surface 

temperature and debris thickness. Additionally, while the use of thermal satellite 

imagery enables debris thicknesses to be simulated across entire glaciers or regions, 

the resolution of satellite-derived thermal imagery is relatively coarse (> 60 m). As a 

result, sub-pixel variations in debris thickness cannot be detected, while the presence 

of supraglacial ice ponds and ice cliffs can lead to underestimation of debris 

thickness values (Rounce and McKinney, 2014). 

Imagery collected by uncrewed aerial vehicles (UAVs) offers significantly 

greater spatial precision compared to satellite imagery. In recent years, a number of 

studies have used UAVs to collect high-resolution visible imagery of debris-covered 

glaciers in the Himalaya, in order to investigate their surface characteristics (e.g. 

Immerzeel et al., 2014; Kraaijenbrink et al., 2016). In the Cordillera Blanca, visible 

UAV surveys of Llaca Glacier were conducted in 2014 and 2015 (Wigmore and 

Mark, 2017). Comparison of the data collected from these surveys showed spatially-

variable rates of ice loss, with the highest rates occurring where supraglacial ice cliffs 

and meltwater ponds were present (Wigmore and Mark, 2017). The use of UAVs to 

collect thermal imagery of a debris-covered glacier was demonstrated for the first 

time at Lirung Glacier in the Central Himalaya (Kraaijenbrink et al., 2018). The 

results showed high levels of spatial and temporal heterogeneity in the glacier’s 

surface temperature, highlighting the potential drawbacks of using coarser-resolution 

thermal satellite data to simulate supraglacial debris thickness. The study also 
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demonstrated that while UAVs facilitate the collection of high-resolution thermal 

imagery, it is important to account for factors such as surface emissivity variations 

and sensor bias to derive reliable absolute surface temperatures (Kraaijenbrink et 

al., 2018). 

Here, we test the use of UAV-derived radiometrically-calibrated thermal 

imagery, combined with local meteorological data, visible UAV imagery and thermal 

measurements taken within the debris layer, to produce centimetre-scale maps of 

distributed debris thickness for a portion of Llaca Glacier tongue (Figure 4.1). 

Following calibration of the thermal imagery, we simulate the thermal conductivity 

of the debris layer using a time-series of debris temperature measurements collected 

at varying depths within the debris layer. Spatially-distributed debris thicknesses are 

Figure 4.1. Map of the study site location. (a) Location of the Ancash region within Peru 

(dark green shading). (b) Location of panel (c) within Ancash. The ice-covered areas within 

the Ancash region are shown by the white shaded areas in (b) and (c), while the rivers are 

shown by the dark blue lines. The coloured triangles in (c) show the locations of Llaca 

Glacier (red) and the Cuchillacocha weather station (installed by Bridgewater State 

University) where the meteorological data used within this study were collected (yellow). 
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estimated using a surface energy balance modelling approach which accounts for the 

changes in meteorological conditions over the duration of the thermal UAV surveys. 

Additionally, a simpler method for simulating debris thickness from UAV-derived 

surface temperatures, using a field-derived polynomial relation between debris 

thickness and surface temperature, is tested. Using the high-resolution debris 

thickness maps produced in this study, daily spatially-distributed melt rates are 

simulated over the duration of a 3-month period in 2019. The results are compared 

to melt rates simulated based on satellite-derived debris thicknesses in order to 

investigate the impact of debris thickness parameterisation accuracy on the 

simulated melt rates of debris-covered glaciers.

4.3 Methods 

Figure 4.2 shows the workflow developed for this study, demonstrating 

schematically the links between the data acquisition, data processing and simulation 

steps of the methods, as described below.  

4.3.1 Study site 

Llaca Glacier (9°25’33’’S, 77°26’15’’) is located in the central Cordillera 

Blanca, a 200-km-long mountain chain situated within the wider Peruvian Andes 

range (Figure 4.1). Covering an area of ~ 5.1 km2, the glacier extends from ~ 4460 to 

~ 6090 m a.s.l (RGI 6.0, 2017). The debris-covered tongue of the glacier has an area 

of ~ 0.22 km2 and ranges in elevation from ~ 4460 m to ~ 4620 m a.s.l.. The 

meltwater from Llaca Glacier contributes to the supply of water for the Ancash 

region, which is inhabited by approximately 250,000 people. Llaca Glacier was 

selected as the site for this study due to its relative accessibility in comparison to 

other glaciers in the region and has previously been surveyed in 2014 and 2015 

(Wigmore et al., 2017). 
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4.3.2  UAV-based data collection 

4.3.2.1  Thermal imagery acquisition 

A standard DJI Phantom 4 UAV was fitted with a custom-built thermal 

camera system, comprising a a FLIR Vue Pro R 640 (13 mm FOV) thermal camera 

and a U-BLOX GNSS GPS chip. This was used to collect ~15,000 radiometric 

thermal images across a total survey area of approximately 0.25 km2 (Figure 4.3a). 

The Phantom 4 was chosen because, unlike most commercially-available drones, it is 

capable of flying at high altitudes of up to 6,000 m a.s.l. Standard Phantom 4 

propellers were used. The Vue Pro R camera was selected due to its ability to collect 

radiometrically-calibrated thermal images at high thermal precision (30 mK / 0.03 

°C). The built-in visible camera was removed from the Phantom 4 in order to reduce 

weight and allow greater flight times. 

The UAV-based thermal imagery collection was conducted within two survey 

zones (ZT1 and ZT2) with differing launch point altitudes (LP1: 4537 m a.s.l. and 

LP2: 4576 m a.s.l.)(Figure 4.3a), in order to ensure that the UAV maintained a safe 

altitude above the sloping glacier surface, since terrain correction was not used for 

the UAV flights. In total, four thermal UAV surveys (ST1 - ST4) were conducted, 

each at different times of day on 18-19 August 2019 (Table 1). ST1, ST2 and ST4 were 

launched LP1 and conducted within the bounds of ZT1, while ST3 was launched from 

LP2 and conducted over the entire extent of ZT2. ST1, which covered an area of 

94,000 m2, was conducted between 16.25 and 17.20 on 18 August 2019. ST2 was 

conducted between 9.30 and 10.00 on 19 August and covered an area of 87,000 m2. 

The largest of the four surveys, ST3, was conducted between 10.55 and 12.50 on 19 

August and covered an area of 137,000 m2. The final survey, ST4, was conducted 

between 14.25 and 15.45 on 19 August and covered an area of 72,000 m2. 

The UAV was flown using an automated gridded flight plan, created using 

DroneDeploy flight planning software. As the option for terrain correction was not 

currently available with open-source flight planning software, the flight paths were 

along horizontal planes with a consistent altitude of 70 m relative to the launch 
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point altitude. This flight altitude was chosen in order to provide a balance between 

obtaining high-resolution imagery (~ 5 cm) and providing coverage of a sufficiently 

large area (250,000 m2 in total). The use of a consistent altitude relative to the 

launch altitude resulted in variations in the exact pixel spatial resolution and image 

overlap since the altitude above ground level (AGL) varied with surface topography. 

Since the surface elevation range of the complete survey area (~ 120 m) exceeded the 

average above-surface flight altitude (70 m), two separate launch points were used 

(Figure 4.3a).  

A flight speed of 7 m s-1 and an image capture interval of 1 second were 

used, in order to provide a forward image overlap of 90 %. The flight lines, which 

ran perpendicular to the glacier flow direction, were spaced 7 m apart in order to 

provide an 80 % lateral image overlap. During each of the four thermal surveys, the 

UAV was returned to its launch point multiple times to conduct battery changes. At 

an altitude close to sea level, the DJI Phantom 4 can fly for ~ 25 minutes between 

battery changes. However, due to the high altitude of Llaca Glacier (approximately 

4500 m a.s.l.), the air is considerably thinner and a significantly greater amount of 

power is required to create lift. Consequently, the average flight time between 

battery changes was roughly halved to ~ 12 minutes. 

Many UAV-mountable thermal cameras, including the Vue Pro R 640 used 

in this study, use uncooled microbolometers, which are sensitive to changes in the 

temperature of the sensor, body and lens. While radiometric cameras apply 

corrections to account for these effects, Kelly et al. (2019) highlight the need to 

allow time for the camera to stabilise after activation. For this reason, the camera 

was turned on ~20 minutes prior to the start of each survey, while a couple of extra 

flight lines were added to the start of each survey to allow the camera to adjust to 

meteorological conditions experienced during flight. 

For calibration purposes, images of 40 x 40 cm anodised aluminium 

calibration targets (Figure 4.3b) were collected with the Vue Pro R camera from an 

altitude of 10 m, at the beginning and end of every flight. Meanwhile, the 
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temperatures of these panels were also recorded using an Apogee thermal infrared 

(TIR) radiometer for subsequent comparison against the UAV-acquired 

temperatures. 

4.3.2.2 Visible imagery acquisition 

Using a second DJI Phantom 4 UAV, with a built-in visible camera, 950 

visible images of the glacier tongue were collected, covering a total survey area of 

~325,000 m2. Visible UAV data collection was also conducted using an automated 

gridded flight plan created using DroneDeploy flight planning software. An average 

flight altitude of 85 m was chosen, to allow the collection of high spatial resolution 

(2.5 cm) imagery, whilst providing coverage of a relatively large survey area. A flight 

speed of 5 ms-1 and an image capture interval of 1 second were used in order to 

Figure 4.3. UAV survey setup at Llaca Glacier. (a) Extents of the thermal and visible UAV 

surveys, and locations of the two UAV launch points ground control points where GNSS 

data were collected and site where thermistors were installed within the debris layer. (b) and 

(c) Photographs of the materials used as ground control points for the thermal and visible 

UAV surveys respectively. (d) The custom-built UAV that was used to collect thermal 

imagery. (e) GNSS antenna setup for measuring the GPS position of each ground control 

point. 
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provide 90% forward overlap between images, while flight lines were spaced 45 m 

apart to allow 80% lateral image overlap. 

Similar to the thermal UAV surveys, the UAV-based visible imagery 

collection was divided into two survey zones (ZV1 and ZV2), with corresponding 

launch points LP1 and LP2 respectively (Figure 4.3a). In total, two visible UAV 

surveys (SV1 and SV2) were conducted (one for each of the two visible survey zones). 

SV1 was conducted between 9.20 and 10.10 on 21 August 2019 and SV2 was conducted 

10.50 and 12.20 on the same day (Table 1). Due to the slightly lighter weight of the 

visible camera, in comparison to the thermal camera, a slightly longer flight time of 

~15 minutes could be achieved between battery changes. At the beginning of SV2, 

there was a technical camera error, which resulted in the camera changing from a 

nadir 0° angle to an oblique 90° angle, resulting in a small data gap within the 

visible imagery. 

Survey 

name 

Survey date Survey time Survey area 

(m
2
) 

Survey 

zone 

Launch 

point 

S
T1

 18 August 2019 16:25 - 17:20 94,000 Z
T1

 LP1 

S
T2

 19 August 2019 09:30 - 10:00 87,000 Z
T1

 LP1 

S
T3

 19 August 2019 10:55 - 12:50 137,000 Z
T2

 LP2 

S
T4

 19 August 2019 14:25 - 15:45 72,000 Z
T1

 LP1 

S
V1

 21 August 2019 09:20 - 10:10 150,000 Z
V1

 LP1 

S
V2

 21 August 2019 10:50 - 12:20 211,000 Z
V2

 LP2 

4.3.3 Ground-based data collection 

4.3.3.1 Ground control data acquisition for UAV surveys 

In order to georeference the thermal and visible UAV imagery, two 

corresponding ground control surveys were conducted. The thermal ground control 

Table 4.1. UAV survey information. 
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survey was carried out on 17 August 2019 (one day before the first thermal UAV 

survey) and the visible ground control survey was carried out on 20 August 2019 

(one day before the visible UAV surveys). For each of the two ground control 

surveys, ground control point (GCP) targets were distributed across the UAV survey 

areas, with the greatest concentration of points around the perimeters of the UAV 

survey areas (Figure 4.3a). The GCP targets were fixed to flat surfaces using tape 

and rocks (Figure 4.3b-c). 

For the thermal ground control survey, 20 ground control point (GCP) 

targets were assembled, each consisting of a 60 cm foam square with two triangles of 

insulated aluminium foil attached to the surface (Figure 4.3b). Foam and aluminium 

were chosen due to their contrasting emissivity values of ~0.6 and ~0.1 respectively, 

making their central point clearly distinguishable from the UAV-mounted thermal 

camera. For the visible ground control survey, 22 ground control point (GCP) 

targets, each consisting of a 30 cm x 30 cm checkboard square (Figure 4.3c), were set 

out across the glacier surface. 

For each of the two ground control surveys, a Leica GNSS system was used 

to measure the GPS position of each GCP target with high (sub-cm) spatial 

accuracy. A fixed-location GNSS reference station was set up in a flat area ~20 m in 

front of the glacier terminus, in order to collect continuous GPS measurements over 

the complete ~8-hour duration of each ground control survey. Meanwhile, using a 

GNSS rover, the precise location of the centre of each GCP target was measured 

over a period of 5-10 minutes per target (Figure 4.3e). 

4.3.3.2 Vertical debris temperature profile measurements 

In order to measure vertical changes in debris temperature within the debris 

layer, a vertical profile of 5 thermistors, each connected to a DataHog2 data logger, 

was installed within the debris layer near the western margin of the glacier (Figure 

4.3a). The thermistor probes were placed at depths of 5, 10, 20, 30 and 40 cm, with 

the 40 cm probe at the debris-ice interface. Once adjusted to local environmental 

conditions, the thermistors recorded temperatures at repeat intervals of 10 minutes 
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between 17 August 2019 00:00 and 19 August 2019 16:00. These measurements were 

used to simulate the thermal properties of the debris layer for integration within the 

surface energy balance model (Figure 4.2). 

4.3.3.3 In-situ surface temperature and debris thickness measurements 

An Apogee TIR radiometer was used to collect a sequence of ground-based 

TIR measurements at 22 points across the glacier surface, with varying supraglacial 

debris thicknesses. At each measurement point, three emitted TIR measurements of 

the debris surface were taken. Subsequently, a pit was dug through the debris layer 

to the debris-ice interface and the depth of the debris layer was measured. These 22 

measurements were taken in close succession over a total duration of 1 hour 40 

minutes (13.25 – 15.05) on 21 August, in order to minimise biases associated with 

temporal changes in meteorological conditions. 

In order to validate the debris thickness model, an additional set of debris 

thickness measurements were taken, in conjunction with high-precision GPS 

positions measured with the Leica GNSS System. Unfortunately, due to a technical 

glitch with the pre-programmed UAV flights, several of these measurements were 

just outside the bounds of the thermal UAV survey. As a result, only three of the 

coupled GPS-debris thickness measurements could be used for validation of the 

debris thickness model.  

4.3.4 UAV data processing 

4.3.4.1 Producing surface temperature maps, DEMs and orthomosaics 

To produce maps of surface temperature, the radiometric TIR images were 

processed using Pix4Dmapper software, which was selected due to its compatibility 

with the radiometric jpeg files collected by the Vue Pro R camera. To produce 

DEMs and orthomosaics, the visible images were processed using Agisoft Metashape 

Software. This software contains proprietary implementations of common structure-

from-motion (SfM) photogrammetric workflows, and includes feature recognition, 

image matching, bundle block adjustment, point cloud densification and ultimately 
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the generation of high resolution digital surface models (DSMs) and orthomosaics. 

To provide accurate georeferencing, the thermal and visible GCP targets were 

identified within the thermal and visible UAV images and linked to the known 

coordinates recorded during the thermal and visible ground control surveys. To 

account for the effects of emissivity on the amount of TIR energy emitted by the 

debris surface, an emissivity value of 0.94 was assumed when converting emitted 

TIR values measured by the Vue Pro R to surface temperatures (Salisbury and 

D’Aria, 1992). 

4.3.4.2 Calibrating UAV-derived surface temperature maps 

Images of a blackbody calibrator (a target object with an emissivity close to 

1), captured in the lab using the same Vue Pro R camera that was used in the field, 

were used to calibrate the surface temperature maps to account for sensor bias 

(Figure 4.S4). These thermal images were captured for blackbody temperatures 

between 5 °C and 60 °C, at 5 °C intervals. The equation of the best-fit line between 

measured temperature and actual temperature was used to calibrate the surface 

temperature values collected by the thermal camera. 

The surface temperatures derived from UAV-mounted TIR cameras can be 

influenced by atmospheric attenuation of thermal radiance (Maes et al., 2017). Since 

the UAV flights were conducted across horizontal planes with constant flight heights 

of 4607 m a.s.l. (ST1, ST2 and ST4) and 4646 m a.s.l. (ST3), the flight height above 

ground level (AGL) varied with surface topography. Consequently, the effect of 

atmospheric attenuation on measured surface temperatures is likely to have changed 

over the duration of the thermal UAV surveys. Since the flight height AGL is a 

function of elevation, a surface-altitude-dependent correction factor was applied to 

the thermal imagery in order to account for the effects of differential atmospheric 

attenuation on recorded surface temperatures. The surface-altitude-dependent 

correction factor was calculated based on differences between actual and recorded 

surface temperatures of exposed ice cliff surfaces, similar to the calibration approach 

used by Kraaijenbrink et al. (2018). It was assumed that exposed areas of ice cliffs 
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have a surface temperature of 0°C. This assumption was validated using spot 

measurements of surface temperature collected in the field with an Apogee TIR 

radiometer. Using a series of ice cliffs distributed from the lowermost to the 

uppermost part of each thermal UAV survey, the linear relation between the glacier 

surface elevation and the measured-actual ice cliff temperature difference was 

computed and subsequently used to correct the surface temperatures within the 

thermal orthomosaics (Figure 4.S4). Since the flight altitude AGL decreased 

continuously over the duration of each UAV survey (as the UAV gradually travelled 

up-glacier between sequential cross-sectional flight lines), it was assumed that this 

correction would also (at least partially) account for time-dependent sensor-related 

biases. 

The accuracy of surface temperatures recorded by thermal cameras can be 

impacted by distortion caused by the lens optics, known as ‘vignetting’, where 

surface temperatures are slightly enhanced in the central region of each image and 

reduced in the outer portions of each image. It was assumed that, due to the 

continuously high overlap between subsequent images collected by the Vue Pro R 

camera, camera vignetting effects would be minimised by the averaging of 

temperature values during the image-stitching process and that any remaining 

vignetting effects, which may lower temperature values, were removed by the sensor 

bias correction. 

4.3.5 Generating debris thickness maps   

4.3.5.1 Simulating debris thermal properties 

The effective conductivity of the debris was estimated at depths of 5, 10, 20, 

30 and 40 cm within the debris layer, using the thermistor time-series (64-hour 

period following adjustment of thermistors to local environmental conditions; Section 

4.3.3.2). Following the methods of Conway and Rasmussen (2000), debris thermal 

diffusivity 𝐾 was approximated as the gradient between the first derivative of debris 

temperature 𝑇 (K) with respect to time 𝑡 (hr) and the second derivative of debris 

temperature with respect to depth 𝑧 (m): 
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𝐾 =
𝑇̇

𝑇′′
=

(
𝜕𝑇

𝜕𝑡
)

(
𝜕2𝑇

𝜕𝑧2)
               (4.1) 

Using the approximated thermal diffusivity values, the effective thermal 

conductivity 𝑘𝑒𝑓𝑓 was computed at each depth within the debris layer, assuming a 

rock density 𝜌𝑟𝑜𝑐𝑘 of 2700 kg m-3 and a heat capacity 𝑐𝑟𝑜𝑐𝑘 of 750 J kg-1 K-1 (Clark, 

1966): 

 𝑘𝑒𝑓𝑓 =  𝐾𝜌𝑟𝑜𝑐𝑘𝑐𝑟𝑜𝑐𝑘                (4.2) 

The overall 𝑘𝑒𝑓𝑓, which was used in the SEB model (discussed in Section 

4.3.5.3), was calculated by treating the debris layer as a series of conductors 

corresponding to specific layers within the overall debris layer, each with different 

conductivities. These specific layers were: 0 – 5 cm depth (assigned the 5 cm 

simulated 𝑘𝑒𝑓𝑓), 5 – 10 cm (assigned an average of the 5 and 10 cm 𝑘𝑒𝑓𝑓 values), 10 

– 15 (assigned the 10 cm 𝑘𝑒𝑓𝑓), 15 – 25 cm (assigned the 20 cm 𝑘𝑒𝑓𝑓), 25 – 35 cm 

(assigned the 30 cm 𝑘𝑒𝑓𝑓) and 35 – 40 cm (assigned the 40 cm 𝑘𝑒𝑓𝑓). The overall 

𝑘𝑒𝑓𝑓 was calculated as the arithmetic average of the 𝑘𝑒𝑓𝑓 values assigned to these 

layers, accounting for the relative depth of each layer. The arithmetic average was 

used in order to minimise skewing of the results due to a single layer with a very 

small or large 𝑘𝑒𝑓𝑓. 

In order to account for the nonlinearity of the vertical temperature gradient, 

we estimated a nonlinearity factor 𝐺𝑟𝑎𝑡𝑖𝑜, after Rounce and McKinney (2014). Due 

to the lower reliability of the thermistor measurements closest to the surface, the 

equation for 𝐺𝑟𝑎𝑡𝑖𝑜 was adjusted slightly to incorporate the vertical temperature 

gradients for 10-20 cm and 10-40 cm depth, instead of the gradients for 0-10 cm and 

0-40 cm depth used by Rounce and McKinney (2014). 

𝐺𝑟𝑎𝑡𝑖𝑜 =
𝑇0.1𝑚−𝑇0.2𝑚

𝑇0.1𝑚−𝑇𝑑
∙

𝑧𝑑−0.1

0.1
              (4.3) 

where 𝑇0.1𝑚 and 𝑇0.2𝑚 are the temperatures 10 cm and 20 cm below the surface, 𝑇𝑑 

is the temperature at the debris-ice interface and 𝑑 is the depth of the layer. 
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4.3.5.2 Parameterising the spatial and temporal distribution of 

meteorological variables 

Since the thermal UAV surveys were conducted over periods of up to 2 

hours, it was necessary to account for the changing spatial distribution of incoming 

shortwave radiation (𝑆𝑊𝑖𝑛) over the duration of each survey. Firstly, the 10 cm 

DEM of the glacier tongue (produced from the visible UAV imagery) was joined 

with the ALOS 30 m DEM of the surrounding topography. The resulting joined 

DEM was used to simulate the spatial distribution of solar radiation across the 

glacier surface for 5-minute periods at 30-minute intervals over the duration of each 

thermal survey. Through interpolation, a 𝑆𝑊𝑖𝑛 distribution map was produced for 

every 5-minute period of each thermal UAV survey. Each map was divided by its 

maximum value to produce fractional 𝑆𝑊𝑖𝑛 maps for every 5-minute period. The 

𝑆𝑊𝑖𝑛 measurements recorded by Cuchillacocha weather station (Figure 4.1) at 30-

minute intervals were also interpolated to each 5-minute period within each survey. 

Based on the assumption that 𝑆𝑊𝑖𝑛 measured at the weather station was equal to 

the maximum radiation across Llaca Glacier tongue, each simulated fractional 𝑆𝑊𝑖𝑛 

map for every 5-minute period was multiplied by the corresponding weather-station-

derived 𝑆𝑊𝑖𝑛 value for the same period, to produce weather-station-adjusted maps of 

𝑆𝑊𝑖𝑛 for every 5-minute period. Each of the thermal survey areas were split into 

cross-sectional segments corresponding to 5-minute flight time blocks and each 

segment was assigned the spatially-distributed simulated 𝑆𝑊𝑖𝑛 values associated with 

the corresponding 5-minute flight time block. Finally, all cross-sectional segments 

were merged to produce a spatially-distributed map of 𝑆𝑊𝑖𝑛, adjusted for temporal 

changes in 𝑆𝑊𝑖𝑛. 

Weather station observations of air temperature (𝑇𝑎𝑖𝑟) and relative humidity 

(𝑅𝐻) were used to simulate the temporal variations in incoming longwave radiation, 

𝐿𝑊𝑖𝑛, over the duration of the thermal UAV surveys, using the Stephan-Boltzmann 

law: 

     𝐿𝑊𝑖𝑛 = 𝜀𝑒𝑓𝑓𝜎𝑇𝑒𝑓𝑓
4           (4.4) 
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where 𝜀𝑒𝑓𝑓 is the effective emissivity of the atmosphere, 𝜎 is the Stefan-Boltzmann 

constant (5.67 x 10-1 W m-2 K-4) and 𝑇𝑒𝑓𝑓 is the effective air temperature. 𝑇𝑒𝑓𝑓 is 

represented by Tair at screen level. As there were clear weather conditions with no 

clouds during the thermal UAV surveys, the clear sky emissivity (𝜀𝑐𝑙𝑒𝑎𝑟) was 

approximated using a parameterisation introduced by Dilley and O’Brian (1998) 

(equation 5). This approach has been found to provide the best parameterisation of 

𝐿𝑊𝑖𝑛 over melting glaciers (Juszak and Pelliciotti, 2013). 

               𝜀𝑐𝑙𝑒𝑎𝑟 =
𝑎𝐷𝑂+𝑏𝐷𝑂(

𝑇𝑎𝑖𝑟
273.16

)
6

+𝑐𝐷𝑂√
4.65𝑒𝑎
25𝑇𝑎𝑖𝑟

𝜎𝑇𝑎𝑖𝑟
4             (4.5) 

where 𝑒𝑎 is the atmospheric vapour pressure (Pa), which was approximated from the 

altitude-corrected 𝑇𝑎𝑖𝑟 and 𝑅𝐻 recorded at Cuchillacocha weather station (Figure 

4.1), using the Magnus formula (Bell, 1996). 𝑎𝐷𝑂, 𝑏𝐷𝑂 and 𝑐𝐷𝑂 are parameters from 

Dilley and O’Brien (1998) which have fixed values of 59.38, 113.7 and 96.96, 

respectively. Using this method, simulated 𝐿𝑊𝑖𝑛 values were produced at 30-minute 

intervals (corresponding to the frequency of weather station observations of 𝑇𝑎𝑖𝑟 and 

𝑅𝐻), which were interpolated to produce simulated 𝐿𝑊𝑖𝑛 values for every 5-minutes 

of each thermal UAV survey. Each of these 𝐿𝑊𝑖𝑛 values was assigned to each of the 

corresponding cross-sectional segments of the thermal survey areas associated with 

each 5-minute flight time block of each survey. The cross-sectional segments 

produced were merged together to produce maps of 𝐿𝑊𝑖𝑛 which account for temporal 

variations in 𝐿𝑊𝑖𝑛 over the course of the thermal UAV surveys. 

To account for altitudinal variations in Tair across the survey area, a 

spatially-dependent altitudinal correction was applied, using the UAV-derived DEM 

of the glacier tongue and a mean lapse rate derived from differences between values 

recorded at Cuchillacocha weather station (4630 m a.s.l.) and another weather 

station located further down the valley (3920 m a.s.l.). To account for temporal 

variations in Tair, wind speed and 𝐺𝑟𝑎𝑡𝑖𝑜 over the duration of the thermal UAV 

surveys, the weather station observations (30-minute intervals) and calculated 𝐺𝑟𝑎𝑡𝑖𝑜 

(10-minute intervals) were again interpolated to every 5-minute flight time block of 
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each thermal UAV survey. The resulting values were assigned to the cross-sectional 

segments corresponding to each 5-minute flight time block of each thermal survey, 

to produce temporally-corrected maps of Tair, wind speed and 𝐺𝑟𝑎𝑡𝑖𝑜 for 

incorporation within the debris thickness model. 

4.3.5.3 Producing simulated debris thickness maps 

Using the calibrated UAV-derived surface temperatures, alongside the 

spatially and temporally distributed meteorological variables parameterised in 

Section 4.3.5.2, debris thickness maps were produced using surface energy balance 

modelling, which has previously been used to simulate debris thickness from coarser-

resolution thermal satellite imagery (e.g., Foster et al., 2012; Rounce and McKinney, 

2014). As the surface temperature data collected between 11.55 and 12.50 on 19 

August (during survey ST3) were most optimal for simulating debris thickness (as 

discussed further in Section 4.5.1), these data were used to calculate debris thickness 

across survey zone ZT2 (Figure 4.3a), which covers an area of ~137,000 m2. 

Firstly, the ground heat flux 𝑄𝑐 (W m−2) was calculated as: 

𝑄𝑐 = 𝑅𝑛 + 𝐻 + 𝐿𝐸                 (4.6) 

where 𝑅𝑛 is the net radiation flux (W m−2), 𝐻 is the sensible heat flux (W m−2) and 

𝐿𝐸 is the latent heat flux (W m−2). The net radiation flux was calculated as: 

       𝑅𝑛 = 𝑆𝑊𝑖𝑛(1 − 𝛼) + 𝜀(𝐿𝑊𝑖𝑛 − 𝜎𝑇𝑠
4)              (4.7) 

where 𝑆𝑊𝑖𝑛 is the incoming shortwave radiation (W m−2), 𝛼 is the albedo 

(dimensionless), 𝜀 is the emissivity (dimensionless), 𝐿𝑊𝑖𝑛 is the incoming longwave 

radiation (W m−2), 𝜎 is the Stephan-Boltzmann constant (5.67 × 10−8 W m−2 K−4) 

and 𝑇𝑠 is the surface temperature (K). Debris emissivity and albedo values of 0.94 

and 0.3, respectively, were assumed (Salisbury and D’Aria, 1992; Nicholson and 

Benn, 2012). 

The sensible heat flux was calculated as: 
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𝐻 =  𝜌𝑎𝑖𝑟 (
𝑃

𝑃0
) 𝑐𝑎𝑖𝑟𝐴𝑢(𝑇𝑎𝑖𝑟 − 𝑇𝑠)              (4.8) 

where 𝜌𝑎𝑖𝑟 is the density of air (1.29 kg m−3), 𝑃 is the atmospheric pressure (Pa), 𝑃0 

is the atmospheric pressure at sea level (101 325 Pa), 𝑐𝑎𝑖𝑟 is the specific heat 

capacity of air (1010 J kg−1 K−1), 𝐴 is the transfer coefficient (dimensionless), 𝑢 is 

the wind speed recorded at the weather station (m s-1) and 𝑇𝑎𝑖𝑟 is the air 

temperature. The atmospheric pressure was computed using the barometric pressure 

formula and the transfer coefficient was calculated as: 

       𝐴 =  
𝑘𝑣𝑘

2

ln(
𝑧ℎ
𝑧0

)ln(
𝑧ℎ
𝑧0

)
                   (4.9) 

where 𝑘𝑣𝑘 is the von Kármán’s constant (0.41), 𝑧ℎ is the height of meteorological 

measurements (2 m) and 𝑧0 is the surface roughness length, for which a value of 

0.016 m was assumed (Rounce et al., 2014). 

The latent heat flux was assumed to be zero, based on the assumption that 

the debris was dry.  

The debris thickness 𝑑 was calculated using a nonlinear model (Rounce and 

McKinney, 2014):  

    𝑑 =
𝐺𝑟𝑎𝑡𝑖𝑜𝑘𝑒𝑓𝑓(𝑇𝑠−𝑇𝑖)

𝑄𝑐
                (4.10) 

where 𝑇𝑖 is the temperature at debris-ice interface (assumed to be 273.15 K based on 

the thermistor measurements). 

The three in-situ coupled GPS-debris-thickness measurements within the 

bounds of the thermal UAV survey were used as a guide to ensure that realistic 

debris thicknesses were being simulated. Negative simulated debris thickness values 

and values more than three median absolute deviations (MADs) from the mean were 

assigned as no data values. 
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4.3.5.4 Omitting supraglacial ice cliffs and ponds from the model 

Cliffs and ponds were not included in the model since the simulation 

approaches used to estimate debris thickness cannot be applied to areas beneath 

supraglacial ponds or on the surface of supraglacial ice cliffs. Cliffs were semi-

automatically classified using the DEM and orthomosaic derived from the visible 

UAV survey. Firstly, areas with a surface slope of >40° were isolated. To eliminate 

false detection areas, which primarily occur along the edges of large boulders where 

the surface gradient is high, areas with a maximum inter-pixel difference (between 

central pixel and surrounding pixels) of more than 40, in the brightness of the 

greyscale orthomosaic, were removed. Interconnected areas of less than 1 m2 were 

also removed, in order to eliminate any remaining small rocks from the areas 

classified as ice cliffs. Finally, any boulder edges which were not successfully 

eliminated during the previous steps were removed manually from the ice-cliff-

classified areas. As supraglacial ponds were relatively rare in comparison to ice cliffs, 

these features were classified using manual digitisation. Once ice cliffs and ponds had 

been classified, the areas covered by these features were removed from the model. 

4.3.5.5 Alternative approach for mapping debris thickness from UAV-derived 

surface temperatures 

A simpler empirical method for simulating debris thickness from UAV-

derived surface temperature data was also tested. This approach involved using the 

22 TIR measurements collected between 13.25 and 15.05 on 21 August, alongside the 

debris thickness measurements acquired at each of the 22 sites, to find the second 

order polynomial relation between debris thickness and surface temperature on Llaca 

Glacier. Based on this relation, debris thickness was simulated from the calibrated 

surface temperature maps derived from UAV TIR imagery of Llaca Glacier tongue. 

This alternative approach is based on the assumption that the relation between 

surface temperature and debris thickness does not change significantly within the 

day, which is unlikely to be true. Furthermore, this approach does not take into 

account the spatially and temporally varying meteorological parameters that impact 

surface temperature. Therefore, this alternative method was only used for the 
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purpose of testing how well debris thickness could be approximated using a 

simplified approach with fewer data requirements, as well as to allow comparison to 

the debris thicknesses simulated using the surface energy balance approach. A 

similar method was used by Mihalcea et al (2008) to calculate debris thickness from 

thermal satellite imagery (ASTER), based on the correlation between field-based 

debris thickness measurements and satellite-derived surface temperatures. 

4.3.6 Simulating daily sub-debris melt rates 

Distributed daily sub-debris melt rates were simulated based on the 

simulated debris thickness (derived from the surface energy balance modelling 

approach), following the method of Nicholson and Benn (2006). This method uses 

mean daily meteorological data, assuming that the daily mean temperature profile 

through the debris layer is linear and that net changes in heat storage are negligible 

on diurnal timescales. This method was chosen as it significantly reduces the 

computational resources needed to run the model and has been demonstrated to 

yield reliable sub-debris ablation rate estimates despite model simplification 

(Nicholson and Benn, 2006). Firstly, the distributed average daily surface 

temperatures were solved for iteratively, based on the polynomial: 

−𝜀𝜎𝑇𝑠
4 − (𝜌𝑎𝑖𝑟 (

𝑃

𝑃0
) 𝑐𝑎𝑖𝑟𝐴𝑢 +

𝑘𝑒𝑓𝑓

𝑑
) 𝑇𝑠 + 𝑆𝑊𝑖𝑛(1 − 𝛼) + 𝜌𝑎𝑖𝑟 (

𝑃

𝑃0
) 𝑐𝑎𝑖𝑟𝐴𝑢𝑇𝑎𝑖𝑟 +

𝑘𝑒𝑓𝑓𝑇𝑖

𝑑
+ 𝜀 𝐿𝑊𝑖𝑛 = 0     (4.11) 

Data from the Cuchillacocha weather station (Figure 4.1) were used to calculate 

mean daily meteorological parameters. Mean daily 𝐿𝑊𝑖𝑛 was calculated from 𝑇𝑎𝑖𝑟 and 

𝑅𝐻 (equations 4 and 5), while the spatial variability of meteorological parameters 

was accounted for using the following approaches. The spatial distribution of 𝑆𝑊𝑖𝑛 

was simulated over a 24-hour period every 10 days between the 5 July and 5 

October. Through interpolation, maps of average 𝑆𝑊𝑖𝑛 distribution were produced 

for every day during this 3-month period. For each day, the corresponding map of 

𝑆𝑊𝑖𝑛 distribution was divided by its mean value, before being multiplied by the 

mean 𝑆𝑊𝑖𝑛 recorded at the weather station on that day. To account for spatial 

variations in 𝑇𝑎𝑖𝑟, the UAV-derived DEM was used to produce a map of altitude-
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dependent 𝑇𝑎𝑖𝑟, using an environmental lapse rate of 6.5 °C km-1. 𝑢 and 𝐿𝑊𝑖𝑛 were 

assumed to be spatially-homogeneous. 

Using the resulting surface temperature map, the ground heat flux was 

computed using equation 6 and the distributed daily melt rate 𝑀 (m s-1) was 

computed as: 

   𝑀 =
𝑄𝑚

𝜌𝑖𝑐𝑒𝐿𝑓
                       (4.12) 

where 𝑄𝑚 is downward energy flux at the base of the debris layer (equal to 𝑄𝑐), 𝜌𝑖𝑐𝑒 

is the density of ice (assumed to be 900 kg m-3) and 𝐿𝑓 is the latent heat of fusion 

(334 kJ kg-1). Negative values of 𝑀 were set to 0, while values more than three 

standard deviations from the median were set to no data values. 

In order to investigate the impact of differing simulated debris thicknesses on 

simulated sub-debris melt rates, the model was run for a second time using debris 

thicknesses simulated from satellite data (Rounce et al., 2021) and the results were 

compared to the sub-debris melt rates simulated in this study. 
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4.4 Results 

4.4.1 Vertical debris temperature profiles 

The debris temperatures recorded by the thermistors at depths of 5, 10, 20, 

30 and 40 cm (40 cm being the debris-ice interface) are shown in Figure 4.4. The 

variation in debris temperature decays with increasing depth, with an average range 

in daily temperature of 17.9 °C at 5 cm depth compared to 0.7 °C at the debris-ice 

interface (40 cm depth). As depth into the debris layer increases, the times of the 

diurnal peaks and troughs in debris temperature are increasingly lagged. For 

example, there is a lag of 6.83 hours between the average time of peak daily debris 

temperature at a depth of 5cm (14:17) and at a depth of 40cm (21:07). 

Figure 4.4. Thermal properties of the supraglacial debris layer at Llaca Glacier, derived 

from thermistors located at depths of 5, 10, 20, 30 and 40 cm (with the debris-ice interface 

being at 40 cm depth) within the debris layer. (a) shows the direct measurements that were 

recorded by each of the thermistors between 17 August 00:00 and 19 August 16:00, with lines 

colour-coded according to the debris thicknesses shown in (b)-(f). (b)-(f) show the 

relationship between the second derivative of debris temperature with respect to depth 

(d2T/dz2) and the first derivative of debris temperature with respect to time (dT/dt), 

derived from the time-series recorded by each of the thermistors. The gradient of this 

relationship, which was used to approximate the thermal diffusivity, is shown for each of the 

thermistors in (b)-(f), along with the R2 value associated with each gradient. 
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4.4.2 Thermal conductivity 

The effective thermal conductivity of the debris decreases by 0.963 W m-1 K-1 

from near the surface of the debris layer (5 cm depth) to 30 cm depth (Table 2). 

However, the thermal conductivity appears to decrease below 30 cm, with a thermal 

conductivity 0.519 W m-1 K-1 lower at the ice-debris interface (40cm depth) than at 

30 cm depth. R2 associated with the gradients between 
𝜕𝑇

𝜕𝑡
 and 

𝜕2𝑇

𝜕𝑧2 are generally high 

(Figure 4.4c-f), except for at 5 cm depth, where the R2 value is considerably lower 

(Figure 4.4b). 

Debris thickness (cm) Thermal diffusivity  

(mm
2
 s

-1
) 

Effective thermal conductivity  

(W m
-1
 K

-1
) 

5 0.252 0.357 

10 0.386 0.547 

20 0.606 0.860 

30 0.931 1.320 

40 0.565 0.801 

 

4.4.3 Simulated debris thickness 

Figure 4.5 shows the debris thickness simulated across Llaca Glacier using 

the main workflow outlined in Figure 4.2. The results indicate a mean debris 

thickness of 0.20 m, with a variance of 0.03 m, across the survey area. Debris 

thickness generally decreases up-glacier, with the lowest debris thicknesses being 

found in the uppermost portion of the survey area, where the debris layer was ~ 1-7 

cm thick. Over > 90% of the survey area (excluding supraglacial ice cliffs and 

ponds), the debris layer is thicker than the critical thickness required to reduce sub-

debris melt rates through insulation of the ice surface (Östrem, 1959). Comparison 

against the three usable manually-acquired debris thickness measurements, coupled 

Table 4.2. Debris thermal properties on Llaca Glacier tongue. Thermal diffusivity and 

effective conductivity values, simulated from the thermistor measurements, are shown for 

each depth within the debris layer. 
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with accurate GPS locations, within the survey area indicates good agreement 

between measured and simulated values, with differences of < 6 % between 

simulated and measured debris thickness values (Figure 4.5b).  

4.4.4 Surface temperature 

The results show that the spatial heterogeneity in surface temperatures is 

greatest during the middle of the day compared to early morning and late afternoon 

(Figure 4.S1). More specifically, the surface temperatures derived from the thermal 

imagery collected between 11.55 and 12.50 (survey ST3) show a variance of 35.8 K 

across the survey area, while the surface temperatures derived from the thermal 

surveys of 16.25-17.20 (ST1), 9.30-10.00 (ST2) and 14.25-15.45 (ST3) show lower 

Figure 4.5. Spatially-distributed map of simulated debris thickness. Simulated debris 

thicknesses are shown in (a), with black triangles showing the locations of the in-situ debris 

thickness measurements within the survey area. White areas show the presence of no data 

values, where simulated values were negative or more than three MADs outside the mean 

(discussed in 2.5.3). Grey areas show the presence of supraglacial ice cliffs and ponds, which 

were not included in the model (discussed in 2.5.4). RGB orthomosaic for the simulated area 

is shown in (b). A comparison between the simulated and measured debris thicknesses at 

these three sites is shown in (c), while (d) shows the spatial coverage of the debris thickness 

map and RGB orthomosaic shown in (a) and (b), respectively.  
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variances of 14.2, 23.6 and 21.8 °C, respectively, across their survey areas. 

Meanwhile, the surface temperatures from ST3 have a standard deviation of 6.0, 

while the surface temperatures from ST1, ST2 and ST4 have lower standard deviations 

of 3.8, 4.9 and 4.7 °C, respectively. Note that some of the differences in variance 

may be partially attributable to different areas being covered by thermal surveys 

conducted at different times of day (as described in Section 4.3.2.1). 

4.4.5 Simulated sub-debris melt rates 

The results indicate a mean sub-debris melt rate of 0.49 cm d-1 across the 

total survey area, over the entire 3-month model period between 5 July and 5 

October (Figures 4.6-4.7), with high levels of spatial heterogeneity ranging from 0.00 

cm d-1 to 1.91 cm d-1 across the study area (Figures 4.5d,4.6). Sub-debris melt rates 

also generally increase up-glacier through the survey area (Figure 4.6). Maximum 

sub-debris melt rates decrease as a function of debris thickness, with mean melt 

Figure 4.6. Spatially-distributed simulated sub-debris melt rates on Llaca Glacier tongue. 

Maps of the mean simulated melt rates (across the area shown in Figure 4.4c) are shown for 

three 31-day periods: 5 July – 4 August (a), 5 August – 4 September (b) and 5 September – 

5 October (c). These values were simulated backwards and forwards in time from the date of 

thermal UAV data collection, 19 July 2019. Black shaded areas show the presence of 

supraglacial ice cliffs and ponds (which were not included in the model) and white areas 

show the presence of no data values. 
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rates for the 93-day period of up to nearly 2 cm d-1 for thin debris layers of a few 

mm, compared to mean melt rates of up to ~0.5 cm d-1 where debris is 30 cm thick 

(Figure 4.7c). Figure 4.7b shows that mean sub-daily melt rate for the period 5 July 

– October has a skewed distribution, with a modal melt rate of ~0.25 cm d-1.  

There are high levels of temporal variability in the sub-debris melt rates on 

Llaca Glacier tongue, with simulated mean daily melt rates for the whole survey 

area ranging from 0.00 to 1.18 cm d-1 between 5 July and 5 October 2019 (Figure 

4.7a). The results indicate that sub-debris melt rates are generally slightly greater 

during the middle of the three-month simulation period (see moving average in 

Figure 4.7a), with mean daily sub-debris melt rates of 0.69 cm between 5 August 

and 4 September, compared to 0.40 and 0.38 for the periods of 5 July – 4 August 

Figure 4.7. Simulated sub-debris melt rates on Llaca Glacier tongue between 5 July and 5 

October 2019. (a) Temporal variations in the average sub-debris daily melt rates (red line 

with standard deviation shaded) and the 20-day moving average (yellow line) for the area 

shown in Figure 4.5c. (b) Probability density function (PDF) for the mean sub-debris melt 

rates of the period 5 July - 5 October for the survey area shown in Figure 4.5c. (c) Mean 

simulated sub-debris melt rates for the same area and period shown as a function of 

simulated debris thickness. (d) Mean daily air temperature and incoming shortwave (SW) 

radiation recorded at Cuchillacocha weather station and the mean daily simulated incoming 

longwave (LW) radiation between 5 July and 5 October). 
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and 5 Sep – 5 Oct, respectively (Figure 4.6). Over the duration of the three-month 

simulation period, the mean incoming SW and LW radiation fluxes are 195 and 185 

W m-2, respectively (Figure 4.7d). The ranges in mean daily incoming SW and LW 

radiation are 194 and 11 W m-2, respectively, over the 93-day period, while the range 

in mean daily air temperature is 3.8 °C. 

4.5 Discussion 

4.5.1 Simulating debris thickness from thermal UAV imagery 

The results of this study demonstrate that thermal UAV imagery can be 

used to effectively simulate spatially-distributed supraglacial debris thicknesses. The 

results also demonstrated that, while high levels of precision can be gained from 

using such imagery, a number of calibrations and corrections are critical to ensure 

that (a) the thermal imagery is calibrated to account for biases associated with 

UAV-mounted thermal sensors, (b) the thermal imagery is corrected to account for 

the changing sensor-surface distance over the course of the thermal UAV flights (if 

terrain correction is not used), (c) the temporal changes in meteorological 

parameters over the course of the thermal surveys are accounted for, and (d) the 

spatial variations in meteorological parameters across the thermal survey area are 

accounted for. We recommend that future studies take the aforementioned steps in 

order to maximise the accuracy of debris thickness maps derived from thermal UAV 

imagery.  

The results also show that thermal imagery acquired near the middle of the 

day is optimal for simulating debris thicknesses, due to (a) high spatial heterogeneity 

in surface temperatures, and (b) relatively low temporal variations in the simulated 

Gratio and meteorological variables. As shown in Table S2, survey ST3 yielded a 

variance in surface temperatures 50 - 150 % greater, and a standard deviation 20 – 

60 % greater, than the other three surveys. As a result, it is easiest to distinguish 

between different debris thicknesses using thermal imagery collected during ST3, 

which was conducted during the middle of the day (10.55 – 12.50). In contrast, 
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debris-thickness-driven differences in surface temperatures are less pronounced in the 

early morning, since debris has not yet heated up sufficiently, resulting in cooler and 

more homogeneous debris temperatures (further demonstrated in Figure 4.4a). 

During the late afternoon, the debris has cooled significantly since the middle of the 

day (Figure 4.4a), again partially obscuring some of the debris-thickness-driven 

differences in surface temperatures. Furthermore, during the early morning and late 

afternoon, temporal variations in meteorological variables are high (Figure 

4.S1a,b,d,e), making it difficult to account for variability in meteorological 

parameters within the duration of the thermal UAV surveys, thereby impacting the 

accuracy of calculated debris thicknesses. Additionally, the Gratio factor is highly 

unstable during the early morning (Figure 4.S1c), making it more difficult to 

account for the complex and changeable debris temperatures. We therefore 

recommend that future studies collect thermal imagery near the middle of the day 

(e.g. between approximately 11.00 and 13.00), when surface temperature variations 

are greatest and temporal meteorological variability is likely to be relatively low 

(Figure 4.S1). 

Figure 4.8 demonstrates the improved level of detail obtained using UAV-

derived surface temperatures to calculate debris thickness, compared to the use of 

thermal imagery derived from satellites. As demonstrated in Figure 4.5a, there are 

large variations in debris thickness over relatively small spatial scales, which can 

only be distinguished using the thermal UAV imagery, and not from the highest-

resolution satellite imagery currently available (Figure 4.8). This provides further 

evidence that glaciological models which use satellite-derived debris thicknesses as 

input data are likely to be affected by ‘inter-pixel mixing effects’, as described by 

Rounce and McKinney (2014). Our UAV results indicate a mean debris thickness of 

0.20 m across the survey area, which is 71 % less than the mean debris thickness 

simulated from thermal satellite data for the same area (0.70 m) (Rounce et al., 

2021). This suggests that debris thicknesses on Llaca Glacier may be significantly 
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Figure 4.8. Comparison between UAV and satellite-derived surface temperature 

information and simulated debris thicknesses. (a) Calibrated surface temperatures derived 

from thermal UAV imagery, acquired between 10.55 and 12.50 on 19 August 2019. (b) 

Surface temperatures derived from the thermal band of the Landsat 7 satellite, acquired at 

15.03 on 19 August 2019. (c) Debris thicknesses simulated in this study from thermal UAV 

imagery. Black shaded areas show the presence of ice cliffs and white areas show the presence 

of no data values. (d) Debris thicknesses simulated by Rounce et al. (2021). The black line 

surrounding each of the 4 maps shows the same reference area on Llaca Glacier, as shown in 

Figure 4.5c.  
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overestimated by satellite-based models, with significant impacts on simulated sub-

debris melt rates (as discussed further in Section 4.5.2). Further evidence is therefore 

required in order to confirm whether this could be indicative of a wider pattern. 

The results also indicate that using a simpler method to calculate debris 

thickness, based on the polynomial relationship between surface temperature and 

debris thickness, similar spatial patterns of debris thickness can be detected in areas 

where the debris layer is less than ~20 cm in depth (Figure 4.S3). However, when 

debris exceeds a thickness of around 20 cm, the polynomial-relation-based model 

appears to significantly underestimate debris thickness (Figure 4.S2; Table 4.S2). A 

potential explanation for this is that the polynomial relation method used to 

calculate debris thickness is based on a higher number of measurements at points 

where debris thickness is below 20cm (Figure 4.S2), while there is only one 

measurement with a debris thickness of 25 cm, which may provide a poor 

representation of surface temperature for thicker debris. Additionally, the 

polynomial relation method does not account for the contribution of spatial 

variations in meteorological conditions towards the debris surface temperatures 

observed. As a result, the debris thickness accuracy is likely to be lower compared to 

the results derived from the surface energy balance modelling approach. 

4.5.2 Simulating sub-debris melt rates from UAV-derived debris thickness 

maps 

This study demonstrates that by using high-resolution maps of debris 

thickness derived from thermal UAV data, greater-precision estimates of sub-debris 

melt rates can be produced. As shown in Figure 4.6, high levels of spatial 

heterogeneity in ice surface melt rates over sub-metre scales can be detected across 

the survey area on Llaca Glacier tongue. Inputting the derived debris thicknesses 

simulated by Rounce et al. (2021) (which are more than three times greater than our 

estimates) into our sub-debris melt model, we estimated a mean simulated melt rate 

of 0.17 cm d-1, a value 65 % less than simulated in our study (0.49 cm d-1). This 

indicates that since the debris thicknesses simulated from satellite data appear to be 
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considerably overestimated for Llaca Glacier tongue, this would lead to significant 

underestimation of sub-debris melt rates as a consequence. We therefore advocate 

for further high-precision studies of debris thickness, with better model validation, in 

order to better understand the uncertainties associated with satellite-derived debris 

thicknesses and more accurately calibrate regional-scale models of debris thickness 

and sub-debris melt rates. 

4.5.3 Thermal properties of supraglacial debris 

As shown by numerous previous studies (e.g. Conway and Rasmussen, 2000; 

Nicholson and Benn, 2012), our results further confirm that, during the daytime, the 

temperature of the supraglacial debris on Llaca Glacier is lowest at the debris-ice 

interface and increases towards the surface of the debris layer (Figure 4a). The 

increasingly lagged peaks in debris temperature from the surface to the base of the 

debris layer indicate that, with increased debris thickness, there will be an 

augmented delay time in the melt response to meteorological forcing at Llaca 

Glacier. 

The depth-averaged thermal conductivity of the debris layer at Llaca Glacier 

(0.78 W m-1 K-1) appears to be slightly lower than the values generally reported by 

previous studies in the Himalaya. For example, at Ngozumpa Glacier in Nepal, 

Nicholson and Benn (2012) found thermal conductivities of 0·95 ± 0·10 W m-1 K-1 

and 1·29 ± 0·13 W m-1 K-1 for dry debris in winter and summer respectively. This 

lower thermal conductivity could potentially be attributed to greater debris porosity, 

which results in more air being trapped within the debris layer and less heat being 

transferred downwards through the debris layer (Juen et al., 2012). 

As a result of its relatively low thermal conductivity, the debris layer on 

Llaca Glacier is likely to be providing a greater insulative effect on the ice below 

than on glaciers where the debris thermal conductivity is greater. This suggests that 

the debris is having a relatively high inhibiting effect on melt rates at Llaca Glacier, 

in comparison to some of the well-studied glaciers in the Himalaya. This could be 

indicative of a higher regional importance of debris cover in controlling glacier melt 
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rates in the Cordillera Blanca. However, further evidence is required in order to 

better understand the role of debris cover in controlling glacial melt rates and 

downstream hydrology in the Ancash region of Peru.  

4.5.4 Model sensitivity and limitations 

The sensitivity analysis results (Table S3) indicate that simulated debris 

thicknesses are most sensitive to incoming shortwave radiation and albedo. While 

incoming solar radiation recorded in the nearby valley is likely to be similar to Llaca 

Glacier (as there were cloud-free conditions during the thermal surveys), future 

studies could further minimise model uncertainties by gathering meteorological data 

on site. Additionally, ground-based pyranometer measurements of albedo could be 

collected and surface classification of albedo could be divided into a greater number 

of categories (e.g. corresponding to different debris lithologies). The model is 

relatively sensitive to surface temperature (Table S3), emphasising the importance of 

accurately calibrating the surface temperatures derived from UAV-mounted thermal 

cameras. While various calibration procedures were performed to correct for the 

effects of sensor biases, sensor drift, atmospheric signal attenuation and surface 

emissivity variations, future efforts could be made to further improve these 

calibration procedures. The model is also moderately sensitive to the nonlinear 

approximation factor. Since the parameterisation of the nonlinear approximation 

factor is affected by the debris temperatures recorded by the thermistors, setting up 

sequences of thermistors at multiple locations of varying debris thicknesses would 

help to ensure the accuracy of this parameter. 

A key limitation associated with this study is the scarcity of debris thickness 

data suitable for validation (as discussed in Section 4.3.3.3), which results in some 

remaining uncertainty in the reliability of debris thicknesses simulated from thermal 

UAV data. In future, further thermal UAV surveys of debris-covered glaciers, 

coupled with a greater number of in-situ debris thickness measurements within 

surveyed areas, would be highly beneficial for establishing this technique as a viable 

method for obtaining high-precision estimates of supraglacial debris thickness with 
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improved levels of accuracy. Furthermore, the collection of ablation-stake 

measurements at debris-thickness simulation sites would enable validation of 

simulated sub-debris melt rates produced using UAV-derived simulated debris 

thicknesses.

4.6  Conclusions 

This study has presented an approach for simulating high-resolution, 

spatially-distributed supraglacial debris thicknesses and sub-debris melt rates from 

UAV-derived thermal imagery, in conjunction with local meteorological data, visible 

UAV imagery and vertically-profiled debris temperature measurements. We have 

demonstrated that by (a) effectively calibrating the radiometric thermal imagery, (b) 

accounting for the temporal variations in meteorological parameters over the UAV 

survey duration, (c) parameterising the spatial distribution of meteorological 

parameters across the survey area, and (d) simulating the thermal conductivity of 

the debris layer, surface energy balance modelling can be used effectively to simulate 

the debris thickness and sub-debris melt rates of debris-covered glaciers. We have 

also demonstrated that by obtaining high-resolution (10 cm) UAV imagery, as 

opposed to using coarser (> 60 m) satellite imagery, the highly spatially-

heterogeneous debris thickness across Llaca Glacier tongue can be significantly 

better represented, facilitating higher-precision sub-debris melt simulations. Our 

findings have indicated that the mean debris thickness across the survey area on 

Llaca Glacier tongue is ~ 71 % lower than the satellite-derived estimate, indicating 

that the accuracy of satellite-derived debris thicknesses are likely to be poor in some 

places. Further sub-debris melt simulation has indicated that this overestimation of 

debris thicknesses would have resulted in a ~ 65 % underestimation of sub-debris 

melt rates across the survey area. Our results also indicated that the debris layer on 

Llaca Glacier has an ~18 – 40 % lower thermal conductivity compared to the debris 

on previously-studied glaciers in the Himalaya, suggesting that the inhibiting effect 

of debris on melt rates may vary considerably between glaciers and/or regions. 

Overall, the results of this study emphasise the need for further high-precision 
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UAV/ground-based studies of the thermal properties of supraglacial debris in the 

Cordillera Blanca, as well as in other mountain regions around the world, in order to 

better calibrate debris thicknesses within glaciological models and improve the 

accuracy of hydrological predictions. 
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Figure 4.S2. Ground-based surface temperature and debris thickness measurements.  The 

blue points show the mean surface temperature (measured in-situ with an Apogee TIR 

radiometer) and corresponding debris thickness (measured in-situ by manual excavation) at 

each of the 20 measurement sites. The dark blue line shows the 2nd order polynomial fit 

between debris thickness and surface temperature. The equation of the polynomial and the 

associated R2 value are shown. 

Figure 4.S3. Surface energy balance vs empirical relation model results. The spatially-

distributed debris thickness values calculated from (a) the surface energy balance model, and 

(b) the empirical relation between debris thickness and surface temperature (derived from in-

situ measurements of surface temperature and debris thickness).  
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Survey Date Time period Variance St. dev. 

ST1 18/8/19 16.25 - 17.30 14.2 3.8 

ST2 19/8/19 09.10 - 10.00 23.6 4.9 

ST3 19/8/19 10.55 - 12.50 35.8 6.0 

ST4 19/8/19 14.25 - 15.45 21.8 4.7 

Debris thickness (cm) 

Measured 

in the field 

Simulated 

Empirical relation SEB model 

~26 17.7 25.6 

~22 17.3 20.6 

~3-5 5.3 3.9 

Table 4.S1. Thermal UAV survey comparison. For each of the four thermal UAV surveys, 

the variances and standard deviations in recorded surface temperatures (°C) are given. Note 

that while each of the four surveys cover different areas, similar materials (ice, rock, water) 

are present within all of the survey areas. 

Table 4.S2. Debris thickness model comparison. At each of the three locations where debris 

thickness was measured in-situ, a comparison of the calculated debris thickness values 

produced from the empirical model and the surface energy balance model is shown.  
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4.7.1 Sensitivity analysis 

The debris thickness model used in this study may be affected by 

uncertainties associated with input parameters. Surface temperature (𝑇𝑠) inputs are 

likely to be affected by thermal camera accuracy and calibration accuracy, while 

effective conductivity (𝑘𝑒𝑓𝑓) and nonlinear approximation factor (𝐺𝑟𝑎𝑡𝑖𝑜) inputs may 

be impacted by thermistor accuracy. Meteorological inputs, including incoming 

shortwave and longwave radiation (𝑆𝑊𝑖𝑛 and 𝐿𝑊𝑖𝑛), air temperature (𝑇𝑎𝑖𝑟) and wind 

speed (𝑢), may be impacted by instrument accuracy, as well as uncertainties 

associated with the transferability of measurements recorded at the weather stations 

to meteorological conditions on Llaca glacier tongue. Inaccuracies in the albedo (𝛼) 

and emissivity (𝜀) values assigned to different surface materials could also 

potentially impact model outputs, as could the surface roughness length (𝑧0) 

assigned to the glacier surface. 

 Input parameter 

change 
Mean change in 𝑑 

(m) 

𝑇𝑠 
+1°C 

-1°C 

0.035 

-0.029 

𝑘𝑒𝑓𝑓 
+0.1 Wm-2 K-1 

-0.1 Wm-2 K-1 

0.025 

-0.025 

𝐺𝑟𝑎𝑡𝑖𝑜 
+0.4 

-0.4 

0.033 

-0.033 

𝑆𝑊𝑖𝑛 
+10% 

-10% 

-0.039 

+0.052 

𝐿𝑊𝑖𝑛 
+10% 

-10% 

-0.019 

0.021 

𝑇𝑎𝑖𝑟 
+1°C 

-1°C 

-0.014 

0.017 

𝑢 
+1 m s-1 

-1 m s-1 

0.020 

-0.033 

𝛼 
+0.1 

-0.1 

0.074 

-0.053 

𝜀 
+0.02 

-0.02 

0.004 

-0.004 

𝑧0 
+0.006 

-0.006 

0.011 

-0.016 

Table 4.S3. Model sensitivity analysis results. Changes in the mean simulated debris 

thickness in response to changes in input parameter values are shown. 
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The sensitivity analysis (Table S3) indicates that the model is most sensitive to 

incoming shortwave radiation and albedo. While incoming solar radiation recorded 

in the nearby valley is likely to be similar to Llaca Glacier (as there were cloud-free 

conditions during the thermal surveys), future studies could further minimise model 

uncertainties by gathering meteorological data on site. Additionally, ground-based 

pyranometer measurements of albedo could be collected and surface classification of 

albedo could be divided into a greater number of categories (e.g. corresponding to 

different debris lithologies). 

The model is relatively sensitive to surface temperature (Table S3), emphasising the 

importance of accurately calibrating the surface temperatures derived from UAV-

mounted thermal cameras. While various calibration procedures were performed to 

correct for the effects of sensor biases, sensor drift, atmospheric signal attenuation 

and surface emissivity variations, future efforts could be made to further improve 

these calibration procedures. For example, since the anodised aluminium panels used 

for quality control appeared to have relatively unstable surface temperatures, which 

varied considerably over short timescales and across their length, the use of 

calibration targets consisting of other materials and/or a portable calibration 

blackbody may help to improve calibration accuracy in the future. The model is also 

moderately sensitive to the nonlinear approximation factor. Since the 

parameterisation of the nonlinear approximation factor is affected by the debris 

temperatures recorded by the thermistors, setting up sequences of thermistors at 

multiple locations of varying debris thicknesses would help to ensure the accuracy of 

this parameter. 
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Chapter 5 

The evolution and melt contribution of 

supraglacial ice cliffs on a low-latitude 

debris-covered glacier 

This chapter investigates the characteristics and evolution of supraglacial ice 

cliffs on a tropical debris-covered glacier in the Peruvian Andes. This chapter 

explores similarities and differences between ice cliffs on the relatively understudied 

tropical glaciers and the debris-covered glaciers in High Mountain Asia which have 

received increased attention in recent years. Additionally, the high-resolution sub-

debris melt maps produced in chapter 2 are used to investigate the potential 

contribution of supraglacial ice cliffs towards the overall mass loss of Llaca Glacier. 

This work was conducted in partnership with the project CASCADA (CAscading 

impacts of peruvian glacier Shrinkage on biogeochemical Cycling and Acid Drainage 

in Aquatic ecosystems), funded by the Newton Fund, the Natural Environmental 

Research Council (NERC) and Consejo Nacional de Ciencia, Tecnología e 

Innovación Tecnológica (CONCYTEC). Additionally, this work involved 

collaboration between The University of Edinburgh, Victoria University of 

Wellington, Universidad Peruana Cayetano Heredia and the University of Bristol. 



5.1.   ABSTRACT 

 

 

 

Publication information: Following co-author reviews, this chapter will be 

submitted for publication as follows: Bisset, R.B., Goldberg, D.N., Nienow, P.W., 

Wigmore, O., Loayza-Muro, R.A., Wadham, J.L., Macdonald, M.L. Bingham, R.G. 

(in preparation) The evolution and melt contribution of supraglacial ice cliffs on a 

low-latitude debris-covered glacier. 

Author contributions: I designed the study, with support from D.N. Goldberg, 

P.W. Nienow and R.G. Bingham. I planned and conducted the UAV surveys, with 

advice from O. Wigmore and field support from M.L. Macdonald. and R.A. Loayza-

Muro. I processed the UAV data from 2019. UAV data from 2014 and 2015, which 

was previously acquired and processed by O. Wigmore, was also used. I designed 

and conducted the simulations within this study, with support from D.N. Goldberg. 

5.1 Abstract 

Like many tropical glaciers around the world, the glaciers of the Cordillera 

Blanca are retreating rapidly, threatening future drinking water availability, food 

security and energy production in the Ancash region of Peru. A large proportion of 

the glaciers in this region are partially blanketed by a layer of supraglacial debris, 

with numerous supraglacial ice cliffs present on their tongues. Previous research has 

demonstrated that the rapid backwasting of supraglacial ice cliffs contributes a 

significant proportion of the overall mass loss from debris-covered glaciers. While ice 

cliffs in regions such as High Mountain Asia have received increasing attention over 

the past decade, little is known about the behaviour of supraglacial ice cliffs in the 

tropics and their contribution towards overall rates of mass loss. Here, we use multi-

temporal, high-resolution UAV data, collected over the tongue of Llaca Glacier, 

Cordillera Blanca (Peru), to investigate ice cliff characteristics and explore the 

factors driving their evolution. Additionally, we simulate the hourly backwasting 

rates of supraglacial ice cliffs over a 15-day period in August 2019 and examine the 

radiative fluxes that drive these backwasting rates. We find that, in line with 

glaciers in the northern hemisphere, ice-cliff survival is strongly controlled by aspect, 
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which influences the spatial distribution of radiative fluxes across cliff surfaces. The 

results also indicate that, while there is little evidence to suggest that ice-cliff 

survival on Llaca Glacier is driven by diurnal meteorological patterns, ice flow 

dynamics may play a role in controlling ice-cliff development. We estimate that, 

across our survey area, ice-cliff backwasting contributed ~20 % of overall ablation 

during the 15-day simulation period, despite covering only 5 % of the surface area. 

Overall, our results highlight the importance of further research into the complex 

dynamics of supraglacial ice cliffs in low-latitude regions in order to more accurately 

simulate the future evolution of and mass loss of tropical debris-covered glaciers

5.2 Introduction 

Glacial meltwater from the Cordillera Blanca plays a vital role in meeting 

downstream water demands within the Ancash region of Peru, particularly during 

the dry season when precipitation is low (Mark and Seltzer, 2017). A significant 

proportion of the glaciers within this region are blanketed by a layer of supraglacial 

debris, which is well known to modify glacial melt rates (e.g. Östrem, 1959; 

Nicholson and Benn, 2006). There is emerging evidence that supraglacial ice cliffs on 

debris-covered glaciers play a significant role in further altering glacial melt, with 

recent studies demonstrating that supraglacial ice cliffs melt more rapidly than the 

debris-covered ice surrounding them, thereby contributing towards a significant 

proportion of the ablation of debris-covered glaciers (e.g. Thompson et al., 2016; 

Brun et al., 2018; Buri and Pellicciotti, 2018). Ice cliffs on the surfaces of debris-

covered glaciers also have greater melt rates than those on debris-free glaciers, due 

to the gathering of fine debris particles on cliff surfaces, lowering surface albedo and 

increasing radiative absorption (Brock et al., 2010). Additionally, debris adjacent to 

ice cliffs heats up during the day, emitting longwave radiation and elevating the 

ambient air temperature by means of convection (e.g. Brock et al., 2010; Buri et al., 

2016; Reid and Brock, 2017).  

Recent studies of supraglacial ice cliffs on debris-covered glaciers have 

primarily focussed on High Mountain Asia and have shown that cliff orientation 
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plays a key role in controlling their evolution. In these regions of the northern 

hemisphere, north-facing ice cliffs survive preferentially over the course of the melt 

season, while south-facing ice cliffs are prone to disappear through flattening and 

reburial (e.g. Kraaijenbrink et al., 2016; Thompson et al., 2016; Watson et al., 2017; 

Buri and Pellicciotti, 2018; Sakai et al., 2018; Steiner et al., 2019). This pattern is 

predominantly driven by variations in the quantity of incoming solar radiation 

across cliff faces, which impact net radiation gradients (e.g. Buri and Pellicciotti, 

2018; Buri et al., 2021). North-facing cliffs receive a relatively uniform net radiation 

flux across their surfaces, allowing cliffs to backwaste evenly and retain steep surface 

slopes, while south-facing cliffs generally receive the greatest net radiation fluxes 

towards their crests, resulting in a positive base-to-crest backwasting gradient which 

drives progressive flattening and ultimate reburial of cliffs (e.g. Thompson et al., 

2016; Sakai et al., 2018; Buri et al., 2021). 

Previous research has demonstrated that supraglacial ponds and hydrological 

drainage channels can also play a role in the development of supraglacial ice cliffs. 

Cliffs adjacent to supraglacial ponds undergo thermoerosion and/or subaqueous 

melt, which is most concentrated near their bases, allowing cliffs to maintain or 

steepen their surface slopes and backwaste evenly (e.g. Buri et al., 2016; Miles et al., 

2016; Miles et al., 2020). Furthermore, the presence of adjacent ponds exposes cliff 

bases to a greater quantity of longwave radiation emitted by debris bordering the 

cliff-pond system, further steepening cliff surfaces (Buri et al., 2016). Additionally, 

the drainage of water from supraglacial ponds through the englacial system can 

widen englacial channels and increase the risk of conduit roof collapse, which can 

lead to the formation of new supraglacial ice cliffs and ponds (e.g. Sakai et al., 2000; 

Miles et al., 2016). Previous studies have also found few clear links between ice-flow 

dynamics and ice-cliff survival, with cliffs predominantly facing north, regardless of 

glacier flow direction (e.g. Watson et al., 2017; Buri and Pellicciotti, 2018; Steiner et 

al., 2019; Buri et al., 2021). However, some studies have found a greater prevalence 

of ice cliffs near tributary confluences and in areas of active ice flow (e.g. Watson et 
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al., 2017; Steiner at al., 2019), indicating that ice-flow dynamics could contribute 

towards ice-cliff evolution.  

While supraglacial ice cliffs in mid/high-latitude regions such as High 

Mountain Asia and Alaska have received growing research attention in recent years 

(e.g. Buri and Pellicciotti, 2018; Anderson et al., 2021; Sato et al., 2021), little is 

known about the evolution of ice cliffs on low-latitude glaciers and their contribution 

towards glacier ablation. Here, we use high-resolution UAV imagery to examine the 

behaviour of supraglacial ice cliffs on the debris-covered tongue of Llaca Glacier, 

Cordillera Blanca, Peru. Using 10 cm digital elevation models (DEMs) of the glacier 

surface, acquired in 2014, 2015 and 2019, we investigate the physical characteristics 

and evolution of ice cliffs, as well as the general evolution of the glacier tongue 

between 2014 and 2019. Additionally, we simulate hourly ice-cliff backwasting rates 

for a 15-day period in August 2019 and investigate the radiative fluxes which play a 

role in driving ice-cliff backwasting and evolution.

5.3 Methods 

5.3.1 Study site 

Situated within the central Cordillera Blanca of Peru, Llaca Glacier 

(9°25’33’’S, 77°26’15’’) covers a total surface area of ~ 5.1 km2 and spans from ~ 

4460 to ~6090 m a.s.l. (RGI 6.0, 2017). The meltwater from Llaca Glacier feeds into 

the Rio Santa river basin, which supplies water resources to downstream 

communities in the Ancash region. The tongue of Llaca glacier, which extends over 

an area of ~ 0.22 km2, is mantled with a layer of supraglacial debris. Llaca Glacier 

was selected as the site for this study in order to build upon previous work 

conducted on this glacier (Wigmore et al., 2017; Chapter 4 of this thesis). 

5.3.2 High-resolution mapping of ice-surface-elevation change and ice flow 

Analyses of ice-surface-elevation change patterns and ice-flow dynamics were 

performed using high-resolution orthomosaics (5 cm) and digital elevation models 
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(DEMs) (10 cm) of Llaca Glacier tongue (Figure 5.1), derived from visible UAV 

imagery collected in 2014 (23 July) and 2015 (28 July) (Wigmore et al., 2017) and 

2019 (21 August) (see Thesis Section 4.3.2.2). These datasets cover an area of ~ 

220,000 m2 of the debris-covered ice tongue. For a full description of the methods 

used to generate these datasets, see Wigmore et al. (2017) and Thesis Sections 

4.3.2.2, 4.3.3.1 and 4.3.4.1. The 2014, 2015 and 2019 DEMs were differenced in order 

to quantify temporal changes in the surface elevation of Llaca glacier tongue. In 

order to map patterns of ice flow between 2014 and 2019, manual feature tracking 

was performed based on 57 large boulders which could be distinguished clearly 

within both the 2014 and 2019 orthomosaics. Cubic spline interpolation was used to 

Figure 5.1. UAV-derived datasets from 2019. (a) and (b) show the 10 cm DEM and 5 cm 

orthomosaic, respectively, which were generated from visible UAV imagery collected on 21 

August 2019. (c) and (d) show examples of supraglacial ponds and cliffs, the locations of 

which are shown by the blue and green rectangles in (b), which can be analysed in detail 

using these UAV-derived datasets. 
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generate gridded maps of ice surface flow speed and direction from the feature-

tracking-derived surface velocity vectors.  

5.3.3 Analysing ice-cliff distribution and physical characteristics 

The spatial distributions of supraglacial ice cliffs and ponds were mapped for 

2014, 2015 and 2019, based on the UAV-derived DEMs and orthomosaics. Ice cliffs 

were delineated semi-automatically based on physical characteristics such as surface 

slope (full description of the cliff-detection method available in Section 4.3.5.4 of this 

thesis). Due to their relatively low abundance, supraglacial ponds were mapped 

manually using the orthomosaics of Llaca Glacier tongue. The three-dimensional 

surface areas of supraglacial ice cliffs, as well as the overall glacier tongue, were 

calculated using the 10 cm DEMs for 2014, 2015 and 2019. Only supraglacial ice 

cliffs on top of the glacier surface were included in the analyses, while frontal ice 

cliffs were excluded. 

Gridded maps of the surface slope and aspect of supraglacial ice cliffs were 

produced for 2014, 2015 and 2019, using the 10 cm DEMs. For each of these years, 

the mean slope, aspect and elevation of each ice cliff were calculated. In order to 

investigate altitudinal patterns in ice-cliff characteristics, the total area covered by 

ice cliffs was binned into 100 elevation bands, for each of which the mean slope and 

aspect were calculated. Based on these mean values, linear regression and breakpoint 

analyses were used to analyse altitudinal trends. To investigate the relationship 

between ice-cliff aspect and solar radiation receipt, the distribution of incoming 

shortwave radiation across ice-cliff faces was mapped using the 10 cm DEMs of the 

ice tongue in 2014, 2015 and 2019, overlaid onto the ALOS 30 m DEM of the 

surrounding topography. The shortwave radiation maps, which include direct and 

diffuse radiation, were generated over three 24-hour periods corresponding to the 

dates of the UAV surveys from which the DEMs were derived (00:00 to 24:00 on 23 

July 2014, 28 July 2015 and 21 August 2019). Average diurnal trends in incoming 

solar radiation in the month preceding each of the three surveys were examined 

using meteorological data recorded by the Cuchilla Cocha weather station, located in 
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the nearby (9.5 km) Quilcayhuanca Valley at an altitude of 4630 m a.s.l. (location 

marked in Figure 4.1c). 

5.3.4 Simulating backwasting rates of supraglacial ice cliffs 

Spatially-distributed backwasting rates of ice cliffs were estimated using an 

energy balance model which accounts for the effects of surrounding terrain on 

longwave and shortwave energy fluxes, based on the grid-based model introduced by 

Buri et al. (2016). Because surface temperature data were only available for a 

smaller subset of the visible survey area (covering an area of ~ 137,000 m2), ice-cliff 

backwasting could only be simulated across this reduced area. Hourly backwasting 

rates were simulated over a 15-day period from 12-26 August 2019, selected 

specifically to correspond closely with collection of the UAV data used in this study 

(Table 4.1). 

The ablation 𝑀 normal to the ice surface (m w.e.) for each horizontal grid 

square was calculated as: 

             𝑀 =
𝑄𝑚∆𝑡

𝜌𝑖𝐿𝑓
                 (5.1) 

where 𝑄𝑚 is the energy flux available for melt, ∆𝑡 is the model time-step (here being 

3600 s), 𝜌𝑖 is the ice density (900 kg m3) and 𝐿𝑓 is the latent heat of fusion (334 kJ 

kg-1) (Buri et al., 2016). The use of a longer model time-step (1 day) was also tested; 

however, comparison of the results to those of the hourly model indicated that melt 

rates are poorly parameterised using daily averaged meteorological data (discussed 

further in Section 5.5.4). 

The energy flux (𝑄𝑚) was calculated as: 

  𝑄𝑚 = 𝐿𝑛 + 𝑆𝑛 + 𝐻 + 𝐿𝐸               (5.2) 

where 𝑆𝑛 and 𝐿𝑛 are the net shortwave and longwave radiation fluxes, 𝐻 is the 

sensible heat flux and 𝐿𝐸 is the latent heat flux (all units are in W m-2) (Buri et al., 
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2016). When the net energy flux was negative, a melt rate of 0 m w.e. h-1 was 

assumed.  

In order to estimate the contribution of supraglacial ice cliffs towards the 

overall ablation of Llaca Glacier tongue (excluding ablation beneath supraglacial 

ponds), the simulated cliff ablation rate for each pixel was multiplied by its three-

dimensional surface area to calculate volume loss. The volume losses corresponding 

to each pixel were summed to estimate total volume loss through ice-cliff 

backwasting across the survey area. Distributed sub-debris melt rates simulated in 

Thesis Chapter 4 were used to estimate the contribution of sub-debris ablation 

towards overall ablation within the survey area. To estimate the three-dimensional 

surface area of the ice surface beneath the debris, the UAV-derived DEM was 

downsampled to a resolution of 5 m in order to minimise the effects of individual 

rock surfaces on calculated surface areas. The surface area calculated for each 5 m 

pixel was multiplied by pixel-specific melt rates to calculate the volume loss for each 

pixel and volume loss values were summed to calculate the volume loss through sub-

debris melting across the survey area. The contribution of ablation beneath and 

around the margins of supraglacial ponds, which cover less than 1% of the survey 

area, was excluded from these analyses as there was insufficient data to simulate 

pond-driven melt rates. 

5.3.5 Simulating longwave and shortwave energy fluxes onto ice cliffs 

When simulating the net longwave radiation (𝐿𝑛) at ice-cliff surfaces, we 

accounted for longwave radiation emitted from the atmosphere onto the ice cliffs 

(𝐿𝑎), from the debris onto the ice cliffs (𝐿𝑑), and from the ice cliffs into the 

atmosphere (𝐿𝑜𝑢𝑡) (Buri et al., 2016): 

                     𝐿𝑛 = 𝐿𝑑 + 𝐿𝑎 − 𝐿𝑜𝑢𝑡              (5.3) 

All longwave fluxes are in W m-2. The longwave energy emitted by the surrounding 

debris was calculated as: 
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 𝐿𝑑 = 𝑉𝑑𝜀𝜎𝑇𝑑
4                 (5.4) 

where 𝑉𝑑 is the debris view factor (dimensionless), 𝜀 is the emissivity (a value of 0.94 

was assumed (Salisbury and D’Aria, 1992)), 𝜎 is the Stefan-Boltzmann constant 

(5.67 x 10-8 W m-2 K-4) and 𝑇𝑑 is the inverse distance weighted (IDW) mean surface 

temperature of the debris surrounding each ice-cliff-covered pixel. To estimate 𝑇𝑑, 

the mean hourly surface temperature was simulated from a 10 cm resolution debris 

thickness map, derived from thermal UAV imagery (Thesis Section 4.3.5.3), in 

conjunction with weather station data, using the surface energy balance modelling 

approach of Nicholson and Benn (2006). While this approach does not account for 

the impacts of nonlinear temperature gradients within the debris layer on debris 

surface temperature, the impacts on the simulated melt rates were found to be 

minimal (< 3 %) (Section 5.5.4). A distance of 10 m was used in the IDW 

calculations of mean debris temperature surrounding the ice cliffs. This distance was 

considered sufficient since sensitivity analyses showed that changing the IDW 

distance from 10 to 20 m resulted in less than 0.1 K change in the IDW mean 

surface temperature calculated for each ice-cliff-covered pixel. 

The longwave radiation emitted by the atmosphere was calculated as: 

                𝐿𝑎 = 𝑉𝑠,𝐿𝐿𝑖𝑛                  (5.5) 

where 𝑉𝑠,𝐿 is the longwave sky view factor and 𝐿↓ is the incoming longwave radiation 

recorded at the weather station (W m-2) (Buri et al., 2016). 𝐿𝑖𝑛 was simulated using 

the parameterisation of Dilley and O’Brien (1998). A clear sky emissivity was used 

within this parameterisation, since clear sky conditions were observed in the field 

throughout the model period. 

The net shortwave radiation (𝑆𝑛) was calculated as: 

    𝑆𝑛 = (1 − 𝛼𝑖)(𝑆𝑑𝑖𝑟 + 𝑆𝑑𝑖𝑓𝑓 + 𝑆𝑑)              (5.6) 

where 𝛼𝑖 is the albedo of ice (assumed here to be 0.1 (Reid and Brock, 2014)), 𝑆𝑑𝑖𝑟 

and 𝑆𝑑𝑖𝑓𝑓 are the incoming direct and diffuse shortwave radiation from the 
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atmosphere, respectively (W m-2), and 𝑆𝑑 is the shortwave radiation reflected by the 

debris onto the ice cliffs (W m-2) (Buri et al., 2016). The 10 cm UAV-derived DEM 

of the glacier tongue, overlaid on the 30 m ALOS DEM of the surrounding area, was 

used to simulate the spatial distribution of 𝑆𝑑𝑖𝑟 and 𝑆𝑑𝑖𝑓𝑓 for each hour of the day. 

The resulting shortwave distribution maps were divided by their mean values, before 

being multiplied by the corresponding hourly incoming shortwave radiation values 

that were recorded at the weather station, in order to adjust for temporal changes in 

the strength of incoming solar radiation. The shortwave radiation reflected by the 

debris onto the cliffs (𝑆𝑑) was calculated by: 

𝑆𝑑 = 𝑉𝑑𝛼𝑑𝑆𝑖𝑛                  (5.7) 

where 𝛼𝑑 is the albedo for debris (assumed here to be 0.3 (Nicholson and Benn, 

2012)) and 𝑆𝑖𝑛 is the mean daily incoming shortwave radiation recorded by the 

weather station. The debris view factor was calculated from the UAV-derived DEM 

overlaid on the ALOS DEM. 

5.3.6 Simulating turbulent energy fluxes onto ice cliffs 

The sensible and latent heat fluxes were calculated using the bulk 

aerodynamic method of Han et al. (2010), which accounts for the effects of slope 

orientation on the exchange coefficients. Both the latent and sensible exchange 

coefficients were calculated for a neutral boundary layer with logarithmic profiles for 

temperature and wind speed.  

The sensible heat flux was calculated as: 

        𝐻 = 𝐾𝑠𝑃(𝑇𝑎 − 𝑇𝑠)𝑢                (5.8) 

where 𝐾𝑠 is the exchange coefficient for sensible heat (dimensionless), 𝑃 is the 

atmospheric pressure (kPa), 𝑇𝑎 is the air temperature (K), 𝑇𝑠 is the surface 

temperature (assumed to be 273.15 K on bare ice) and 𝑢 is the wind speed (m s-1) 

(Han et al., 2010). The air temperature and wind speed values recorded at the 

Cuchilla Cocha weather station were used, with air temperature being adjusted for 
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altitude within the model. The sensible heat exchange coefficient was calculated 

from: 

    𝐾𝑠 =
𝑐𝑝𝑘2𝜌0

𝑃0 ln(
𝑧

𝑧0
) ln(

𝑧

𝑧0𝑇
)
               (5.9) 

where 𝑐𝑝 is the specific heat capacity of air at constant pressure (1004 J kg-1 K-1), 𝑘 

is von Kármán’s constant (0.41), 𝜌0 is the standard density of air (1.29 kg m-3), 𝑃0 is 

the atmospheric pressure at sea level (101.3 kPa), 𝑧 is the screen height for 

meteorological measurements (2 m), 𝑧0 is the roughness length for a momentum 

profile (m) and 𝑧0𝑇 is the roughness length for a temperature profile (m) (Han et al., 

2010). 𝑧0 was calculated as: 

                 𝑧0 = 0.5ℎ𝑐𝜆𝑓                        (5.10) 

where ℎ𝑐 is the height of the cliff (m) and 𝜆𝑓 is the frontal area density, which was 

calculated as: 

      𝜆𝑓 = 0.05𝑠𝑖𝑛𝛽(1 + cos(𝐴 − 𝑊𝐷))              (5.11) 

where 𝛽 is the mean ice-cliff slope (°), 𝐴 is the mean cliff azimuth (°) and 𝑊𝐷 is the 

wind direction (°) (Han et al., 2010). The mean height, slope and aspect of each ice 

cliff were calculated from the 10 cm DEM. 𝑧0𝑇 was calculated as: 

   𝑧0𝑇 =
𝑒

0.317−0.183𝑙𝑛2(𝑅𝑒∗)
1000 𝑧0

𝑅𝑒∗
0.565               (5.12) 

where 𝑅𝑒∗ is the roughness Reynolds number, which was calculated as: 

                   𝑅𝑒∗ =
𝑢∗𝑧0

𝑣
                 (5.13) 

where 𝑢∗ is the friction velocity (m s-1) and 𝑣 is the viscosity of air (1.35 x 10-5 m-2 s-

1) (Han et al., 2010). The friction velocity was obtained by: 

 𝑢∗ =
𝑢𝑘

ln(
𝑧

𝑧0
)
                              (5.14) 
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The latent heat flux was calculated as: 

   𝐿𝐸 = 𝐾𝐿(𝑒𝑎 − 𝑒𝑠,𝑖)𝑢              (5.15) 

where 𝐾𝐿 is the exchange coefficient for latent heat (dimensionless), 𝑒𝑎 is the 

atmospheric vapour pressure (kPa) and 𝑒𝑠,𝑖 is the vapour pressure at the ice-cliff 

face, which is assumed to be the saturated vapour pressure at 273.15 K (0.611 kPa) 

(Han et al., 2010). The latent heat coefficient was calculated as: 

      𝐾𝐿 =
0.623𝐿𝑣𝑘2𝜌0

𝑃0 ln(
𝑧

𝑧0
) ln(

𝑧

𝑧0𝑒
)
                  (5.16) 

where 𝐿𝑣 is the latent heat of evaporation (2.514 x 106 J kg-1) and 𝑧0𝑒 is the 

roughness length for logarithmic profile of vapour pressure (m), which was assumed 

to be equal to 𝑧0𝑇. The atmospheric vapour pressure was calculated as: 

                    𝑒𝑎 = 𝑒𝑠,𝑎
𝐻𝑅

100
                         (5.17) 

where 𝐻𝑅 is the relative humidity (as measured at the weather station) and 𝑒𝑠,𝑎 is 

the saturation pressure of the atmosphere (kPa), which was calculated from the 

Clausius-Clapeyron relation: 

   𝑒𝑠,𝑎 = 0.611𝑒
𝐿𝑣

273𝑅𝑣
−

𝐿𝑣
𝑅𝑣𝑇𝑎              (5.18) 

where 𝑅𝑣 is the gas constant for moist air (461 J kg-1) (Salby, 1996).

5.4 Results 

5.4.1 Ice-surface-elevation changes and flow dynamics 

The results show a mean annual ice surface lowering of 1.43 m a-1 (Figure 

5.2a) and a mean annual volume loss of 293,000 m3 a-1 across the survey area on 

Llaca Glacier tongue between 2014 and 2019. Assuming an ice density of 850 ± 60 

kg m−3, this is equivalent to a mean annual mass loss of 249 ± 18 kilotonnes per 

year. For the same area, between 2014 and 2015, the results indicate a mean ice-



5.4.   RESULTS 

 

 

 

surface lowering of 0.76 m a-1, 47 % lower than between 2014 and 2019 (Figure 5.2b) 

(Wigmore et al., 2017). The results also indicate high spatial heterogeneity in ice-

surface-elevation change across the glacier tongue between 2014 and 2015 (with a 

standard deviation of 2.58 m a-1) (Wigmore et al., 2017), while averaged patterns of 

surface elevation change over the entire 2014-2019 period are considerably less 

heterogeneous (with a standard deviation of 1.29 m a-1). 

In comparison to satellite-derived ice-surface-elevation change estimates for 

the period between 2013 and 2016 (Seehaus et al., 2019), our UAV-derived results 

indicate a significantly greater variability in mean surface-elevation change between 

2014 and 2019 over the same area, despite being averaged over a greater time period 

(Figure 5.2c). More specifically, our results indicate a range of ice-surface-elevation 

change values 357 % greater, as well as a standard deviation 64 % greater, than 

indicated by the results of Seehaus et al. (2019) for the same area. Our results also 

suggest a 37% greater rate of ice surface lowering between 2014 and 2019, compared 

to the rate of ice loss observed by Seehaus et al. (2019) between 2013 and 2016 

(Figure 5.2c).  

The results of our surface feature tracking between 2014 and 2019 

demonstrate that ice flow velocity increases up-glacier (Figure 5.3), with ice flowing 

approximately 6 times faster in the upper portion of the glacier tongue (~16-20 m a-

1) compared to near the glacier terminus (~ 2-4 m a-1). We also find that the ice-flow 

direction shifts from south-westerly in the upper portion of the glacier tongue 

towards more southerly flow near the terminus (Figure 5.3). The flow direction is 

more variable near the glacier terminus (~ 165° - 210°) in comparison to the 

uppermost part of the study area (~ 240° - 250°). In contrast, the flow velocity is 

less variable near the terminus (3.0 - 3.5 m a-1) in comparison to the uppermost part 

of the study area (13.2 – 20.9 m a-1). 
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5.4.2 Supraglacial ice-cliff and pond distribution 

The three-dimensional surface area covered by supraglacial ice cliffs within 

the study area is lowest in 2019 (8,700 m2), compared to 2014 (11,300 m2) and 2015 

(10,400 m2) (Figure 5.4c). Ice cliffs covered 4.6%, 4.4% and 3.8% of the total surface 

area of Llaca Glacier tongue in 2014, 2015 and 2019, respectively. There appear to 

be no clear patterns in the spatial distribution of supraglacial ice cliffs. However, 

there is a noticeable absence of ice cliffs near the centre of the uppermost part of the 

survey area, which is consistent in all three survey years (2014, 2015 and 2019) 

(Figure 5.4a). 

The surface area covered by supraglacial ponds in 2019 (2,000 km2) is 

approximately two times greater than in both 2014 and 2015 (Figure 5.4c). There 

are no obvious spatial patterns in supraglacial pond distribution although it appears 

that the largest ponds in 2014 were located in the lower half of the survey area, 

compared to 2019, when the largest ponds were located in the upper half of the 

Figure 5.3. Glacier surface-flow map. The start and end positions of each surface feature 

that was manually tracked between 2014 and 2019 are shown by each arrow. The 

interpolated ice flow velocities for the study area (shown in Figure 5.2d) is shown by the 

colour scale. 
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survey area. There is also an absence of supraglacial ice ponds in the same 

uppermost area of the survey already noted as not hosting supraglacial ice cliffs 

either (Figure 5.4a-b). 

5.4.3 Supraglacial ice cliff characteristics 

  The results show that ice cliffs had mean surface slopes of 51.4° in 2014, 50.5° in 

2015 and 51.9° in 2019 (Figure 5.5a,c,e). In all three years, at least 85% of ice-cliff 

covered pixels (10 x 10 cm) had a slope value of between 40° and 60°. The most 

common ice-cliff surface slopes were 46° in both 2014 and 2015 and 50° in 2019. The 

results also indicate that supraglacial ice cliffs on Llaca Glacier tongue most 

frequently face in a south-westerly direction (Figure 5.5b,d,f). In 2014, 2015 and 

2019, 44.6 %, 45.2 % and 45.0 % of cliff-covered pixels, respectively, correspond to 

Figure 5.4. Spatial distribution of supraglacial ice cliffs and ponds. (a) Supraglacial ice 

cliffs on Llaca Glacier tongue in 2014, 2015 and 2019. (b) Supraglacial ponds in 2014, 2015 

and 2019. The grey shaded area in (a) and (b) corresponds to the survey coverage shown 

in Figure 2d. (c) Comparison of the surface area covered by cliffs and ponds between 

different years. 
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aspects of between 180° and 270°. The most common three degrees of cliff aspect 

were 208°-211° in 2014, 195°-198° in 2015 and 186°-189° in 2019. Cliff aspects 

observed in 2019 were more concentrated towards the south south-west, with 18.9% 

Figure 5.5. Histograms of ice cliff surface slope and aspect. (a), (c) and (e) show the 

frequency of ice-cliff-covered pixels in relation to surface slope between 40° and 90°, while 

(b), (d) and (f) show the frequency of ice-cliff covered pixels in relation to surface aspect. 

Each pixel included within these histograms represents a 10 cm x 10 cm area of the overall 

ice-cliff-covered area. 
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of pixels between 180° and 210°, compared to 15.7% and 16.0% in 2014 and 2015 

respectively (Figure 5.5b,d,f). 

Figure 5.6 shows that, while the total surface area covered by ice cliffs is 

lowest in 2019, the surface area of the largest cliff is greatest (1,245 m2) in 2019, 

while the largest cliffs have surface areas of 836 m2 and 395 m2 in 2014 and 2015, 

respectively. The mean surface slope of the largest cliff is similar in all three years, 

ranging by only 1.2° (from 49.7° to 50.9°). In all three years, the largest cliff has a 

south-west-facing mean aspect (204.4° in 2014, 237.1° in 2015 and 223.5° in 2019). In 

all three years, none of the largest 100 cliffs (Figure 5.6) have a mean north-facing 

aspect, with a complete absence of cliffs with mean aspects of between 320° and 60°. 

Additionally, cliffs facing northeast and northwest tend to be relatively small 

(Figure 5.6). Similarly, cliffs with particularly low or high mean slopes also tend to 

be relatively small. In 2019, the largest five ice cliffs account for 29% of the total 

cliff surface area, compared to 18% in 2014 and 25% in 2015.  

Altitudinal changes in ice-cliff surface slope and aspect appear to follow 

similar trends in 2014, 2015 and 2019 (Figure 5.7). Mean surface slope generally 

decreases with elevation over the lowermost ~ 75 % of the survey area while, in the 

uppermost portion of the survey area, the ice-cliff slope appears to increase with 

elevation (Figure 5.7a-c). In all three years, the steepest ice-cliff surface slopes (> ~ 

55°) appear to be found either near the terminus or near the top of the survey area. 

Meanwhile, in all three years, mean ice-cliff aspect increases with elevation within 

the lower portion of the glacier tongue, from south/southeast to southwest/west 

(Figure 5.7d-e). However, this trend dissipates in the uppermost portion of the 

survey area, where there is a wider spread of aspects, from roughly southeast to 

west. 

Our results show that, in all three years (2014, 2015 and 2019), cliff surfaces 

facing north receive the greatest quantity of incoming shortwave radiation, while 

cliff surfaces facing directly south receive the least shortwave radiation (Figure 5.8a). 

Data recorded at the nearby weather stations, during the month before the visible 
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UAV data were collected (21 August 2019), show that a greater proportion of the 

total incoming shortwave radiation is received after solar noon compared to before 

solar noon (Figure 5.8b). In the month preceding UAV data collection, the 

Cuchillacocha weather station recorded a mean incoming shortwave radiation flux of 

159 W m-2 in the 12 hour period preceding solar noon, while a greater mean 

incoming shortwave radiation flux of 256 W m-2 was recorded during the 12 hour 

period following solar noon. 

5.4.4 Ice-cliff backwasting rates 

Simulated ice-cliff backwasting from 12-26 August 2019 (Figure 5.9) was 

responsible for 20 % of overall ablation across the survey area, despite ice cliffs 

covering only 5 % of the survey’s surface area. Simulated ice-cliff backwasting 

occurred at a mean rate of 0.14 cm h-1 over this period, with strong diurnal cycles in 

backwasting rate which peaked between 9:00 and 14:00 each day (Figure 5.9). The 

Figure 5.8. Patterns of incoming shortwave radiation. (a) Mean incoming shortwave 

radiation received by ice-cliff surfaces on Llaca Glacier, binned for each degree of aspect, for 

2014, 2015 and 2019. (b) Mean diurnal patterns in incoming shortwave radiation recorded by 

the Cuchillacocha weather station (WS1: 4630 m a.s.l.) and the lower-elevation Casa de 

Agua weather station (WS2: 3920 a.s.l.) in the month preceding 19 August 2019 (when the 

UAV data were collected). Dotted red line shows the average time of solar noon during the 

month preceding 19 August. 
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maximum mean hourly cliff backwasting rate across the survey area (0.89 cm h-1) 

occurred on 12 August at 14:00.   

The model results also indicate that ice-cliff backwasting rates are highly 

spatially heterogeneous (Figure 5.9), with mean melt rates having a variance of 0.19 

cm h-1. Additionally, backwasting rates often vary significantly across the surfaces of 

individual ice cliffs, particularly where ice cliffs have complex geometry with 

multiple limbs orientated in different directions. The north-facing components of ice 

cliffs have the greatest backwasting rates, while the south-facing parts have the 

lowest backwasting rates. This pattern is exemplified in Figures 5.9b-d, which 

display the distributed melt rates of the three largest ice cliffs within the survey 

area. There are no clearly-distinguishable gradients in backwasting rates from the 

bases to crests of ice cliffs within the survey area. 

5.4.5 Radiative fluxes at ice-cliff surfaces 

Figure 5.10 shows the temporal variations in the radiative fluxes at ice-cliff 

surfaces over the 15 day simulation period. The results indicate positive mean net 

shortwave and sensible energy fluxes of 106 and 93 W m-2, respectively. By contrast, 

negative mean net longwave and latent energy fluxes of -103 and -81 W m-2, 

respectively, are simulated for the same period. There are strong diurnal cycles in 

net shortwave, sensible and latent energy fluxes at ice-cliff surfaces, with mean 

hourly fluxes peaking at maximum values of 583, 499 and 27 W m-2, respectively. 

Meanwhile, the results indicate low temporal variations in the net longwave flux, 

which ranges from a minimum mean hourly flux of -114 Wm-2 to a maximum mean 

hourly flux of -84 Wm-2. 

Breaking down the individual components of the net longwave flux shows 

that, overall, 44 % more longwave radiation is emitted onto ice-cliff faces from the 

atmosphere than from the surrounding debris (Figure 5.10b). The mean hourly flux 

of longwave radiation emitted by the debris onto ice cliffs ranges by a total of 57 W 

m-2, while the longwave radiation from the atmosphere ranges by a total of only 24 
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W m-2. Throughout the 15-day period, the mean outgoing longwave flux consistently 

outweighs the combined incoming longwave fluxes from the atmosphere and 

surrounding debris, therefore maintaining a consistently negative net flux. The 

broken-down model results also show that shortwave radiation from the atmosphere 

Figure 5.10. Simulated mean hourly radiative fluxes on ice cliff faces between 12 and 26 

August 2019. (a) Net shortwave (Sn), longwave (Ln), sensible (H) and latent (LE) fluxes. (b) 

and (c) show the individual components of the longwave and shortwave fluxes, respectively, 

including the longwave flux from the atmosphere onto ice cliffs (La), the longwave flux 

emitted by the debris onto ice cliffs (Ld), the outgoing longwave flux emitted by ice cliffs 

(Lout), the shortwave flux from the atmosphere that is absorbed by cliffs (Sa) and the 

shortwave flux reflected by the debris that is absorbed by cliffs (Ld). 
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accounts for 89 % of the net shortwave flux, while shortwave radiation reflected by 

the debris onto ice-cliff surfaces contributes only the remaining 11 % (Figure 5.10c). 

Figure 5.11 shows examples of the spatial distribution of the components of 

the shortwave and longwave radiative fluxes for the largest ice cliff on Llaca Glacier, 

while Supplementary Figures 5.S2 - 5.S9 shows further examples for other smaller ice 

cliffs. The south-facing cliffs generally receive the most longwave radiation from the 

atmosphere (Figure 5.11c), while north-facing cliffs receive the most longwave 

radiation emitted by the surrounding debris (Figure 5.11d). The tops of ice cliffs 

receive less longwave radiation from the atmosphere compared to nearer the bases of 

cliffs, while there is no obvious pattern in base-to-crest gradient in longwave 

radiation emitted from the debris onto ice-cliff faces (Figures 5.11c-d). Overall, the 

net longwave flux is generally slightly less negative at cliff bases compared to further 

up cliff faces, where the net longwave flux is even more negative (Figure 5.11b). 

The model results also indicate that north-facing cliffs receive the most 

shortwave radiation from the atmosphere, while cliffs facing south receive the least 

(Figure 5.11f). South-facing cliffs receive less shortwave radiation from the 

atmosphere near their crests compared to near their bases, while north-facing cliffs 

tend to have a more even distribution of shortwave radiation (Figure 5.11g). North-

facing cliffs receive the most shortwave radiation reflected from the surrounding 

debris, while south-facing cliffs receive the least (Figure 5.11h). The results do not 

indicate any strong base-to-crest gradients in shortwave radiation reflected by the 

debris onto ice-cliff faces. Overall, the net shortwave flux is greatest on north-facing 

cliff faces and lowest on south-facing cliff faces.  

Overall, the net energy flux is greatest for north-facing cliffs and cliffs facing 

in all other directions receive relatively low net energy fluxes in comparison. The 

results also indicate that the majority of cliff faces, regardless of aspect, appear to 

receive greater net fluxes at their bases relative to their tops. 
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5.5 Discussion 

5.5.1 Evolution of Llaca Glacier tongue 

The results show a clear pattern of ice-surface lowering between 2014 and 

2019 (Figure 5.2). The mean annual surface lowering rate observed in this study is 

nearly double the rate observed by Wigmore et al. (2017) between 2014 and 2015, 

indicating that ice thinning may have accelerated over the past several years. 

However, further data from a greater range of years are required to confirm a speed-

up in ice thinning. The mean annual ice surface lowering rate observed in this study 

was 37% greater than the mean surface lowering observed from satellite data by 

Seehaus et al. (2019) between 2013 and 2016. This difference could arise either from 

the differences in precision between the two studies, or differences in melt rates 

between the two periods, or a combination of both. Regardless, the results of this 

study and Wigmore et al. (2017) indicate high spatial variability in ice-surface-

elevation change rates across Llaca Glacier tongue (Figure 5.2) that is not captured 

by present satellite observations. The higher resolution of the UAV observations 

allows us to capture the advection of surface features as the ice flows downhill, 

which appears predominantly responsible for the high variability in elevation change. 

Spatially-heterogeneous melt rates, also owing their detection to the higher 

resolution of UAV surveying, and caused by ice-cliff backwasting and supraglacial 

debris-thickness variability across the ice tongue, likely also drive the spatial 

variability in ice-surface lowering rates. Overall, we have found that with UAV 

surveying we detect potentially greater and more variable rates of ice loss from Llaca 

Glacier than inferred from satellite observations, suggesting that future regional 

satellite-derived mass balance observations would benefit from validation and 

calibration with further UAV-based data collection on several glaciers in the 

Cordillera Blanca.  

The increase in ice flow velocity with distance upstream on the debris-

covered tongue of Llaca Glacier (Figure 5.3) matches similar ice-flow behaviour on 

debris-covered glaciers in other mountain regions (e.g. Anderson and Anderson, 
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2016; Thompson et al., 2016; Loriaux and Ruiz, 2021). A similar up-glacier velocity 

increase was observed at Jatunraju Glacier (Emmer et al., 2015), which is located 

approximately 50 km northwest of Llaca Glacier, where it was also found that 

velocities in the lower portion of the glacier had decelerated significantly to less than 

a quarter of ice flow velocities previously-observed in the 1960s to 1980s (Lliboutry, 

1977; Ames, 1984; Emmer et al., 2015). In comparison to the velocities observed by 

Wigmore et al. (2017) at Llaca Glacier tongue between 2014 and 2015, the mean 

annual velocities observed between 2014 and 2019 were approximately one third 

lower, indicating that a similar pattern of deceleration may be occurring in the lower 

portion of Llaca Glacier. This apparent deceleration could potentially have arisen 

from a reduction in gravitational driving stress due to ice thinning, a pattern which 

has been observed on many glaciers in High Mountain Asia (e.g. Neckel et al., 2017; 

Dehecq et al., 2019), although further evidence from additional years is required to 

confirm ice deceleration on Llaca Glacier tongue. 

5.5.2 Contribution of ice-cliff backwasting towards overall mass loss 

The results of this study indicate that, despite covering only 5 % of the 

survey surface area, the backwasting of ice cliffs is responsible for a fifth of ice loss 

across the survey area during the 15-day simulation period. This finding suggests 

that, similar to ice cliffs on debris-covered glaciers in higher-latitude regions such as 

High Mountain Asia (e.g. Sakai et al., 1998; Thompson et al., 2016) and Alaska 

(Anderson et al., 2021), supraglacial ice cliffs are likely to be contributing 

disproportionately towards the overall melt rates of debris-covered glaciers in the 

Cordillera Blanca. This underscores the importance of further studies of ice-cliff 

backwasting on debris-covered glaciers in low-latitude regions in order to improve 

the parameterisation of glacial melt rates and hydrological runoff in glaciological 

models.  

In a study of Lirung Glacier, Nepal, Buri et al. (2021) showed an up-glacier 

reduction in melt enhancement caused by ice-cliff backwasting, from the glacier 

terminus to the upper portion of the debris-covered area, as debris thickness reduced 
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and sub-debris melt rates increased, therefore contributing towards a greater 

proportion of melt rates. It is therefore possible that in the lower part of Llaca 

Glacier tongue, which was not simulted in this study, ice-cliff backwasting had an 

even greater contribution towards overall rates of mass loss, since the sub-debris 

melt contribution may be further limited by a thicker debris layer. In future, high-

resolution simulations over greater spatial and temporal scales and on a variety of 

glaciers across the region would be highly beneficial in order to establish the regional 

importance of ice-cliff backwasting in amplifying meltwater production rates in the 

Cordillera Blanca. 

The results of this study also show that, during the 15-day simulation period, 

north-facing ice-cliff faces within the survey area had the greatest backwasting rates, 

as exemplified for the multidirectional ice cliff shown in Figure 5.9b, while south-

facing cliff faces generally had the lowest backwasting rates (Figure 5.9b-d). This 

indicates that, relative to their surface area, north-facing cliffs are likely to 

contribute more towards the mass loss of the ice tongue. However, since north-facing 

cliff faces cover a much smaller proportion of the glacier surface than cliffs facing 

south/southwest (Figure 5.5b,d,f), they are likely to play a relatively small role in 

controlling overall rates of mass loss. Conversely, despite south/southwest-facing 

cliffs having slower backwasting rates (Figure 5.9b-d), these cliffs have considerably 

better rates of survival (Figure 5.5b,d,f). Therefore, the backwasting of 

south/southwest-facing cliffs is likely to provide a more significant contribution 

towards overall rates of mass loss on Llaca Glacier tongue. 

5.5.3 Factors driving ice-cliff survival and evolution 

The spatial distribution of radiative fluxes across ice-cliff faces is likely to 

play a key role in driving ice-cliff survival on Llaca Glacier. As previously discussed, 

southwest/south-facing cliff faces are most prevalent on Llaca Glacier tongue, while 

north-facing cliffs are relatively rare (Figure 5.5). These findings indicate that 

supraglacial ice cliffs on Llaca Glacier may be behaving similarly to ice cliffs on 

debris-covered glaciers in the northern hemisphere, where studies have shown that 
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north-facing cliffs survive preferentially over south-facing cliffs, which generally 

flatten and disappear over time (e.g. Kraaijenbrink et al., 2016; Watson et al., 2017; 

Buri and Pelliciotti, 2018; Steiner et al., 2019). This trend has previously been linked 

to the aspect-dependent distribution of radiation across cliff surfaces, with surviving 

ice cliffs receiving an equal or even greater net radiation flux near their bases 

compared to the radiation flux received towards their crests, allowing these ice cliffs 

to retain or steepen their surface slopes (e.g. Sakai et al., 1998; Buri and Pelliciotti, 

2018; Sakai et al., 2018; Buri et al., 2021). It is therefore likely that radiative flux 

distributions at least partially determine the survival of supraglacial cliffs on the 

surface of Llaca Glacier.  

Previous studies have indicated that longwave radiation emitted by the 

debris (Ld) is generally most concentrated near the bases of ice cliffs, therefore 

playing a role in the survival of supraglacial ice cliffs (e.g. Steiner et al., 2015; Buri 

et al., 2016). However, the results of this study do not show any identifiable base-to-

crest gradients in Ld, as demonstrated for the largest cliff on Llaca glacier tongue 

(Figure 5.11d). Meanwhile, longwave radiation from the atmosphere (La) appears 

generally to be slightly lower near the crests of ice cliffs (Figure 5.11c), which could 

potentially result from a reduced sky view factor near the tops of ice-cliff faces due 

to the debris directly above cliff faces. North-facing cliffs appear to receive the most 

longwave radiation emitted by the debris (Ld), as well as the most shortwave 

radiation reflected by the debris (Sd) (Figure 5.11d,h). The most likely explanation 

for this pattern is that north-facing cliffs face up-glacier, therefore are likely to have 

the greatest debris view factor. Likewise, north-facing cliffs appear to receive the 

smallest flux of longwave radiation from the atmosphere (La) (Figure 5.11c), which 

is likely to result from these up-glacier-facing cliffs having a lower sky view factor. 

However, north-facing cliffs appear to receive the greatest flux of shortwave 

radiation from the atmosphere (Sa), indicating that, although the sky view factor is 

smaller, the higher incidence angle results in a higher overall shortwave flux (Sn) on 

north-facing cliffs (Figure 5.10f,g). 
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The finding that ice cliffs are most commonly orientated towards the 

southwest, as opposed to directly south, suggest that another factor beyond the 

radiative forcing discussed above is likely to be contributing towards ice-cliff survival 

at Llaca Glacier. Previous research on the Lirung Glacier, Nepal, indicated that 

northwest-facing cliffs have a greater survival rate than north/northeast-facing cliffs 

(in the Northern Hemisphere), since the solar input is greatest during the morning 

(when the sun is towards the east) as a result of monsoon-driven afternoon cloud 

cover (Buri and Pellicciotti, 2018). This study showed that for northeast-facing cliffs, 

as a consequence of these diurnal patterns in solar input, the positive base-crest 

gradient in incoming shortwave radiation outweighs the negative base-to-crest 

gradient in longwave radiation emitted by the debris, resulting in cliff flattening and 

reburial. Contrastingly, for northwest-facing cliffs, the positive base-to-crest 

incoming shortwave gradient is not sufficient to outweigh the negative base-to-crest 

longwave gradient, allowing cliffs to retain or even steepen their surface slopes (Buri 

and Pellicciotti, 2018). Therefore, if diurnal patterns in solar input were also 

responsible for the survival of southwest-facing cliffs on Llaca Glacier, the shortwave 

radiation would likely be greater in the morning, when the sun is towards the east. 

However, our results indicate that, during the three months preceding the UAV data 

collection in 2019, the total flux of incoming shortwave radiation recorded at 

Cuchillacocha weather station was lower in the morning compared to in the 

afternoon (Figure 5.8b), indicating that diurnal patterns in solar input are unlikely 

to be responsible for the abundance of southwest-facing cliffs. 

The orientation of ice cliffs appears generally to correlate with the flow 

direction of the glacier in all three survey years (2014, 2015 and 2019), implicating a 

role for ice dynamics in the formation, development and/or preservation of 

supraglacial ice cliffs on Llaca Glacier. As shown in Figure 5.7d-f, mean ice-cliff 

aspect initially increases up-glacier, from a south/southeast-facing direction near the 

terminus towards a southwest-facing direction approximately 100 m elevation up-

glacier from the terminus (Figure 5.7d-f). This shift in aspect could potentially be 

linked to changes in ice-flow direction, since the glacier flows in a roughly southward 
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direction near the terminus, in comparison to a roughly southwest-facing direction 

further up-glacier (Figure 5.3). However, in the uppermost portion of the survey 

area, this trend in ice-cliff aspect dissipates, if anything reversing (Figure 5.7d-e). 

This indicates the possibility that ice cliffs could evolve over time to face in a 

perpendicular direction to the direction of ice flow, since ice cliffs near the upper 

portion of the debris-covered zone may have formed more recently, while cliffs 

located further down-glacier may have had a longer time to adjust in orientation to 

match the ice flow direction. However, further evidence is required in order to 

investigate the causes of this apparent trend in ice-cliff aspect.  

The surface slope of supraglacial ice cliff faces appears initially to decrease 

up-glacier from the terminus of Llaca Glacier (Figure 5.7a-c). A potential 

explanation for this is that the ice cliffs that survive over the melt season are 

steepening over time as they are advected down-glacier with ice flow. Another 

potential explanation could be that as debris thickness decreases up-glacier from the 

terminus, the longwave flux emitted from the debris may decrease as a result of the 

reducing debris surface temperature, resulting in reduced ablation at the base of ice 

cliffs which could prevent cliff steepening. Similar to the up-glacier trend in cliff 

aspect, the decreasing up-glacier trend in cliff surface slope appears to be interrupted 

or even reversed in the uppermost portion of the debris-covered tongue. A potential 

explanation for this could be that where debris is below the critical thickness, the 

mechanisms driving ice-cliff formation may be different. As shown in Figure 5.4a, ice 

cliffs in the uppermost portion of the survey area appear to be orientated around an 

area devoid of ice cliffs, which corresponds with a local bulge in glacier surface 

elevation (Figure 5.1a). In this area, the ice cliffs appear to run parallel to the edge 

of this surface bulge, towards a central localised depression down-glacier from this 

area (Figure 5.4a). This pattern indicates that ice cliffs in this area could potentially 

be forming along supraglacial streams as a result of channel incision, indicating that 

hydrology may act as a cliff-forming mechanism in the upper area of the ice tongue. 

This provides another potential explanation for the disruption of the general 
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correlation between distance up-glacier and cliff aspect in the upper area of the 

debris-covered zone (Figure 5.7a-c).   

The spatial coverage of supraglacial ice cliffs across the survey area on Llaca 

Glacier in 2019 (8,700 m2) was significantly lower than in 2014 (11,300 m2) and 2015 

(10,400 m2) (Figure 5.4c). This apparent reduction in ice-cliff coverage over time 

indicates that the contribution of ice-cliff backwasting towards overall rates of mass 

loss could potentially be decreasing. However, seasonal ice-cliff evolution may also be 

contributing towards the observed differences in ice-cliff coverage between years, 

since the 2019 survey was conducted on 21 August while the 2014 and 2015 surveys 

were conducted on 23 and 28 July, respectively. Similar to patterns observed in High 

Mountain Asia (Watson et al., 2017; Miles et al., 2020), the results indicate that the 

largest ponds on the tongue of Llaca Glacier were connected to supraglacial ice cliffs 

in all 3 years (2014, 2015 and 2019). The results also indicate that, as observed by 

Watson et al. (2017) in the Himalaya, the most irregularly-shaped ponds on Llaca 

Glacier tongue were bordered by ice cliffs, while ponds independent from ice cliffs 

were generally more circular. Previous studies have shown that ablation of 

supraglacial ice cliffs sustains these larger, irregularly-shaped meltwater ponds (e.g. 

Röhl, 2008; Steiner et al., 2019; Miles et al., 2020). In 2019, supraglacial ponds 

covered approximately double the surface area covered in 2014 and 2015. Previous 

studies in regions such as High Mountain Asia and the Southern Alps have 

highlighted that surface lowering and glacier stagnation promote supraglacial pond 

formation and expansion (e.g. Watanabe et al., 1994; Richardson and Reynolds, 

2000; Röhl, 2008; Watson et al., 2016), therefore it is possible that the observed 

increase in ponded area on Llaca Glacier tongue has been driven by the persistent 

ice-surface lowering observed. 

5.5.4 Limitations and recommendations for future studies 

One limitation of this study is that the sub-debris melt rates which were 

used in conjunction with the simulated ice-cliff backwasting rates to estimate the 

contribution of cliff backwasting towards overall rates of mass loss were simulated 
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using daily mean meteorological data. While Nicholson and Benn (2006) found that 

the use of daily mean values produces realistic sub-debris melt rates, it is possible 

that the accuracy of sub-debris melt rates simulated in this study is impacted by 

nonlinear relationships between meteorological parameters and sub-debris ablation. 

A limitation of the model used to estimate cliff backwasting rates is that the 

estimation of longwave radiation emitted by the debris assumes a linear vertical 

debris temperature gradient through the debris layer. Consequently, debris surface 

temperatures may be underestimated during the middle of the night and 

overestimated during the middle of the day, when temperature gradients are likely 

to be nonlinear (Nicholson and Benn, 2006), leading to underestimation of the 

longwave radiation flux emitted by the debris during the night (Ld) and 

overestimation of Ld during the day. During the night, since net radiation fluxes at 

ice cliff surfaces are strongly negative, simulated melt rates are zero regardless of any 

underestimations of debris surface temperature, therefore the impact of our 

assumption is negligible. To test the impact of our assumption on simulated melt 

rates during the middle of the day, we calculated Ld using UAV-derived surface 

temperatures at midday on 19 August 2019 and compared the results to simulated 

Ld at midday on 19 August 2019. We found that overestimation of debris surface 

temperature led to a maximum overestimation of Ld of 14 %, with a maximum 

impact of 3 % on the simulated net radiation flux (Qm). Consequently, our 

assumption will impact simulated cliff backwasting rates rates by 3 % or less, with 

impacts expected to be considerably lower towards early morning and late afternoon, 

when temperature gradients are less nonlinear. Nevertheless, in future, a more 

complex model of hourly debris surface temperature could be developed in order to 

account for nonlinear temperature gradients within the debris layer, based on 

vertically-profiled debris temperature time-series measurements. 

Sensitivity analyses show that the ice-cliff backwasting model is particularly 

sensitive to wind speed and direction, as well as moderately sensitive to air 

temperature and ice-cliff surface slope (Table 5.S1), all of which impact the 

turbulent heat fluxes. Since wind speed and direction are often highly variable above 
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debris-covered glacier surfaces as a result of local topographic differences (Bonekamp 

et al., 2020), future studies which parameterise small-scale variations in these 

parameters will be beneficial for improving estimates of the overall energy fluxes 

which drive ice-cliff backwasting. 

To determine whether it was possible to increase the computational efficiency 

of the model by using a daily model time step, as opposed to an hourly time step, 

we tested the use of daily mean meteorological data to simulate the backwasting 

rates of ice cliffs. Comparison of the daily model results to the hourly model results 

indicated that using daily mean meteorological data was likely to result in an 

underestimation of cliff melt rates, with daily melt rates calculated from the daily 

model being less than half of those estimated from the hourly model. This 

demonstrates the importance of using sub-daily model time steps in order to 

simulate the backwasting rates of supraglacial ice cliffs effectively. 

Our study demonstrates that a low-cost multirotor drone can be used to 

collect high-resolution aerial imagery suitable for detailed analysis of the surface 

morphology of mountain glaciers. Using imagery collected using an off-the-shelf DJI 

Phantom 4 with a built-in visible camera, we were able to produce 10 cm-resolution 

maps of ice surface-elevation change and detailed ice flow maps of Llaca Glacier 

tongue. We found that, while the flight time that can be obtained from each drone 

battery is approximately halved due to the additional power required to lift the 

UAV in thin-air conditions, the DJI Phantom 4 (P4) was able to fly effectively at 

high altitudes of up to 4700 m a.s.l., demonstrating the potential for compact 

multirotor drones to be used to conduct detailed future studies of high-altitude 

debris-covered glaciers.

5.6 Conclusions 

This study has investigated the characteristics, development and ablation 

contribution of supraglacial ice cliffs on the debris-covered tongue of Llaca Glacier, 

Cordillera Blanca, using high-resolution, multi-temporal UAV data. The results 
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indicate that, similarly to debris-covered glaciers in higher-latitude regions, the 

backwasting of supraglacial ice cliffs contributes disproportionately towards the 

overall melt rates of Llaca Glacier. More specifically, we found that while ice cliffs 

only covered 5 % of the survey area, they were responsible for 20 % of the ablation 

within this area during the 15-day simulation period in August 2019. The results 

also suggest that the survival of ice cliffs is predominantly controlled by aspect, with 

south/southwest-facing cliffs surviving preferentially over north-facing cliffs. We 

found that, while the distribution of radiative fluxes is likely to principally drive ice-

cliff survival, other factors such as ice flow dynamics and supraglacial hydrology are 

also likely to be playing a role in regulating ice-cliff evolution. Overall, the results of 

this study highlight the need for increased research attention to be placed on the 

mechanisms controlling the mass losses of tropical debris-covered glaciers, in order to 

simulate more accurately the future meltwater contribution towards downstream 

water resources in low-latitude regions. Further detailed UAV-based studies of the 

dynamic behaviour of debris-covered glaciers are also needed in order to calibrate 

satellite-derived observations and glacier evolution models.
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5.7 Supplement 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Input parameter 

change 

Mean change in 

𝑀 (%) 

𝑆𝑖𝑛 
+10 % 

-10 % 

7.6 

-7.6 

𝐿𝑖𝑛 
+10 % 

-10 % 

2.2 

-2.1 

𝑇𝑎𝑖𝑟 
+1 °C 

-1 °C 

10.5 

-10.1 

𝐻𝑅 
+5 % 

-5 % 

3.8 

-7.4 

𝑢 
+1 m s-1 

-1 m s-1 

19.7 

-26.9 

𝑊𝐷 
+45 ° 

-45 ° 

0.5 

-23.7 

𝐴 
+10 ° 

-10 ° 

-2.7 

2.1 

𝐵 
+10 ° 

-10 ° 

10.2 

-8.6 

𝜀 
+0.02 

-0.02 

-0.9 

0.9 

𝛼 
+0.1 

-0.1 

-8.4 

8.4 

ℎ𝑐 
+1 m 

-1 m 

3.0 

-2.9 

𝑇𝑆 
+1 °C 

-1 °C 

-0.8 

0.9 

𝑇𝑑 
+5 °C 

-5 °C 

1.0 

-1.0 

Table 5.S1. Model sensitivity analysis results. Percentage changes in the mean simulated 

ice-cliff backwasting rate in response to changes in input parameter values are shown. 

Results are based on day 1 of the model run (12 August 2019). 

Figure 5.S1. Simulated ice-cliff backwasting rates. Additional examples of supraglacial ice 

cliffs, to supplement those shown in Figure 5.9. All examples are of supraglacial ice cliffs 

within the shaded grey area in Figure 9e. 
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Chapter 6 

Discussion 

6.1 Thesis overview 

The overall aims of this thesis were to use satellite and UAV remote sensing 

to investigate the complex behaviour of debris-covered glaciers and to develop new 

techniques for monitoring these glaciers. This work has been motivated by the need 

to forecast better the future impacts of glacial retreat on water resources in some of 

the most socio-economically vulnerable regions on Earth. The specific research goals, 

established in Chapter 2 and recapped here, were: 

 To quantify the surface mass balance (SMB) gradients of the largest debris-

covered glaciers in High Mountain Asia using a remote-sensing-based mass 

continuity approach. 

 To develop a method for simulating supraglacial debris thicknesses and 

sub-debris melt rates from high-resolution, UAV-acquired thermal infrared 

imagery. 

 To investigate the characteristics and melt rates of supraglacial ice cliffs 

on a debris-covered glacier using high-precision UAV imagery. 

These goals were addressed using freely-available datasets produced by 

previous remote sensing studies, as well as newly-generated high-resolution datasets 

derived from UAV surveys conducted in August 2019 at Llaca Glacier, Ancash, Peru. 



 

 

 

 

 

Meeting these goals has brought about the development of new techniques that can 

be used to monitor debris-covered glaciers using satellite- and UAV-derived data. 

Additionally, applying these techniques to glaciers in High Mountain Asia and the 

Peruvian Andes has uncovered new information about the characteristics and 

evolution of debris-covered glaciers in the mid-latitudes and tropics. 

Section 6.2 describes the key outcomes of this thesis while Section 6.3 highlights 

relevant studies that have been published since publication of the thesis findings of 

Chapter 3. Section 6.4 identifies the current limitations associated with the research 

within this thesis and highlights future opportunities to reduce these limitations and 

build upon the work conducted within this thesis. 

6.2 Key outcomes 

In Chapter 3, I tested the use of a novel mass-continuity approach, applied 

to recent remote sensing datasets, in order to compute the spatially-distributed SMB 

of the largest glaciers within five key regions in High Mountain Asia. The results of 

this work revealed key differences between the altitudinal ablation gradients of 

debris-covered and debris-free glaciers, which were not previously visible from 

available geodetic mass balance datasets. These findings indicated that altitudinal 

variations in ice-flow dynamics are likely to be obscuring the contrasting melt 

patterns of debris-covered glaciers from geodetic datasets, highlighting the 

importance of separating signals of SMB and ice dynamics. Overall, this work 

provided a proof of concept for a method to account effectively for the role of ice 

flow and quantify the spatially-distributed SMB of debris-covered glaciers. 

In Chapter 4, I tested the utility of high-resolution thermal infrared imagery, 

acquired with a UAV, to calculate spatially-distributed supraglacial debris thickness 

over a portion of Llaca Glacier, a tropical debris-covered glacier in the Cordillera 

Blanca, Peru. Additionally, I tested the use of the calculated debris-thickness map 

produced here to simulate spatially-distributed daily melt rates for a three-month 
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period in 2019. This work demonstrated the benefits of using UAV-derived thermal 

imagery, rather than satellite imagery, to parameterise debris thicknesses with high 

spatial precision and accuracy, facilitating improved simulation of sub-debris melt 

rates. Additionally, the results of this work indicated a mean sub-debris melt rate 

nearly three times higher than the mean melt rate simulated from satellite-derived 

debris thicknesses, emphasising the importance of acquiring further high-precision 

debris thickness data for investigating glacier-scale ablation processes and calibrating 

regional melt models. In order to aid the production of such data in the future, this 

chapter also produced a set of recommendations for using thermal UAV imagery to 

simulate debris thicknesses, to ensure that the imagery is appropriately calibrated 

and that spatial and temporal variations in meteorological parameters are accounted 

for effectively. 

In Chapter 5, I used high-resolution visible UAV data of Llaca Glacier 

tongue to examine the characteristics of supraglacial ice cliffs and simulate their 

contribution towards overall ablation. This work showed that, similarly to previous 

findings in mid/high latitude regions, the backwasting of supraglacial ice cliffs 

contributes disproportionately towards the overall glacier mass loss. The findings 

also demonstrated that, even in low-latitude regions, the survival of ice cliffs is 

strongly dependent on aspect, with southwest-facing cliffs surviving preferentially 

over cliffs facing in other directions. The results also indicated that while shortwave 

radiation receipt is the predominant control on ice-cliff evolution, other mechanisms 

such as ice-flow dynamics and supraglacial hydrology are also likely to regulate the 

development of supraglacial ice cliffs. Overall, this chapter emphasised the need for 

further high-precision UAV-based studies of the complex mechanisms through which 

tropical debris-covered glaciers are losing mass in response to climate change. 

6.3 Recent progress 

A number of relevant studies, which have recently been published, have further 

progressed the use of remote-sensing-based mass continuity approaches for obtaining 



 

 

 

 

 

SMB estimates for debris-covered (and debris-free) glaciers. These studies, which have 

been published since publication of Chapter 3 (Bisset et al., 2020), further optimised 

the mass continuity approach and expanded their applications to other regions and 

larger spatial scales. This section will discuss the main advances in the approaches 

used by these studies and their contributions towards enabling future studies to gain 

higher-accuracy, regional-scale estimates of SMB using remote-sensing-based mass 

continuity approaches. 

Miles et al. (2021) used a mass-continuity approach, similar to that tested in 

Chapter 3, in order to quantify SMB for 5527 glaciers in High Mountain Asia. By 

developing a fully-automated grid-based approach, as opposed to computing SMB for 

cross-sectional glacier segments (Chapter 3), Miles et al. (2021) were able expand their 

calculations to a larger regional scale. The results of this work demonstrated that, 

between 2000 and 2016, only 60 ± 10 % of yearly regional ablation was balanced by 

accumulation and that, even in a scenario without warming during the 21st century, 

28 ± 1 % of the total ice volume within High Mountain Asia will disappear by the 

end of the century. Miles et al. (2021) compared their results to the results of Chapter 

3 of this thesis (Bisset et al., 2020), finding that their results, as well as their 

uncertainty estimates, were highly consistent. Also consistent with Chapter 3 here, 

Miles et al. (2021) also observed reversed mass balance gradients in the lower portions 

of debris-covered glaciers in High Mountain Asia.  

Van Tricht et al. (2021) used high-resolution UAV-derived ice velocities and 

surface-elevation-change measurements, in conjunction with GPR-derived ice-

thickness maps, to estimate spatially-distributed SMB on two Swiss glaciers (Vadret 

da Morteratsch and Vadret Pers) using the mass continuity approach. Comparison of 

the results against ablation-stake measurements indicated that this approach could 

produce SMB estimates with a mean absolute error of < 0.5 m w.e. a-1. This is an 

improvement on the uncertainties associated with individual point estimates of SMB 

in Chapter 3 (e.g. Figure 3.3), as well as in Miles et al. (2021), which can be up to 

several metres per year. This demonstrates that for detailed studies of SMB on 
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individual glaciers, it is optimal to use a UAV-based approach similar to that of Van 

Tricht et al. (2021) since this approach provides greater spatial coverage than 

ablation-stake measurements while retaining greater levels of certainty than satellite-

based approaches. 

Pelto and Menounos (2021) applied a mass-continuity approach to simulate 

the SMB gradients of five glaciers in the Columbia Mountains, British Columbia. This 

study used high-resolution (1 m) DEMs, derived from airborne laser-scanning surveys, 

to generate maps of ice-surface-elevation change and surface velocity with considerably 

greater precision than those used in Chapter 3. Pelto and Menounos (2021) also 

compared the use of ice thicknesses derived from ice-penetrating radar surveys to 

model-derived ice thicknesses, finding that these datasets yield comparable mass 

balance gradients. Overall, this study demonstrated that the mass-continuity 

approach could be used to obtain SMB gradients which approximate well those 

directly measured using ablation stakes, emphasising the potential for this approach 

to be upscaled in future. Pelto and Menounos (2021) warned against over-

interpretation of SMB estimates associated with individual flux bins, due to large mass 

balance residuals, indicating that SMB gradients derived from the mass-continuity 

approach were considerably more reliable. 

These recently-published studies further demonstrate the potential of remote-

sensing-based mass-continuity methods for determining the SMB gradients of glaciers. 

Miles et al. (2021) demonstrated that, by fully automating the delineation of flux bins, 

the mass-continuity approach can be used to compute SMB at a regional scale. 

Meanwhile, Van Tricht et al. (2021) and Pelto and Menounos (2021) showed that, 

through the use of high-resolution airborne datasets, this approach can also be used 

to quantify SMB gradients more accurately and over greater spatial scales than is 

possible using in-situ measurement techniques. 

 



 

 

 

 

 

6.4 Limitations and future developments 

There are several limitations associated with the work within this thesis. As 

discussed in Chapter 3, the accuracy of SMB estimates derived from the mass-

continuity approach is impacted by uncertainties associated with the ice-thickness 

inversion used to produce the simulated ice thickness input data (Farinotti et al., 

2019). As discussed in Section 6.3, Pelto and Menounos (2021) found that, while 

considerable uncertainties are associated with SMB estimates associated with 

individual flux bins, the use of simulated ice-thickness datasets can be used to 

produce reliable SMB estimates. Additionally, with future improvements to the 

parameterisation of ice thickness in glaciological models, the potential of mass-

continuity approaches to generate well-resolved regional estimates of spatially-

distributed SMB will increase further. 

The coverage of distributed SMB estimates in high-altitude accumulation 

areas (Chapter 3) was limited due to the lower accuracy of velocity data, which 

prevented the sampling of SMB in these areas. The poor accuracy of velocities in the 

upper accumulation areas of glaciers results from challenges associated with feature-

tracking due to the homogenous appearance of the ice surface. Additionally, some 

glaciers with particularly steep surface slopes and/or large icefalls (e.g. Khumbu 

Glacier) could not be included in the analyses, as the accuracy of the velocities is 

also poor in these areas. Therefore, with future improvements to the resolution of 

optical satellite imagery, in conjunction with further optimisation of feature-tracking 

algorithms, it will likely be possible to increase the coverage and accuracy of mass-

continuity-derived SMB estimates in the uppermost portions of glaciers in mountain 

regions. 

Analysis of the role of supraglacial debris in controlling the SMB gradients 

(Chapter 3) was limited by the accuracy of simulated debris-thickness estimates 

derived from thermal satellite imagery. The low resolution of thermal satellite 

imagery (60 – 100 m) results in a ‘mixed pixel’ effect, where supraglacial ice cliffs or 
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ponds are present within many pixels, resulting in underestimation of debris 

thicknesses through reduction of the surface temperature by these features (Rounce 

et al., 2018). In future, as presented in Chapter 4, high-resolution UAV-derived 

thermal imagery could be used to produce distributed debris-thickness datasets with 

considerably greater spatial precision and accuracy. These datasets could be used 

not only to conduct detailed investigations of specific debris-covered glaciers, but 

also to calibrate the coarser-resolution satellite-derived regional and global models. 

The main limitation associated with the simulated debris thicknesses 

produced in Chapter 4 was the scarcity of validation data, which resulted from a 

technical issue in the field. As a result, there is still some uncertainty in the 

reliability of debris thicknesses calculated from UAV-derived thermal imagery. In 

future, further thermal UAV surveys of debris-covered glaciers, coupled with a 

greater number of in-situ debris thickness measurements, would be highly beneficial 

for establishing this technique as a viable method for obtaining high-precision, more 

accurate estimates of supraglacial debris thickness. Furthermore, the collection of 

ablation-stake measurements at debris-thickness simulation sites would enable 

validation of simulated sub-debris melt rates derived from UAV-derived simulated 

debris thicknesses. 

As discussed in Chapter 4, there are several significant challenges associated 

with the use of thermal UAV imagery for glaciological applications. While the 

methodology laid out in Chapter 4 demonstrated a viable workflow for minimising 

the effects of sensor biases, atmospheric signal attenuation and temporal variations 

in meteorological conditions, further studies conducting thermal UAV surveys on 

debris-covered glaciers would be advantageous for optimising this workflow. 

Additionally, technological advances to UAV-mountable thermal cameras will likely 

enable the production of higher-accuracy estimates of supraglacial debris thickness in 

the future. 



 

 

 

 

 

The SMB estimates calculated in Chapter 3 could differ from SMB estimates 

derived from debris thicknesses and local Östrem curves (e.g. Rowan et al., 2021), 

due to key differences in the input datasets associated with these methods. While 

SMB estimates derived from the mass continuity method are impacted by 

uncertainties associated with the ice velocity and thickness, SMB estimates derived 

from local Östrem curves are unaffected by uncertainties associated with these 

parameters. Additionally, mass-continuity derived values are impacted by ablation 

processes such as ice-cliff backwasting, thermal erosion by supraglacial ponds, 

englacial melting and subglacial melting (in addition to surface ablation), while 

estimates derived from Östrem curves are not impacted by any melt processes other 

than surface ablation. Meanwhile, unlike SMB simulated using the mass continuity 

method, SMB simulated from the Östrem-based method is impacted by uncertainties 

associated with debris thickness. For example, remote sensing methods typically 

underestimate debris thickness (e.g. Rounce et al., 2018), which could result in an 

overestimation of sub-debris melt rates. In future, the mass continuity method could 

be used in conjunction with an Östrem-curve based method in order to produce 

more robust SMB estimates. 

A disadvantage of the model used to estimate ice-cliff backwasting rates in 

Chapter 5 is that ice-cliff geometry is not updated through time in response to 

simulated ice-cliff backwasting rates. As a result, changes in radiative fluxes in 

response to changes in cliff slope angle, aspect and position are not accounted for. It 

is therefore important that future studies develop iterative models which calculate 

ice-cliff backwasting rates whilst continuously updating the surface topography data 

used within these calculations. 

A further limitation of the work conducted in Chapter 5 is that in estimating 

the contribution of ice-cliff backwasting towards overall rates of ice mass loss, 

several factors were unaccounted for. The sub-debris melt rates which were used to 

calculate ice loss unlinked to cliff backwasting were derived from the surface energy 

balance model within Chapter 4, which was based on the model of Nicholson and 
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Benn (2006). The disadvantage of this model is that, although it accounts for the 

effects of surface topography on the incoming shortwave radiation flux, it does not 

account for the impacts of surface topography on longwave and turbulent heat 

fluxes. While this is less important for debris-covered areas on the glacier, which are 

generally flatter in comparison to the surfaces of supraglacial ice cliffs, the surfaces 

of debris-covered glacier tongues usually undulate considerably (e.g. Bartlett et al., 

2021). An additional disadvantage of using this model is that it uses mean daily 

meteorological variables as input data, as opposed to hourly meteorological data 

which were used to simulate ice-cliff backwasting in Chapter 5. While Nicholson and 

Benn (2006) found that the daily model can still produce sub-debris melt estimates 

which compare well to those observed in the field, it is possible that nonlinear 

relationships between meteorological parameters and melt rates could result in 

underestimation of sub-debris ablation. It would therefore be beneficial for future 

studies to simulate both cliff backwasting and sub-debris melting using hourly input 

data, as well as accounting for the impacts of surface topography on all radiative 

fluxes, to ensure unbiased estimates of the contribution of ice-cliff backwasting 

towards overall rates of mass loss on debris-covered glaciers. 

The estimated thermal conductivities used to simulate sub-debris melt rates 

and ice-cliff backwasting (Chapters 4 and 5) are limited by the relatively short 

period (64 hours) over which the thermistor measurements were collected, in 

comparison to the longer periods over which ablation was simulated (15 – 90 days), 

since the thermal conductivity of the debris layer is likely to vary over time. For 

example, Nicholson and Benn (2012) found that the thermal conductivity of the 

debris layer on Ngozumpa Glacier (Nepal) was 30 % greater during summer 

compared to during winter. It would therefore be beneficial for future studies 

performing melt simulations to acquire longer time-series of vertical debris 

temperature profiles, in order to ensure that temporal changes in thermal 

conductivity are accounted for. 



 

 

 

 

 

In future, it would be valuable for further simulations of sub-debris melt and 

ice-cliff backwasting rates on debris-covered glaciers, similar to those conducted in 

Chapters 4 and 5, to be performed in conjunction with in-situ ablation stake 

measurements. These in-situ measurements would be beneficial both for the purposes 

of validating simulated melt rates and performing model calibration to improve the 

accuracy of future simulations. 

In future, technological advances in the capability of UAVs will facilitate 

larger-scale aerial surveys of debris-covered glaciers. The increasing availability of 

Real Time Kinematic (RTK) drones will likely reduce the need for ground control 

surveys to be conducted, meaning that more hazardous and inaccessible areas of 

glaciers can likely be surveyed in the future. Additionally, potential changes to 

BVLOS regulations (associated with conducting UAV surveys beyond visual line of 

sight) will enable larger-scale studies of debris-covered glaciers and improved access 

to remote sites. Lastly, advances in UAV technology may increase the capability of 

drones to fly at high-altitude sites, while improvements to drone battery life will 

enable larger-scale studies of debris-covered glaciers to be conducted in the future. 

6.5 Outlook 

The research within this thesis has demonstrated the value of emerging 

satellite- and UAV-based remote sensing techniques for monitoring debris-covered 

glaciers in Earth’s high-mountain regions. 

In future, further development of satellite-based techniques, such as the 

remote-sensing-based mass continuity approach presented in Chapter 3, and further 

acquisition of high-precision UAV datasets, such as those presented in Chapters 4 

and 5, will allow us to gain not only a better understanding of the complex melt 

processes occurring on debris-covered glaciers, but also provide valuable calibration 

data for glacio-hydrological models.  
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Further research attention also needs to be given to debris-covered glaciers 

within low-latitude regions such as the Cordillera Blanca, which are particularly 

sensitive to climatic changes (Seehaus et al., 2019). Global glacier runoff modelling 

indicates that peak water will be reached considerably earlier in these regions (Hock 

et al., 2020), with many watersheds having already passed this critical transition 

point (Baraer et al., 2012). However, while a large proportion of glaciers in low-

latitude regions are debris-covered, regional hydrological modelling studies do not 

currently account for the impacts of debris cover on meltwater runoff (e.g. Baraer et 

al., 2010; Fyffe et al., 2021).  

Current international research projects (PeruGROWS and PEGASUS) are 

conducting glacio-hydrological modelling for all glaciers within the Peruvian Andes, 

with the aim of incorporating the influence of debris cover within this work. 

However, a key missing data input for this work is accurate supraglacial debris 

thickness data that can be used for validation of satellite-derived estimates (personal 

communication with Catriona Fyffe, who is leading this modelling work). It is 

therefore critical that further efforts are made to acquire high-resolution debris 

thickness datasets, such as the one produced in Chapter 4, in order to effectively 

validate simulated debris thickness estimates and enable higher-accuracy 

hydrological modelling.  

Finally, it is important that further high-precision studies of supraglacial ice 

cliffs, such as that of Chapter 5, are conducted in understudied regions such as the 

Cordillera Blanca, in order to effectively account for the future contribution of ice-

cliff backwasting in glacio-hydrological models. 
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Chapter 7 

Conclusions 

This thesis sought to contribute towards the development of novel techniques 

for monitoring the characteristics and evolution of debris-covered glaciers, based on 

satellite- and UAV-acquired remote sensing data. By applying these techniques to 

debris-covered glaciers in High Mountain Asia and the Ancash region of Peru, this 

thesis has contributed towards improved understanding of the complex mechanisms 

through which debris-covered glaciers lose mass. 

Chapter 3 aimed to quantify the surface mass balance (SMB) gradients of 

the largest debris-covered glaciers within five regions of High Mountain Asia using a 

remote-sensing-based mass continuity approach. The main research findings were as 

follows: 

 Through the use of a remote-sensing-based mass-continuity method, 

it is possible to separate signals of climatic mass balance and ice flow 

dynamics in order to parameterise the ablation gradients of the 

largest debris-covered glaciers in High Mountain Asia. 

 Applying this approach revealed reversed SMB gradients on the lower 

portions of debris-covered glaciers, which were not previously visible 

from geodetic studies. 



 

 

 

 

 

 These reversed SMB gradients were likely offset by patterns in ice-

flow dynamics, leading to similar patterns of thinning on debris-

covered and debris-free glaciers being observed. 

 In future, the approach presented within this study can be developed 

and applied at larger scales, providing the opportunity to uncover 

regional-scale SMB patterns. 

Chapter 4 aimed to develop a method for simulating supraglacial debris 

thicknesses and sub-debris melt rates using UAV-acquired thermal data, in 

conjunction with local meteorological data, visible UAV data and thermally-profiled 

debris temperature time-series. The main research findings are as follows: 

 By effectively calibrating the radiometric thermal imagery and 

accounting for temporal and spatial variations in meteorological 

parameters during UAV surveys, thermal UAV data can be used to 

better represent the highly heterogeneous patterns of debris thickness 

and sub-debris melt on debris-covered glaciers. 

 Based on this approach, the mean debris thickness calculated across a 

portion of Llaca Glacier tongue was ~ 71 % lower than the satellite-

derived estimate, indicating that the accuracy of satellite-derived 

debris thicknesses is likely to be poor in some places. 

 Consequently, sub-debris melt rates across Llaca Glacier could be 

significantly underestimated using satellite-derived debris thicknesses, 

with simulated melt rates for the study area on Llaca Glacier tongue 

being 65 % less than those simulated from UAV-derived debris 

thicknesses. 

 Further studies are now required in order to further establish the use 

of UAV-derived thermal data for simulating debris thickness and 

provide high-precision calibration data for glacio-hydrological models. 
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     Chapter 5 aimed to investigate the characteristics and melt contribution of 

supraglacial ice cliffs on a tropical debris-covered glacier in the Cordillera Blanca, 

Peru. The main research findings were as follows: 

 High-resolution UAV-derived datasets can be used to investigate the 

complex behaviour of supraglacial ice cliffs and generate estimates of 

their contribution towards overall rates of mass loss. 

 Similarly to debris-covered glaciers in higher-latitude regions, the 

backwasting of supraglacial ice cliffs contributes disproportionately 

towards the overall mass loss of Llaca Glacier. More specifically, 

while covering only 5 % of the survey area, ice cliffs were responsible 

for 20 % of simulated ablation within this area during the 15-day 

simulation period in August 2019 

 While the distribution of radiative fluxes is likely to principally drive 

ice-cliff survival, other factors such as ice flow dynamics and 

supraglacial hydrology are also likely to be playing a role in 

regulating ice-cliff evolution. 

 Increased research attention needs to be focused on ice-cliff 

backwasting on tropical debris-covered glaciers, in order to simulate 

more accurately the future meltwater contribution towards 

downstream water resources in low-latitude regions. 

Future research into the optimisation of satellite and UAV remote sensing 

techniques for monitoring debris-covered glaciers, such as those developed within 

this thesis, will facilitate improvements to the precision, accuracy and scale at which 

debris-covered glaciers can be monitored. Continued research into the complex 

ablation processes of debris-covered glaciers is critical for improving the calibration 

of glaciological models and effectively forecasting the impacts of glacial retreat on 

downstream water resources in some of the most socio-economically vulnerable 

regions in the world.



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



                                          

  REFERENCES 

 

177 

 

 

 

 

 

References 

Abramowitz, M.; Stegun, I. A. (1965) Handbook of Mathematical Functions. Dover, 

New York. 

Allen, S.K., Linsbauer, A., Randhawa, S.S., Huggel, C., Rana, P. and Kumari, A. 

(2016) Glacial lake outburst flood risk in Himachal Pradesh, India: an 

integrative and anticipatory approach considering current and future threats. 

Natural Hazards. 84(3), 1741-1763. 

Ames, A.M. (1984) Informe sobre las mediciones de desplizamiento de balizas 

colocadas sobre la morrena y glaciar Hatunraju, Paron. Electroperu S.A., 

Huaráz, Peru. 

Anderson, L.S., Anderson, R.S. (2016) Modeling debris-covered glaciers: response to 

steady debris deposition. The Cryosphere. 10, 1105-1124. 

Anderson, L.S., Armstrong, W.H., Anderson, R.S. and Buri, P. (2021) Debris cover 

and the thinning of Kennicott Glacier, Alaska: in situ measurements, 

automated ice cliff delineation and distributed melt estimates. The 

Cryosphere. 15(1), 265-282. 

Azam, M. F.; Ramanathan, A. L.; Wagnon, P.; Vincent, C.; Linda, A.; Berthier, E.; 

Sharma, P.; Mandal, A.; Angchuk, T.; Singh, V. B.; Pottakkal, J.G. (2016) 

Meteorological Conditions, Seasonal and Annual Mass Balances of Chhota 

Shigri Glacier, Western Himalaya, India. Annals in Glaciology. 57 (71), 328–

338. 

Azam, M. F.; Wagnon, P.; Patrick, C.; Ramanathan, A.; Linda, A.; Singh, V. B. 

(2014) Reconstruction of the Annual Mass Balance of Chhota Shigri Glacier, 

Western Himalaya, India, since 1969. Annals in Glaciology. 55 (66), 69–80. 

Banerjee, A., Shankar, R. (2013) On the response of Himalayan glaciers to climate 

change. Journal of Glaciology. 59(215), 480-490. 

Banerjee, A. (2017) Brief communication: Thinning of debris-covered and debris-free 

glaciers in a warming climate. The Cryosphere. 11, 133-138. 

Baraer, M., Mark, B.G., McKenzie, J.M., Condom, T., Bury, J., Huh, K.I., 

Portocarrero, C., Gómez, J. and Rathay, S. (2012) Glacier recession and water 



 

 

 

 

 

resources in Peru’s Cordillera Blanca. Journal of Glaciology. 58(207), 134-150. 

Barandun, M.; Huss, M.; Sold, L.; Farinotti, D.; Azisov, E.; Salzmann, N.; 

Usubaliev, R.; Merkushkin, A.; Hoelzle, M. (2015) Re-Analysis of Seasonal 

Mass Balance at Abramov Glacier 1968-2014. Journal of Glaciology. 61 

(230), 1103–1117. 

Barnett, T.P., Adam, J.C. and Lettenmaier, D.P. (2005) Potential impacts of a 

warming climate on water availability in snow-dominated regions. Nature. 

438(7066), 303-309. 

Bartlett, O.T., Ng, F.S. and Rowan, A.V. (2021) Morphology and evolution of 

supraglacial hummocks on debris‐covered Himalayan glaciers. Earth Surface 

Processes and Landforms. 46(3), 525-539. 

Bell, S.A., 1996. A guide to the measurement of humidity (NPL Guide 103). 

Teddington: National Physical Laboratory. 

Benn, D.I., Bolch, T., Hands, K., Gulley, J., Luckman, A., Nicholson, L.I., Quincey, 

D., Thompson, S., Toumi, R., Wiseman, S. (2012) Response of debris-covered 

glaciers in the Mount Everest region to recent warming, and implications for 

outburst flood hazards. Earth Science Reviews. 114(1-2), 156-174. 

Benn, D.I., Lehmkuhl, F. (2000) Mass balance and equilibrium-line altitudes of 

glaciers in high mountain environments. Quaternary International. 65 (66), 

15–29. 

Berni, J.A.J., Zarco-Tejada, P.J., Suárez, L., González-Dugo, V. and Fereres, E. 

(2009) Remote sensing of vegetation from UAV platforms using lightweight 

multispectral and thermal imaging sensors. The International Archives of the 

Photogrammetry, Remote Sensing and Spatial Information Sciences. 38(6), 6. 

Berthier, E.; Vincent, C. Relative Contribution of Surface Mass Balance and Ice 

Flux Changes to the Accelerated Thinning of the Mer de Glace (Alps) over 

1979-2008 (2012). Journal of Glaciology. 58 (209), 1979–2008. 

Bhushan, S., Syed, T.H., Arendt, A.A., Kulkarni, A.V. and Sinha, D. (2018) 

Assessing controls on mass budget and surface velocity variations of glaciers 

in Western Himalaya. Scientific reports. 8(1), 1-11. 

Bisset, R.R., Dehecq, A., Goldberg, D.N., Huss, M., Bingham, R.G., Gourmelen, N. 

(2020) Reversed Surface-Mass-Balance Gradients on Himalayan Debris-

Covered Glaciers Inferred from Remote Sensing. Remote Sensing. 12(10), 

1563. 

Bolch, T. (2017) Asian glaciers are a reliable water source. Nature. 545(7653), 161-

162. 

Bonekamp, P.N.J., van Heerwaarden, C.C., Steiner, J.F., Immerzeel, W.W. (2020) 

Using 3D turbulence-resolving simulations to understand the impact of 



                                          

  REFERENCES 

 

179 

 

surface properties on the energy balance of a debris-covered glacier. The 

Cryosphere. 14, 1611-1632. 

Bookhagen, B., Burbank, D.W. (2010) Toward a complete Himalayan hydrological 

budget: spatiotemporal distribution of snowmelt and rainfall and their 

impact on river discharge. Journal of Geophysical Research. 115(3), 1-25. 

Brock, B.W., Mihalcea, C., Kirkbride, M.P., Diolaiuti, G., Cutler, M.E.J., Smiraglia, 

C. (2010) Meteorology and surface energy fluxes in the 2005–2007 ablation 

seasons at the Miage debris-covered glacier, Mont Blanc Massif, Italian Alps. 

Journal of Geophysical Research. 115(D9), D09106. 

Brun, F., Buri, P., Miles, E.S., Wagnon, P., Steiner, J., Berthier, E., Ragettli, S., 

Kraaijenbrink, P., Immerzeel, W.W. and Pellicciotti, F. (2016) Quantifying 

volume loss from ice cliffs on debris-covered glaciers using high-resolution 

terrestrial and aerial photogrammetry. Journal of Glaciology. 62(234), 684-

695. 

Brun, F., Berthier, E., Wagnon, P., Kääb, A. and Treichler, D. (2017) A spatially 

resolved estimate of High Mountain Asia glacier mass balances from 2000 to 

2016. Nature Geoscience. 10(9), 668-673. 

Brun, F. (2018) Impact of the debris cover on High Mountain Asia glacier mass 

balances: a multiscale approach. Glaciology. Université Grenoble Alpes, 2018. 

Brun, F., Wagnon, P., Berthier, E., Shea, J.M., Immerzeel, W.W., Kraaijenbrink, 

P.D., Vincent, C., Reverchon, C., Shrestha, D. and Arnaud, Y. (2018) Ice 

cliff contribution to the tongue-wide ablation of Changri Nup Glacier, Nepal, 

central Himalaya. The Cryosphere. 12(11), 3439-3457. 

Brun, F.; Wagnon, P.; Berthier, E.; Jomelli, V.; Maharjan, S. B.; Shrestha, F.; 

Kraaijenbrink, P. D. A. (2019) Heterogeneous Influence of Glacier Morphology 

on the Mass Balance Variability in High Mountain Asia. Journal of 

Geophysical Research: Earth Surface. 124 (6), 1331–1345. 

Budzier, H.; Gerlach, G. (2015) Calibration of uncooled thermal infrared cameras. J. 

Sensors Sens. Syst. 4, 187–197. 

Buri, P., Pellicciotti, F., Steiner, J.F., Miles, E.S., Immerzeel, W.W. (2016) A grid-

based model of backwasting of supraglacial ice cliffs on debris-covered 

glaciers. Annals of Glaciology. 57(71), 199-211. 

Buri, P., Pellicciotti, F. (2018) Aspect controls the survival of ice cliffs on debris-

covered glaciers. PNAS. 155(17), 4369-4374. 

Buri, P., Miles, E.S., Steiner, J.F., Ragettli, S., Pelliciotti, F. (2021) Supraglacial Ice 

Cliffs Can Substantially Increase the Mass Loss of Debris-Covered Glaciers. 

Geophysical Research Letters. 48(6), 1-11. 



 

 

 

 

 

Burns, P., Nolin, A. (2014) Using atmospherically-corrected Landsat imagery to 

measure glacier area change in the Cordillera Blanca, Peru from 1987 to 

2010. Remote Sensing of the Environment. 140, 165-178. 

Buytaert, W., Moulds, S., Acosta, L., De Bievre, B., Olmos, C., Villacis, M., Tovar, 

C. and Verbist, K.M. (2017) Glacial melt content of water use in the tropical 

Andes. Environmental Research Letters. 12(11), 114014. 

Carey, M. (2005) Living and dying with glaciers: people's historical vulnerability to 

avalanches and outburst floods in Peru. Global and Planetary Change. 47(2–

4), 122-134. 

Carrivick, J.L., Tweed, S.T. (2016) A global assessment of the societal impacts of 

glacier outburst floods. Global and Planetary Change. 144, 1-16. 

Charturvedi, R., Kulkarni, A., Karyakarte, Y., Joshi, J., Bala, G. (2014) Glacial 

mass balance changes in the Karakoram and Himalaya based on CMIP5 

multi-model climate projections. Climatic Change. 123(2), 315-328. 

Chevallier, P., Pouyaud, B., Suarez, W. and Condom, T. (2011) Climate change 

threats to environment in the tropical Andes: glaciers and water resources. 

Regional Environmental Change. 11(1), 179-187. 

Clark, S.P. (1966) Handbook of physical constants (Vol. 97). Geological Society of 

America. 

Conway, H., Rasmussen, L.A. (2000) Summer temperature profiles within 

supraglacial debris on Khumbu Glacier, Nepal. Proceedings of a workshop 

held at Seattle, Washington, USA, September 2000. 

Cuffey, K.M., Paterson, W.S.B. (2010) The Physics of Glaciers: Fourth Edition, 

Burlington/Oxford: Elsevier. 

Dehecq, A.; Gourmelen, N.; Trouve, E. (2018) Deriving Large-Scale Glacier Velocities 

from a Complete Satellite Archive: Application to the Pamir–Karakoram–

Himalaya. Remote Sensing of Environment. 162, 55–66. 

Dehecq, A., Gourmelen, N., Gardner, A.S., Brun, F., Goldberg, D., Nienow, P., 

Berthier, E., Vincent, C., Wagnon, P., Trouvé, E. (2018) Twenty-first 

century glacier slowdown driven by mass loss in High Mountain Asia. Nature 

Geoscience. 12, 22-27. 

Dilley, A.C., O’Brien, D.M. (1998) Estimating downward clear sky long-wave 

irradiance at the surface from screen temperature and precipitable water. 

Quarterly Journal of the Royal Meteorological Society. 124(549), 1391-1401. 

Emmer, A., Loarte, E.C., Klimes, J., Vilímeka, V. (2015) Recent evolution and 

degradation of the bent Jatunraju glacier (Cordillera Blanca, Peru). 

Geomorphology. 228, 345-355. 



                                          

  REFERENCES 

 

181 

 

Farinotti, D.; Huss, M.; Fürst, J. J.; Landmann, J.; Machguth, H.; Maussion, F.; 

Pandit, A. (2019) A Consensus Estimate for the Ice Thickness Distribution of 

All Glaciers on Earth. Nature Geoscience. 12(3), 168–173. 

Farinotti, D., Immerzeel, W.W., de Kok, R.J., Quincey, D.J., Dehecq, A. (2020) 

Manifestations and mechanisms of the Karakoram glacier Anomaly. Nature 

Geoscience. 13, 8-16. 

Farr, T. G.; Rosen, P. A.; Caro, E.; Crippen, R.; Duren, R.; Hensley, S.; Kobrick, M.; 

Paller, M.; Rodriguez, E.; Roth, L.; Seal, D.; Shaffer, S.; Shimada, J.; Umland, 

J.; Werner, M.; Oskin, M.; Burbank, D.; Alsdorf, D. (2007) The Shuttle Radar 

Topography Mission. Reviews of Geophysics. 45 (2), RG2004. 

Foresta, L.; Gourmelen, N.; Pálsson, F.; Nienow, P.; Björnsson, H.; Shepherd, A. 

(2016) Surface Elevation Change and Mass Balance of Icelandic Ice Caps 

Derived from Swath Mode CryoSat-2 Altimetry. Geophysical Research 

Letters. 43 (23), 12,138-12,145.  

Fortner, S.K., Mark, B.G., McKenzie, J.M., Bury, J., Trierweiler, A., Baraer, M., 

Burns, P.J. and Munk, L. (2011) Elevated stream trace and minor element 

concentrations in the foreland of receding tropical glaciers. Applied 

Geochemistry. 26(11), 1792-1801. 

Foster, L.A., Brock, B.W., Cutler, M.E.J., Diotri, F. (2012) A physically based 

method for estimating supraglacial debris thickness from thermal band 

remote-sensing data. Journal of Glaciology. 58(210), 677-691. 

Frey, H., Huggel, C., Chisholm, R.E., Baer, P., McArdell, B., Cochachin, A., 

Portocarrero. (2018) Multi-Source Glacial Lake Outburst Flood Hazard 

Assessment and Mapping for Huaraz, Cordillera Blanca, Peru. Frontiers in 

Earth Science. 6(210), 1-16. 

Fyffe, C.L., Potter, E., Fugger, S., Orr, A., Fatichi, S., Loarte, E., Medina, K., 

Hellström, R.Å., Bernat, M., Aubry‐Wake, C. and Gurgiser, W. (2021) The 

energy and mass balance of Peruvian glaciers. Journal of Geophysical 

Research: Atmospheres. JD034911. 

Gardelle, J.; Berthier, E.; Arnaud, Y. (2013) Region-Wide Glacier Mass Balances over 

the Pamir-Karakoram-Himalaya during 1999--2011. Cryosphere. 7 (4), 1263–

1263. 

Gibson, M.J., Glasser, N.F., Quincey, D.J., Mayer, C., Rowan, A.W., Invine-Fynn, 

T.D.L. (2017) Temporal variations in supraglacial debris distribution on 

Baltoro Glacier, Karakoram between 2001 and 2012. Geomorphology. 295, 

572-585. 

Giese, A., Boone, A., Wagnon, P., Hawley, R. (2020) Incorporating moisture content 

in surface energy balance modeling of a debris-covered glacier. The 

Cryosphere. 14, 1555-1577. 



 

 

 

 

 

Gudmundsson, G.H. and Bauder, A. (1999) Towards an indirect determination of 

the mass‐balance distribution of glaciers using the kinematic boundary 

condition. Geografiska Annaler: Series A, Physical Geography. 81(4), 575-

583. 

Guittard, A., Baraer, M., McKenzie, J.M., Mark, B.G., Wigmore, O., Fernandez, A., 

Rapre, A.C., Walsh, E., Bury, J., Carey, M. and French, A. (2017) Trace-

metal contamination in the glacierized Rio Santa watershed, Peru. 

Environmental monitoring and assessment. 189(12), 1-16. 

Hammerle, A.; Meier, F.; Heinl, M.; Egger, A.; Leitinger, G. (2017) Implications of 

atmospheric conditions foranalysis of surface temperature variability derived 

from landscape-scale thermography. International Journal of Biometeorology. 

61, 575–588 

Han, H., Wang, J., Wei, J. and Liu, S. (2010) Backwasting rate on debris-covered 

Koxkar glacier, Tuomuer mountain, China. Journal of Glaciology. 56(196), 

287-296. 

Harris, S.A., Pederson, D.E. (1998) Thermal regimes beneath coarse blocky debris. 

Permafrost and Periglacial Processes. 9, 107-120. 

Heid, T and Kääb, A (2012) Repeat optical satellite images reveal widespread and 

long term decrease in land-terminating glacier speeds. Cryosphere. 6, 467–

478. 

Herreid, S. and Pellicciotti, F. (2018) Automated detection of ice cliffs within 

supraglacial debris cover. The Cryosphere. 12(5), 1811-1829. 

Herreid, S. and Pellicciotti, F. (2020) The state of rock debris covering Earth’s 

glaciers. Nature Geoscience. 13(9), 621-627. 

Hock, R., G. Rasul, C. Adler, B. Cáceres, S. Gruber, Y. Hirabayashi, M. Jackson, A. 

Kääb, S. Kang, S. Kutuzov, Al. Milner, U. Molau, S. Morin, B. Orlove, and 

H. Steltzer (2019) High Mountain Areas. In: IPCC Special Report on the 

Ocean and Cryosphere in a Changing Climate [H.-O. Pörtner, D.C. Roberts, 
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Abstract: Meltwater from the glaciers in High Mountain Asia plays a critical role in water
availability and food security in central and southern Asia. However, observations of glacier
ablation and accumulation rates are limited in spatial and temporal scale due to the challenges
that are associated with fieldwork at the remote, high-altitude settings of these glaciers. Here,
using a remote-sensing-based mass-continuity approach, we compute regional-scale surface mass
balance of glaciers in five key regions across High Mountain Asia. After accounting for the role of
ice flow, we find distinctively different altitudinal surface-mass-balance gradients between heavily
debris-covered and relatively debris-free areas. In the region surrounding Mount Everest, where
debris coverage is the most extensive, our results show a reversed mean surface-mass-balance
gradient of −0.21 ± 0.18 m w.e. a−1 (100 m)−1 on the low-elevation portions of glaciers, switching to a
positive mean gradient of 1.21 ± 0.41 m w.e. a−1 (100 m)−1 above an average elevation of 5520 ± 50 m.
Meanwhile, in West Nepal, where the debris coverage is minimal, we find a continuously positive
mean gradient of 1.18 ± 0.40 m w.e. a−1 (100 m)−1. Equilibrium line altitude estimates, which are
derived from our surface-mass-balance gradients, display a strong regional gradient, increasing
from northwest (4490 ± 140 m) to southeast (5690 ± 130 m). Overall, our findings emphasise the
importance of separating signals of surface mass balance and ice dynamics, in order to constrain
better their contribution towards the ice thinning that is being observed across High Mountain Asia.

Keywords: glaciers; surface mass balance; mass continuity; remote sensing; debris cover

1. Introduction

The glaciers in High Mountain Asia collectively form the largest glaciated area outside the polar
regions, covering an estimated ~118,264 km2 [1]. Meltwater from these glaciers feeds into major river
basins, including the Indus, Ganges, Brahmaputra, Yellow, and Yangtze, providing water resources
to 221 ± 59 million people living in central and southern Asia [2]. Furthermore, the melt rates of
the glaciers in High Mountain Asia modify the frequency and magnitude of glacial-lake outburst
floods, posing significant threats to downstream communities [3–5]. Quantifying and improving our
understanding of glacier surface-mass-balance distribution across High Mountain Asia is critical in the
effective prediction and mitigation of these impacts.

Remote Sens. 2020, 12, 1563; doi:10.3390/rs12101563 www.mdpi.com/journal/remotesensing

http://www.mdpi.com/journal/remotesensing
http://www.mdpi.com
https://orcid.org/0000-0001-8708-3352
https://orcid.org/0000-0002-5157-1183
https://orcid.org/0000-0001-9130-4461
https://orcid.org/0000-0002-2377-6923
https://orcid.org/0000-0003-3346-9289
http://dx.doi.org/10.3390/rs12101563
http://www.mdpi.com/journal/remotesensing
https://www.mdpi.com/2072-4292/12/10/1563?type=check_update&version=2


Remote Sens. 2020, 12, 1563 2 of 19

Glacier surface mass balance (hereafter SMB) is defined as the difference between accumulation
and ablation, being negative where there is net melt. Many of the glaciers in High Mountain Asia are
characterised by supraglacial debris cover of varying thickness and extent, which plays an important
role in modifying SMB through its impact on glacier ablation rates. Field-based studies have shown
that a thin layer of supraglacial debris, less than a critical thickness of ~3–8 cm, enhances glacier melt
rates (e.g., [6]) through a reduction in the ice-surface albedo, as first demonstrated experimentally [7],
and more recently constrained from surface energy balance modelling (e.g., [8,9]). In contrast, debris
cover exceeding the critical thickness has the opposite effect, reducing ablation by insulating the
ice surface (e.g., [6,10–14]). Other properties of supraglacial debris, such as moisture content, rock
type, and grain size, can alter the thermal conductivity of the debris layer, consequently modifying
the relationship between debris thickness and surface melt rates (e.g., [15–17]). The ablation rates
on heavily debris-covered glaciers are extremely difficult to measure, due to the challenges that are
associated with drilling stakes through the debris layer, as well as the large heterogeneity of local
ablation rates (e.g., [13,18]).

Previous geodetic studies of ice-surface-elevation change have shown that, collectively, the
glaciers in High Mountain Asia are rapidly losing mass [19–22], with a total annual mass change
of −19.0 ± 2.5 Gt a−1 between 2000 and 2018 [22]. However, despite the well-known importance of
debris cover, geodetic studies have identified no clear relationship between supraglacial debris cover
and rates of ice thinning in High Mountain Asia [19,20,23]. The presence of supraglacial features on
debris-covered ice, such as ice cliffs and meltwater ponds, is one factor that is likely to be contributing
to this anomaly. These features enhance localised melt rates and therefore partially offset the effects of
reduced surface melting on ice thinning rates in debris-covered areas [24–26]. The reduced emergence
velocity of debris-covered glaciers [27,28], leading to greater rates of ice-surface lowering compared to
clean-ice glaciers, is another factor that is hypothesised to play a role in the debris anomaly. This surface
lowering counteracts against the reduced ice-thinning rate in debris-covered areas, therefore potentially
contributing towards the similar rates of thinning that have been observed on both debris-free and
debris-covered glaciers [27–29].

The previously observed ice-surface-elevation changes are a result of a combination of both SMB
and ice dynamics, as well as other processes, such as basal melting, internal accumulation, and calving
(for lake-terminating glaciers) [30]. Therefore, producing regional distributed SMB observations is
critical for separating signals of climate and ice flow dynamics and better constraining the region-wide
influence of debris cover in glaciological models. Several studies have shown that it is possible to
disentangle these contributions towards ice-surface-elevation changes using the principle of mass
conservation [25,28,29,31,32]. Here, we present a methodology employing this principle in order
to calculate SMB for a larger sample of glaciers across multiple regions, using recently produced
spatially extensive remote sensing datasets. All of the mass-conservation terms are estimated from
remote-sensing datasets [21,33] and modelled ice-thickness data [34]. After isolating the contribution of
SMB towards ice thinning, we investigate the contrasting altitudinal patterns of SMB on debris-covered
and clean-ice glaciers at a regional level.

2. Materials and Methods

2.1. Overview

Using a mass-continuity approach, we combined existing remote-sensing observations and
modelled datasets to derive spatially-distributed estimates of mean SMB over a total glaciated area of
~2000 km2 within the Pamir-Karakoram-Himalaya. Our computations were performed for 25 glaciers
within these regions. We divided each glacier into sections of ~2 km in length (Figure A1). For each
section, we computed the ingoing and outgoing ice fluxes from existing feature-tracking-derived ice
velocities [33] and modelled ice thickness [34] (see Section 2.2). We calculated the mean elevation
change for each section from previously derived geodetic measurements [18] and, based on mass
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continuity, constrained the contribution of SMB. Using surface digital elevation models [35] and
existing modelled debris-thickness maps [36], we analysed the dependence of SMB on elevation and
debris thickness. We used breakpoint analyses in order to determine the elevations of transition points
between different altitudinal SMB gradients for each glacier, and applied weighted regression models
to determine the altitudinal SMB gradients below and above these elevations.

Our mean SMB estimates were generated for the period 2000–2015, which aligns with the periods
of the input datasets (see Section 2.2). We carried out our analyses for five regions within High
Mountain Asia (Figure 1), which were chosen based on the mutual availability of ice-surface velocity
and elevation-change data, and to cover a range of meteorological and environmental conditions.
Figure 1 shows the mean percentage debris cover for each region, as computed from an existing
global debris-cover-extent dataset [37]. The largest glaciers within each region were included in our
analyses (Figure A1), as smaller glaciers (<~10 km in length) do not provide a sufficient number of
measurements to compute SMB gradients. The glacier-wide coverage of our SMB calculations was
dependent on the availability of ice velocity data, which was often limited in coverage in high-altitude
accumulation areas. We used our final SMB results to investigate the influence of supraglacial debris
cover on altitudinal SMB gradients at a regional scale.
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Figure 1. Regions of study across High Mountain Asia. Coloured boxes show the five regions for
which surface mass balance is computed: Pamir (purple), Karakoram (blue), Spiti Lahaul (green), West
Nepal (orange), and Everest (red). Pie charts on right show the mean percentage of ice covered by
debris (computed from an existing debris cover distribution dataset for 2013–2017 [37]) for the glaciers
analysed within each of the five study regions. Turquoise shaded areas show the glaciers from the
Randolph Glacier Inventory v6.0 [1]. Blue outlined areas show the major river basins [38], which drain
meltwater from the glaciers in High Mountain Asia.

2.2. Data

The ice velocities used in this study cover the period 1999–2015 at 120 m resolution and they
were produced using semi-automated feature tracking, applied to Landsat multispectral satellite
imagery [see 33 for full derivation]. The ice-surface-elevation change dataset used in this study
was derived by [21] from differencing of digital elevation models that were produced from ASTER
optical satellite stereo imagery, and provides coverage for 2000–2016 at a 30 m resolution. We used
this ice-surface-elevation dataset rather than the more recent compilation that was published in [22],
because the former aligns more closely with the temporal coverage of the ice-velocity dataset. As a
consequence, the SMB dataset that we produced in this study is representative of the mean SMB for the
period 2000–2015, which is covered by both the ice-velocity and ice-surface-elevation-change datasets.
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The modelled ice thicknesses used in this study are part of a global dataset, which was produced
by [34] using an ensemble of models based on ice-thickness inversion from surface characteristics.
The surface-elevation data used in this study are from SRTM 1 Arc-Second Global digital elevation
data, which were collected in 2000 [35]. The debris-thickness dataset used in this study has a 30 m
resolution and was modelled by [36] from thermal infrared Landsat 8 satellite imagery (2013–present).
This dataset was selected for use as it is the only regional dataset providing consistent coverage of
debris thickness across all five study regions.

2.3. Computing Cross-Sectional Ice Fluxes

Cross-sectional ice fluxes were computed from ice velocities [33] and ice thicknesses [34].
Cross-sectional transects between each glacier section were demarcated with two points at the
lateral edges of the glacier, with transects being distributed at intervals of approximately 2 km along
the length of each glacier. A spacing of approximately 2 km was chosen as a compromise between
providing a sufficient number of data points to establish trends, and averaging over a sufficiently long
along-flow distance to prevent large correlations and potentially strong correlation of velocity errors.
Each transect was divided into 20 segments of equal length. The normal velocity and ice thickness
were interpolated to the midpoint of each segment and then multiplied to compute flux. The resulting
values were summed to compute the total ice flux perpendicular to each transect. These calculations
were carried out twice for every transect, using median velocities for two periods (1999–2003 and
2013–2015), and the results averaged. These periods align with the temporal coverage of Landsat 7
(before the Scan Line Corrector failure) and Landsat 8 [33]. The formula for ice flux Qt, where t is
1999–2003 or 2013–2015, is thus

Qt =
n=20∑
i=1

uihili (1)

where i is the index of the segment, ui is the normal velocity interpolated to segment i, hi is the thickness
interpolated to the segment, and li is the length of the segment. The calculated mean values of Qt for
each transect were used to quantify the ingoing and outgoing ice fluxes (Qin and Qout) for each section
between every adjacent pair of transects (or group of 3+ transects, where tributaries are present).
The depth-averaged velocity depends on the fraction of basal sliding, which is unknown. Since the
surface velocities are high for the observed glaciers, we assume that internal deformation makes a
negligible contribution and, hence, that ice-surface velocity approximates to depth-averaged velocity.
In order to test the impact of this assumption, we produced an additional set of surface-mass-balance
estimates for the Gechongkang Glacier, based on a depth-averaged velocity equal to 90% of the
surface velocity.

2.4. Producing Sectional Surface-Mass-Balance Estimates

The ice-surface area between each pair of transects was digitised and quantified using glacier
outlines from the Randolph Glacier Inventory v6.0 [1]. The mean annual ice-surface-elevation change
was calculated for each glacier section using glacier-wide elevation-change maps that were derived
from digital elevation-model differencing [21]. The mean annual SMB between each pair/group of
transects was computed using the mass-continuity method, as used by previous studies [25,28,29,31,32]:

b j =

(dh j

dt
−

Qin j −Qout j

A j

)
×

ρice

ρwater
(2)

where b is the mean SMB in glacier section j, dh
dt is the mean ice-surface-elevation change, A is the

surface area of the section, ρice is the density of ice (920 kg m−3), and ρwater is the density of water
(1000 kg m−3).



Remote Sens. 2020, 12, 1563 5 of 19

2.5. Statistically Approximating Altitudinal Gradients

For each glacier, we used breakpoint analysis to detect the transition points between contrasting
altitudinal SMB gradients and to determine the elevation at which the transition point occurs. We used
regression models, weighted by SMB uncertainties (discussed in Section 2.7), to estimate the altitudinal
SMB gradients below and above computed breakpoint elevations. These gradients were compared to
previously modelled SMB gradients from a regionally calibrated global glacier model used to estimate
global glacier runoff changes [39]. We computed mean regional breakpoint elevations as the arithmetic
average of breakpoint elevations for each individual glacier within the region. Similarly, we computed
the mean regional altitudinal gradients above and below the breakpoint elevation using the arithmetic
averages of the gradients for each glacier within each region. Using our collective dataset of sectional
SMB values for each region, we used arithmetic averages to approximate the mean regional SMB,
which was partitioned by elevation bands. For each glacier section, mean surface elevation and mean
debris thickness were computed from digital elevation models [35] and a modelled debris-thickness
dataset [36], respectively.

2.6. Estimating Equilibrium Line Altitudes

From our generated SMB results, we calculated the equilibrium line altitude (ELA) for each region,
which describes the mean elevation at which accumulation and ablation are in balance [30]. Using
our elevation-dependent SMB gradients, for each glacier we calculated the ELA value as the elevation
at which SMB is equal to zero. We took the arithmetic average of the ELA values for all the glaciers
analysed within each region to estimate the mean regional ELAs. We compared our regional ELA
values to previous estimates [19,20,40].

2.7. Assessing Uncertainties

We assessed uncertainty in SMB through linear error propagation from errors in input data sets,
as described by [41]. The error propagation involved an assessment of errors for all flux estimates via
Equation (1). The uncertainties associated with the thickness and velocity components are 25% and
5–10 m a−1, respectively. To estimate the error of flux, εQt , we assumed that both velocity and thickness
uncertainty have multivariate Gaussian distributions, and that each have exponentially decaying
autocorrelations with a length scale of L = 2 km. This was based on the autocorrelation of elevation
differences from a previous geodetic study [20]; but overall, uncertainties were not found to depend
strongly on L. Furthermore, thickness and velocity uncertainties were assumed to be independent.
Thus, error in Qt is given by

Q =
n∑

i=1

(ui∆hi)li + (hi + ∆hi)∆uili (3)

where ∆hi and ∆ui are error in the interpolated velocity and thickness at a given segment i in the
calculation of Qt. As this is a nonlinear expression of ∆hi and ∆ui, linear propagation cannot be applied.
Therefore, we approximated this expression as

εQt =
n∑

i=1

(ui∆hi)li + (hi + 3σhi)∆uili (4)

where σhi is the standard deviation of the error. Although this replaces a random error (∆hi) by a
nonrandom term

(
3σhi

)
, there is a 99.8% probability that the error term lies within the ±3σ interval [42].

Error was then propagated from the flux and elevation change estimates to SMB errors. The
uncertainties in the computed breakpoint elevations were approximated as the standard errors that
were computed from the weighted breakpoint analyses. The uncertainties in the computed altitudinal
SMB gradients were approximated as the standard errors associated with the coefficients of the
weighted regression models.
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2.8. Validating Against Previous Findings

In order to validate our results, we firstly compared our computed SMB gradients directly to
gradients previously calculated from in-situ measurements for the benchmark Chhota Shigri Glacier,
in the Spiti Lahaul region. This glacier was selected for validation purposes due to data availability,
meeting the minimum size requirements for inclusion in our analyses, and the existence of a record of
altitudinally-varying ablation stake measurements covering a similar period to that of our study [10,43].
We are not aware of additional field-based altitudinal SMB gradients for any of the other glaciers
included in our analyses and we were unable to compare directly to smaller glaciers for which previous
gradients have been estimated from in-situ measurements since small glaciers provide an insufficient
number of data points to compute reliable SMB gradients from our approach. Therefore, we made
additional comparisons to previously computed gradients for glaciers within the vicinity of the glaciers
in our analyses. These gradients were based on in-situ measurements at Abramov Glacier in the
Pamir [44], as well as Pokalde Glacier [45,46] and Changri Nup Glacier [45] in the Everest region.
For further validation, we compared our computed regional ELA values to previous values [19,20,40],
which were estimated from different approaches, e.g., from snowline altitudes [20].

3. Results

3.1. Regional Surface-Mass-Balance Results

The mean regional SMB results, as partitioned by elevation band, indicate distinctly different
elevation-dependent SMB patterns in West Nepal, in comparison to those that were observed in the
other four regions (Figure 2). In West Nepal, the lowest mean SMB values (i.e., greatest average melt
rates) occur at the lowest elevations (Figure 2d). In this region, the debris cover distribution is very
low (Figure 1) and the mean modelled debris thickness is <3.5 cm in all elevation bands (Figure 2i).

In contrast, our results indicate that, in the Pamir, Karakoram, Spiti Lahaul, and Everest regions,
the lowest mean SMB values do not occur at the lowest elevations. Instead, the lowest mean SMB
values occur at mid-elevations (Figure 2). Within all four of these regions, there is a considerably higher
debris-cover distribution when compared to West Nepal (see Figure 1). In addition, the mean debris
thickness is the greatest in the lowest elevation band (modelled by [36] as > 30 cm) and decreases
consistently with elevation.
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Figure 2. Regional elevation-dependent trends in surface mass balance (SMB) and debris thickness.
(a–e) Regional mean surface mass balance, binned by elevation, for Pamir (P), Karakoram (K), Spiti
Lahaul (SL), West Nepal (WN), and Everest (E). Horizontal bars represent standard error values. (f–j)
Corresponding mean debris-thickness values [36].

3.2. Altitudinal Surface-Mass-Balance Gradients

We present the individual SMB estimates for every region in Figure A2. At a regional level, West
Nepal shows a strong (R2 = 0.65), linear altitudinal SMB gradient (Figure A2a). Meanwhile, in the
Everest, Spiti Lahaul, Karakoram, and Pamir regions, no clear linear altitudinal gradients were detected
at a regional scale (R2 = 0.14 or less). However, breakpoint analysis of SMB gradients at a glacier-specific
scale revealed that breakpoints in altitudinal SMB profiles commonly occur within the Everest, Spiti
Lahaul, Karakoram, and Pamir regions (Table A1). Below the elevations where these breakpoints occur,
reversed altitudinal SMB gradients (where SMB decreases with increasing elevation) were commonly
found. More specifically, convex breakpoints in altitudinal SMB gradients were detected for 15 out
of 18 of the analysed glaciers within these four regions. Of the 15 glaciers where breakpoints were
detected, 13 show negative altitudinal SMB gradients below their breakpoint elevation. Conversely, in
the West Nepal region, where debris cover is very minimal (Figure 1), breakpoints were not detected
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for six of the seven analysed glaciers. Positive altitudinal gradients were found for all seven glaciers
within this region (Table A1).

Figure 3 shows examples of the segmented altitudinal SMB gradients for the glaciers we analysed
in the Everest region, with the corresponding debris-thickness values shown for each SMB data point.
All five glaciers transition from negative altitudinal-SMB gradients of between −0.54 ± 0.19 and −0.06 ±
0.10 m w.e. a−1 (100m)−1 at low elevations to positive altitudinal-SMB gradients of between 1.01 ± 0.39
and 1.56 ± 0.49 m w.e. a−1 (100m)−1 at high elevations. The elevations at which convex breakpoints
were detected range from 5180 ± 40 m a.s.l. (Ngozumpa Glacier) to 5920 ± 40 m a.s.l. (Gechongkang
Glacier). The debris thickness decreases from low elevations to high elevations for every glacier within
this region, as shown in Figure 3.
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Figure 3. Elevation-dependent trends in SMB and debris thickness in the Everest region. Locations of the
five largest glaciers surrounding Mount Everest (blue triangle). (b–f) Altitudinal surface-mass-balance
trends for these glaciers. Vertical bars represent (1σ) uncertainties in the computed SMB values,
estimated using a linear propagation of errors. Corresponding debris-thickness values [36] are
represented on all panels with the colour scale on right. Dotted black lines represent our computed
altitudinal SMB gradients, with corresponding R2 values of the combined linear trends shown. The
values of these gradients and their uncertainties are shown in Table A1. Blue dotted lines represent
previously modelled SMB gradients from a regionally-calibrated global glacier model ignoring the
effect of supraglacial debris [39].

Table 1 shows the mean regional breakpoint elevations and SMB gradients, which were computed
from the glacier-specific results for each region. In the Pamir, Karakoram, Spiti Lahaul, and Everest
regions, we found regional mean SMB gradients of between −1.87 ± 2.57 and −0.17 ± 0.30 m w.e. a−1

(100m)−1 below breakpoint elevations, with a transition to mean gradients of between 0.94 ± 0.40
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and 1.21 ± 0.41 m w.e. a−1 (100m)−1 above breakpoint elevations (Table 1). The results show that
the regional breakpoint elevation varies considerably between regions. The lowest mean regional
breakpoint elevation of 3680 ± 280 m a.s.l. is found in the Pamir, while the highest breakpoint elevation
of 5520 ± 50 m a.s.l. is found in the Everest region.

Table 1. Regional mean altitudinal SMB gradients and breakpoint elevations.

Region Mean Breakpoint
Elevation (m)

Mean Elevation-Dependent SMB Gradient (m w.e. a−1

(100m)−1)

Below Breakpoint
Elevation

Above Breakpoint
Elevation R2 Value

Pamir 3680 ± 280 −1.87 ± 2.57 1.01 ± 0.88 0.47
Karakoram 3860 ± 220 −1.04 ± 2.08 1.05 ± 0.59 0.22
Spiti Lahaul 4890 ± 100 −0.17 ± 0.30 0.94 ± 0.40 0.63
West Nepal Not found 1.18 ± 0.40 0.74

Everest 5520 ± 50 −0.21 ± 0.18 1.21 ± 0.41 0.56

For the Pamir, Karakoram, Spiti Lahaul, and Everest regions, where breakpoints were detected for the majority
of glaciers (Table A1), we display the mean altitudinal SMB gradients below and above the breakpoint elevation.
These gradients represent the arithemetic average of glacier-specific gradients computed from breakpoint analyses
(Table A1) within each region, and exclude glaciers where breakpoints were not detected. We also report the mean
of the R2 values, arising from the breakpoint analyses, from the same glaciers. For West Nepal, where breakpoints
were not detected for the majority of glaciers, we report the mean altitudinal gradient (and its associated R2 value),
computed from the glacier-specific gradients, excluding the single glacier for which a breakpoint was detected. Error
values reported are the mean standard error values associated with the gradients computed from linear regression
(for West Nepal) and breakpoint analyses (for all other regions).

Our results also indicate considerable intra-regional variability in both the breakpoint elevation
and the magnitude of the reversed gradients within each of the Everest, Spiti Lahaul, Karakoram,
and Pamir regions, with the latter ranging over as much as two orders of magnitude (Table A1). This
variability precludes any clear region-wide elevation-SMB relationships in these regions (as opposed
to in West Nepal, Figure A2). However, there is more conformity in above-breakpoint mass-balance
gradients (Table A1).

3.3. Equilibrium Line Altitudes

From our altitudinal SMB gradients, we estimate regional ELA values of between 4490 ± 140 m
(Pamir) and 5700 ± 60 m (West Nepal), as shown in Figure 4. Our ELA values generally increase from
the northwest to the southeast of the mountain belt. The exception to this trend is that we observe a
slightly higher ELA in West Nepal than in Everest to its southeast. Figure 4 shows a comparison of our
ELA values against previous estimates [19,20,40]. The uncertainty ranges of all of our estimated ELA
values fall within the error bounds of the ELA values previous estimated from snow line altitudes [20]
(Table A2).
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to southeast (right).

4. Discussion

4.1. Influence of Supraglacial Debris Cover

The reversed altitudinal SMB gradients observed at low elevations in the Pamir, Karakoram,
Spiti Lahaul, and Everest regions (Table 1; Figure 3) are likely to be attributable to the effects of
supraglacial debris cover. Numerous previous studies have shown that supraglacial debris cover
significantly influences glacier melt rates, as discussed in Section 1: a thin layer of debris enhances
melt rates while a thicker layer of debris (exceeding a critical thickness of ~ 3–8 cm) reduces melt rates
(e.g., [6–9]). Near the snouts of the glaciers in our analyses, where debris cover is thickest, the ice
surface is likely to be insulated the most. As a result, the ablation rate is reduced and the SMB is raised
(Figure 3). As elevation increases up-glacier from the snout, debris thickness decreases, therefore
reducing the insulation effect. As a result, melt rates are enhanced up-glacier from the terminus,
therefore contributing towards the reversed SMB gradients observed (Figure 3), which have also been
reproduced in models (e.g., [47]). Furthermore, as the debris thins to below the critical thickness, the
albedo effect is likely to dominate, therefore further enhancing melt rates and contributing towards the
lowest mean SMB values being observed at mid-elevations (Figure 2).

The strong region-wide linear correlation between elevation and SMB for the relatively debris-free
glaciers in West Nepal (Table 1; Figure A2) suggests that, where debris cover is largely absent, SMB
is dominated by altitudinal climatic gradients. This pattern is also observed on other debris-free
glaciers in the Himalayas (e.g., [43,45,46]). As a result, the lowest mean SMB values (i.e., greatest melt
rates) occur at the lowest elevations in this region (Figure 2). The absence of negative altitudinal-SMB
gradients in West Nepal also provides further evidence that the negative gradients observed in the
Pamir, Karakoram, Spiti Lahaul, and Everest regions could be attributed to supraglacial debris cover.

The intra-regional variations in breakpoint elevations and altitudinal gradients observed within
the Pamir, Karakoram, Spiti Lahaul, and Everest regions (Figure 3; Table A1) seem to preclude any
clear region-wide relationships between elevation and SMB (Figure A2), despite strong correlation at
the scale of individual glaciers. This variation could potentially arise from variations in supraglacial
debris coverage. Differences in debris-thickness distribution, as well as local debris properties, such
as lithology, grain size, and moisture content, may contribute towards the contrasting breakpoint
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elevations and magnitudes of reversed altitudinal SMB gradients that were observed within these
regions (e.g., [15–17]. Supraglacial ice cliffs and ponds can also influence the SMB of debris-covered
glaciers by creating localised areas of enhanced melting [24–27]. Therefore, it is possible that these
features could also partially explain the heterogeneity that was observed between debris-covered
glaciers. Further detailed investigations of relationships between debris characteristics and altitudinal
SMB gradients are required to gain a better understanding of these variations in reversed gradients.

4.2. Contribution of Glacier Dynamics

Our results enabled us to separate the relative contributions of SMB and ice dynamics towards
ice-surface thinning. There is a considerable difference between our SMB estimates (black dotted line,
Figure 5) and the previously observed ice-surface-elevation change (white dotted line). This difference
represents the ice emergence velocity that was calculated from the mass convergence/divergence.
At low elevations, where we observe a low ablation rate, the emergence velocity is also low (Figure 5),
as also indicated by previous studies (e.g., [25,27,48,49]). This can be explained by the low slope and
velocity gradient that are characteristic of the stagnant tongues of debris-covered glaciers. Further
up-glacier near the breakpoint elevation, where melt rates are high, the emergence velocity is also high
(see Figure 5). This is a consequence of the mass convergence at the transition between the stagnant
tongue and the steeper debris-free part of the glacier. The reversed SMB gradient in the lower part
of the glacier likely helps to maintain this mass convergence, by causing an inflexion of the glacier
surface at its middle elevation. Consequently, the surface-elevation change, which is the sum of these
two opposite processes of melt and emergence, shows a smooth trend along the length of the glacier,
as observed by geodetic studies. Our results demonstrate the importance of ice dynamics in explaining
the apparent contradiction between the reversed altitudinal SMB gradients expected on debris-covered
ice and the relatively stable or positive altitudinal ice-surface-elevation-change gradients that were
observed by geodetic studies.
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Figure 5. Comparison of surface mass balance and ice-surface-elevation change. (a–e) show the
contrasting altitudinal patterns of SMB (black) and ice-surface-elevation change (white) for the five
largest glaciers surrounding Mount Everest. Each point represents the mean SMB / ice-surface-elevation
change value computed for each ~2 km sub-section of each glacier. Vertical bars represent (1σ)
uncertainties in the computed SMB values, estimated using a linear propagation of errors.
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4.3. Role of Glacier Surging

Referring to a recent inventory of surging glaciers [50], all of the glaciers that we have analysed
in the Pamir and Karakoram are surge-type glaciers or have been exhibiting large velocity change
during the study period. Surging behaviour can result in temporal variability in ice thickness and
velocity (e.g., [51,52]); therefore, it is likely that this behaviour might be complicating the SMB trends
and contributing towards the generally weaker R2 values in the Pamir and Karakoram. An implicit
assumption of our study is that the ice fluxes are in balance with the SMB gradient, but this is not the
case for surging glaciers. Further investigation is required in the future in order to isolate signals of
glacier surging, allowing for us to gain more accurate representations of altitudinal SMB gradients in
regions where surge-type behaviour is occurring.

4.4. Validation of SMB Gradients With Previous In-Situ Measurements

For the benchmark Chhota Shigri Glacier in Spiti Lahaul, we computed an above-breakpoint
altitudinal SMB gradient within 7–12% of the gradients previously measured in the field on the
debris-free portion of this glacier (see Table 2). For Kangshung and Ngozumpa Glaciers in the Everest
region, we computed above-breakpoint altitudinal gradients with differences of between 3% and 26%
as compared to previously derived gradients for clean ice on West Changri Nup and Pokalde Glaciers,
which are both located in between Kangshung and Ngozumpa Glaciers. For Fortambek Glacier in the
Pamir, we computed an above-breakpoint gradient that was 27% lower than the field-based gradient
for Abramov Glacier, located approximately 70 km northwest of Fortambek Glacier. The ELA values
estimated from our SMB gradients are comparable to those calculated by previous studies [19,20,40],
and follow a similar northwest-southeast increasing trend, as shown in Figure 4.

Table 2. Comparison of altitudinal SMB gradients with previous field-based findings.

Measurement
Period

Elevation
Range (m)

Altitudinal Surface-Mass-Balance Gradient
(m w.e. a−1 (100m)−1)

Spiti Lahaul Everest Pamir

Our study 2000–2015

4570–5180 0.74 ± 0.14 (CS) - -
5420–5750 1.12 ± 0.24 (K) -
5180–5230 - 1.56 ± 0.49 (N) -
3400–4020 - - 0.74 ± 0.90 (F)

Azam et al. (2016) [43] 2002–2014 4400–5200 0.66 ± 0.09 (CS) - -

Wagnon et al. (2007) [10] 2002–2006 4400–4900 0.69 (CS) - -

Sherpa et al. (2017) [45] 2010–2015 5330–5690 - 1.47 (WCN) -
2009–2015 5430–5690 1.37 (P)

Wagnon et al. (2013) [46] 2009–2012 5500–5600 - 1.51 (P) -

Barandun et al. (2015) [44] 2011–2015 3720–4400 - - 1.02 ± 0.05 (A)

The altitudinal SMB gradients computed above the breakpoint elevation for selected glaciers within the Spiti
Lahaul, Everest and Pamir regions are shown. Gradients previously estimated by field-based studies [10,43–46]
for debris-free ice in the ablation area are also shown for glaciers within these regions. The measurement periods
and elevation ranges associated with each gradient are indicated. The initials provided after each SMB gradient
represent Chhota Shigri (CS), Kangshung (K), Ngozumpa (N), West Changri Nup (WCN), Pokalde (P), Fortambek
(F), and Abramov (A). WCN is located ~10 km east of N and ~15 km west of K. P is located ~15 km southeast of N
and ~15 km southwest of K. A is located ~70 km northwest of F.

4.5. Limitations and Future Directions

While the ensemble approach used by [34] to model ice thickness minimises errors in the input
ice-thickness dataset, there are still considerable uncertainties that are associated with ice thickness
inversion [34]. These uncertainties are likely to have an impact on the accuracy of our results and we
have accounted for these errors where possible. However, the improvement of ice thickness estimations
in the future will increase the potential of this approach to produce better-resolved estimates of
distributed SMB.
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Our approach is also partly limited by the inability to sample SMB in high-altitude accumulation
areas, due to larger uncertainties in ice velocities that are associated with feature-tracking in
snow-covered areas [33]. Additionally, it is difficult to resolve accurately the SMB gradients of
small glaciers < ~10 km in length, due to poorer signal-noise relationships and a lack of sufficient data
points to accurately predict SMB gradients. The coverage of high-altitude areas and smaller glaciers
can be improved in the future with the improvement of optical-satellite-imagery resolution [53] and
the enhancement of feature-tracking algorithms.

There are also some uncertainties that are associated with the depth-dependence of ice velocities
used to compute SMB, which can vary in space over a single glacier. Testing our depth-averaged
velocity assumption for Gechongkang Glacier indicated that changing the depth-averaged velocity
from 100% to 90% of the surface velocity resulted in an average change of 0.05 m w.e. a−1 in our
absolute SMB values (equivalent to an average change of 5%). While the effects of this assumption are
relatively small, the associated uncertainties can be reduced in the future with better knowledge of
spatially-distributed depth-dependences of mountain glacier velocities.

We recognise that there are some significant uncertainties that are associated with the
debris-thickness model used in this study, associated with the coarse resolution of thermal infrared
satellite imagery, as well as high temporal and spatial variabilities in surface temperatures and vertical
debris-temperature profiles [32,54]. A further limitation is that since we compute the mean debris
thickness for each glacier section, we do not account for small-scale variations in debris thickness, which
have been demonstrated to often be highly heterogeneous (e.g., [55]). These local-scale variations lead
to the formation of supraglacial features, which result in significant variations in melt rates over small
spatial scales [25,26]. As previously discussed, it is likely that these localised melt variations may be
contributing towards the heterogeneity in our SMB gradients. It is also possible that the debris-cover
distribution and thickness may have evolved over the course of our study period [49,56]. However,
significant changes generally occur over multi-decadal timescales [49] and, therefore, we consider it to
be unlikely that the position of the transition zone between thin debris (below the critical thickness)
and thicker debris significantly shifted during our study period.

A significant challenge that is associated with our approach is the highly branching nature of the
glaciers that we analysed. Due to the presence of many glacier tributaries, only a semi-automated
approach was possible, involving manual matching of ingoing/outgoing ice fluxes with corresponding
glacier tributary sections. The development of a fully-automated approach, for example using flow
lines to assign fluxes to corresponding tributary sections, would allow for a greater spatial coverage of
distributed SMB and an expansion of our approach to further regions across High Mountain Asia.

Due to the uncertainties associated with the datasets produced in this study, we advocate that
further field-based data acquisition is critical in order to validate remote-sensing-based observations
thoroughly, and to facilitate accurate upscaling of SMB estimates over wider spatial scales.

5. Conclusions

In this paper, we have presented an approach for producing spatially distributed estimates
of glacial surface mass balance from remote-sensing observations, based on the principle of
mass continuity. We applied our approach to the largest glaciers within five key regions of the
Pamir-Karakoram-Himalaya. Each glacier was divided into sections of approximately 2 km in length
and we computed the ingoing and outgoing ice fluxes for each of these sections using satellite-derived
ice velocities and modelled ice thicknesses.. Using geodetic measurements, we calculated mean
sectional ice-surface-elevation changes and subsequently isolated the contribution of surface mass
balance towards the ice thinning rates using mass continuity. Using breakpoint analyses and regression
models, we produced estimates of altitudinal surface-mass-balance gradients and equilibrium line
altitudes for each of the five study regions. Our results show reversed altitudinal surface-mass-balance
gradients in the lower-elevation portions of debris-covered glaciers, with a transition to positive
surface-mass-balance gradients at higher elevations. In contrast, our results show continuously
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positive altitudinal surface-mass-balance gradients on debris-free glaciers. This demonstrates that
there are important differences in altitudinal ablation trends between debris-covered and debris-free
glaciers, which were not previously visible from geodetic mass balance datasets. These differences
in surface mass balance are likely offset by differences in ice dynamics, leading to similar thinning
rates for debris-covered and clean-ice glaciers being observed by remote sensing. Our results show a
regional equilibrium-line-altitude spatial gradient, with the values increasing from the northwest to the
southeast. In future, with the generalisation and refinement of ice-velocity measurements and glacier
thickness datasets, our operational approach can be developed and applied to glacierised mountain
regions worldwide, providing the opportunity to uncover regional-scale surface-mass-balance patterns
in areas where scale and location create challenges in field-based data acquisition.

Supplementary Materials: Supplementary materials are available online at http://www.mdpi.com/2072-4292/12/
10/1563/s1.

Author Contributions: R.R.B., A.D., N.G. and D.N.G. designed the study. R.R.B. performed the processing,
analyses and interpretation, with inputs from A.D., N.G., D.N.G., R.G.B. and M.H. The paper was written by R.R.B.,
with inputs from all co-authors. All authors have read and agreed to the published version of the manuscript.

Funding: This research funded by the U.K. Natural Environment Research Council, under a studentship hosted
by the Edinburgh U.K. Natural Environment Research Council E3 Doctoral Training Partnership (NE/L002558/1).

Acknowledgments: We thank Fanny Brun for her insights on debris-covered-glacier processes. We thank Philip
Kraaijenbrink, Dirk Scherler, Daniel Farinotti, Fanny Brun and Heidi Sevestre for sharing their datasets. We thank
the editor and three anonymous reviewers for their detailed comments that helped to improve this manuscript.

Conflicts of Interest: The authors declare no conflict of interest.

Data availability: The data produced in this study are available in the Supplementary Materials.

Appendix A

Table A1. Glacier-specific altitudinal SMB gradients and breakpoint elevations for all glaciers analysed.

Glacier RGI
6.0 ID

Area
(km2)

Elevation
Range (m)

Breakpoint
Elevation (m)

Elevation-Dependent SMB Gradient
(m w.e. a−1 (100m)−1)

Below Breakpoint
Elevation

Above Breakpoint
Elevation R2 Value

Pamir

Fortambek 13.19750 40.2 2930–6283 3400 ± 210 −2.04 ± 2.28 0.74 ± 0.90 0.27
Grumm-Grzhimaylo 13.13574 152.1 3615–6814 4020 ± 400 −1.77 ± 4.85 1.17 ± 1.12 0.24

Fedchenko 13.54431 663.7 2908–7392 3620 ± 240 −1.80 ± 0.58 1.13 ± 0.61 0.90
Garmo 13.19758 129.4 2976–6712 Not found 0.32 ± 0.13 0.34

Karakoram

Hispar 14.04477 495.6 3110–7794 4230 ± 120 −0.62 ± 0.34 1.34 ± 0.72 0.23
Biafo 14.00005 559.8 3045–7148 3560 ± 310 −1.65 ± 4.00 1.50 ± 0.91 0.29

Baltoro 14.06794 809.1 3385–8569 3790 ± 230 −0.84 ± 1.89 0.30 ± 0.14 0.15
Siachen 14.07524 1078.0 3596–7579 Not found −0.48 ± 0.06 0.75

Spiti Lahaul

Samudra Tapu 14.15613 80.0 4237–6098 4750 ± 220 0.27 ± 0.48 0.97 ± 0.32 0.48
Bara Shigri 14.15447 112.4 3931–6309 5460 ± 90 0.02 ± 0.03 1.26 ± 0.75 0.58

Tichu Glacier 14.16068 24.8 4154–5875 4770 ± 50 −0.02 ± 0.08 0.78 ± 0.37 0.49
Sara Umga 14.16065 33.2 3835–5994 Not found 0.31 ± 0.10 0.39

Chhota Shigri 14.15990 16.8 4280–5764 4570 ± 50 −0.93 ± 0.59 0.74 ± 0.14 0.96

West Nepal

CN5O257E0002 15.11019 20.8 5032–6333 Not found 0.59 ± 0.17 0.75
CN5O257D0011 15.11003 28.6 5185–6635 Not found 1.41 ± 0.53 0.59
CN5O257D0018 15.10994 29.9 5107–6501 Not found 2.36 ± 0.86 0.78
CN5O257D0003 13.26906 6.5 5355–6466 Not found 0.71 ± 0.25 0.74
CN5O257D0006 15.11011 7.2 5285–6399 Not found 0.47 ± 0.17 0.80
CN5O257D0001 13.26909 3.6 5387–6222 Not found 1.54 ± 0.45 0.75
CN5O257D0005 13.26904 7.2 5308–6252 5590 ± 20 0.03 ± 0.41 4.73 ± 1.02 0.98

http://www.mdpi.com/2072-4292/12/10/1563/s1
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Table A1. Cont.

Glacier RGI
6.0 ID

Area
(km2)

Elevation
Range (m)

Breakpoint
Elevation (m)

Elevation-Dependent SMB Gradient
(m w.e. a−1 (100m)−1)

Below Breakpoint
Elevation

Above Breakpoint
Elevation R2 Value

Everest

Rongbuk 15.09991 73.2 5155–7947 5680 ± 40 −0.18 ± 0.13 1.05 ± 0.20 0.72
Ngozumpa 15.03473 61.1 4702–8181 5180 ± 40 −0.54 ± 0.19 1.56 ± 0.49 0.51
Kangshung 15.09803 64.4 4587–8799 5420 ± 50 −0.06 ± 0.10 1.12 ± 0.24 0.70
Bhote Koshi 15.03422 27.2 4787–6550 5390 ± 70 −0.09 ± 0.09 1.33 ± 0.71 0.40

Gechongkang 15.09921 47.1 5328–7927 5920 ± 40 −0.20 ± 0.39 1.01 ± 0.39 0.47

Table A2. Regional ELA estimates.

ELA Estimates (m)

Our Study Gardelle et al. (2013) Kääb et al. (2012) Scherler et al. (2011)

Pamir 4490 ± 140 4580 ± 250 - -
Karakoram 4720 ± 240 5030 ± 280 5540 4845
Spiti Lahaul 5170 ± 140 5390 ± 140 5500 5103
West Nepal 5700 ± 60 5590 ± 138 - -

Everest 5690 ± 130 5840 ± 320 5550 5700

Estimated ELAs (and standard errors) computed in this study are shown for each of the five study regions. Other
previous estimates for these regions [19,20,40] are also shown.
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P, K, SL, WN and E denote Pamir, Karakoram, Spiti Lahaul, West Nepal and Everest. (b) shows an 
example of the flux gates (black cross-sectional lines) used for Baltoro Glacier, shown in subset K1 in 
d. For the area between each set of two or more flux gates (depending on the presence of tributaries), 
SMB is computed using the mass continuity method. Background DEMs are from Shuttle Radar 
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Figure A1. Detailed breakdown of study sites and glacier sampling method. The coloured areas in
(c–g) show the glacier areas which were monitored in each of the five study regions shown in (a). Labels
P, K, SL, WN and E denote Pamir, Karakoram, Spiti Lahaul, West Nepal and Everest. (b) shows an
example of the flux gates (black cross-sectional lines) used for Baltoro Glacier, shown in subset K1 in d.
For the area between each set of two or more flux gates (depending on the presence of tributaries), SMB
is computed using the mass continuity method. Background DEMs are from Shuttle Radar Topography
Mission [35].
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regional simple linear regression trends, which were calculated from all points combined within each
region and weighted by SMB uncertainties. The R2 values associated with each linear regression trend
are also shown.
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11 Abstract

12 Supraglacial debris cover regulates the melt rates of many glaciers in mountainous regions around the 
13 world, thereby modifying the availability and quality of downstream water resources. However, the 
14 influence of supraglacial debris is often poorly parameterised within glaciological models, due to the 
15 absence of a technique to provide high-precision, spatially-continuous measurements of debris 
16 thickness. Here, we use high-resolution UAV-derived thermal imagery, in conjunction with local 
17 meteorological data, visible UAV imagery and vertically-profiled debris temperature time-series, to 
18 model the spatially-distributed debris thickness across a portion of Llaca Glacier in the Cordillera 
19 Blanca of Peru. Based on our results, we model daily sub-debris melt rates over a 3-month period 
20 during 2019. We demonstrate that, by effectively calibrating the radiometric thermal imagery and 
21 accounting for temporal and spatial variations in meteorological parameters during UAV surveys, 
22 thermal UAV data can be used to better represent the highly heterogeneous patterns of debris 
23 thickness and sub-debris melt on debris-covered glaciers. Additionally, our results indicate a mean 
24 sub-debris melt rate 71 % higher than the mean melt rate modelled from satellite-derived debris 
25 thicknesses, emphasising the importance of acquiring further high-precision debris thickness data for 
26 the purposes of investigating glacier-scale melt processes and calibrating regional melt models.

27 1. Introduction

28 More than a quarter of the Earth’s tropical glaciers are located in the Cordillera Blanca mountain 
29 range of Peru (RGI 6.0, 2017; Figure 1). The meltwater from these Peruvian glaciers feeds into the 
30 Rio Santa river basin, providing water resources to ~250,000 people living in the Ancash region of 
31 Peru (Mark et al., 2010). The glaciers of the Cordillera Blanca have shown consistently negative mass 
32 balances and significant reductions in spatial coverage over the past decades. For example, Silverio 
33 and Jaquet (2017) reported that the total area covered by these glaciers shrunk by 46% between 1930 
34 and 2017, while Veettil (2018) indicated an area loss of 33.5% between 1975 and 2016. Rabatel et al. 
35 (2012) found an average mass balance of -0.76 m w.e. a-1 between 1976 and 2010, while Seehaus et 
36 al. (2019) reported a mass balance of -0.236 ± 0.042 m w.e. a-1 between 2000 and 2016. Glacial 
37 retreat in the Cordillera Blanca is impacting agriculture and drinking water supplies in the region not 
38 only by modifying the quantity of water available, but also negatively impacting the water quality via 
39 acid rock drainage due to enhanced weathering of metal- and sulphide-rich bedrock (Fortner et al., 
40 2011; Guittard et al., 2017; Mark et al., 2017). Many of the glaciers within this region are mantled 
41 with a layer of supraglacial debris (Seehaus et al., 2019), which is likely to be impacting both the 
42 retreat rate and the melt rate of these glaciers, thereby influencing downstream water toxification and 
43 long-term water resource depletion.
44
45 A key factor controlling the melt rate of debris-mantled glaciers is the supraglacial debris thickness. 
46 Previous studies have shown that if the debris layer is thinner than a critical thickness, sub-debris melt 
47 rates are enhanced while, if the debris layer is thicker than the critical thickness, sub-debris melt rates 
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48 are reduced through ice-surface insulation (e.g. Östrem, 1959; Nicholson and Benn, 2006; Vincent et 
49 al., 2016; Anderson et al., 2021). Furthermore, supraglacial ice cliffs and meltwater ponds, which are 
50 often abundant on debris-covered glaciers, create localised areas of enhanced ablation, further 
51 complicating the melt patterns on debris-covered glaciers (e.g. Sakai et al., 2000; Buri et al., 2016; 
52 Steiner at al., 2018). As the thickness of the debris layer and the presence of supraglacial features can 
53 change significantly over small spatial scales (e.g. Zhang et al., 2016; McCarthy et al., 2017; 
54 Nicholson et al., 2018), precisely mapping the debris thickness distribution is critical for effectively 
55 modelling their melt rates and meltwater contribution. Other debris characteristics, including moisture 
56 content, grain size and lithology can affect the relationship between debris thickness and sub-debris 
57 melt rate, by altering the thermal conductivity of the supraglacial debris (e.g. Nakawo and Young, 
58 1981; Nicholson and Benn, 2012). Therefore, it is also important to quantify the thermal conductivity 
59 of the debris layer in order to effectively model sub-debris glacial melt rates with a high degree of 
60 accuracy.

61 Debris thickness can been measured in situ by manual excavation through the debris layer to the 
62 debris-ice interface (e.g. Reid et al., 2012). However, such measurements are limited in scale, due to 
63 the challenges associated with accessing and navigating the surface of debris-covered glaciers. More 
64 recently, structure-from-motion via terrestrial photogrammetry has been used to quantify the debris 
65 thickness exposed above ice cliffs (Nicholson and Mertes, 2017), while ground-penetrating radar 
66 (GPR) has been used to quantify debris thicknesses over glacier surface transects (McCarthy et al., 
67 2017). While these techniques have yielded greater spatial coverage compared to manual excavations, 
68 neither provide spatially-complete, three-dimensional debris thickness observations. Additionally, 
69 since cliff-top debris thicknesses can differ considerably from surrounding debris thicknesses, the 
70 accuracy of debris thicknesses interpolated between observation sites is sometimes poor (McCarthy et 
71 al., 2017).

72 In order to provide spatially-distributed estimates of debris thickness, several previous studies have 
73 used surface energy balance modelling, combined with thermal satellite data, to derive the thermal 
74 resistance of the debris (e.g. Nakawo and Rana, 1999; Zhang et al., 2011). Since the thermal 
75 resistance is equal to the thermal conductivity divided by the debris thickness, in-situ measurements 
76 of debris thermal conductivity can then been used, in conjunction with meteorological data, to model 
77 the thickness of the debris layer (e.g. Foster et al., 2012; Rounce and McKinney, 2014). Mihalcea et 
78 al. (2008a) used a different approach to model debris thickness from thermal satellite imagery, which 
79 involved finding the correlation between field-derived debris thickness and satellite-derived surface 
80 temperature and subsequently using this relationship to model glacier-wide debris thicknesses. While 
81 this method offers reduced model complexity, it does not account for spatial variations in 
82 meteorological conditions such as incoming shortwave radiation, which can significantly modify the 
83 relationship between surface temperature and debris thickness. Additionally, while the use of thermal 
84 satellite imagery enables debris thicknesses to be modelled across entire glaciers or regions, the 
85 resolution of satellite-derived thermal imagery is relatively coarse (> 60 m). As a result, sub-pixel 
86 variations in debris thickness cannot be detected, while the presence of supraglacial ice ponds and ice 
87 cliffs can lead to underestimation of debris thickness values (Rounce and McKinney, 2014).

88 Imagery collected by uncrewed aerial vehicles (UAVs) offers significantly greater spatial precision 
89 compared to satellite imagery. In recent years, a number of studies have used UAVs to collect high-
90 resolution visible imagery of debris-covered glaciers in the Himalaya, in order to investigate their 
91 surface characteristics (e.g. Immerzeel et al., 2014; Kraaijenbrink et al., 2016). In the Cordillera 
92 Blanca, visible UAV surveys of Llaca Glacier were conducted in 2014 and 2015 (Wigmore and Mark, 
93 2017). Comparison of the data collected from these surveys showed spatially-variable rates of ice 
94 loss, with the highest rates occurring where supraglacial ice cliffs and meltwater ponds were present 
95 (Wigmore and Mark, 2017). The use of UAVs to collect thermal imagery of a debris-covered glacier 
96 was demonstrated for the first time at Lirung Glacier in the Central Himalaya (Kraaijenbrink et al., 
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97 2018). The results showed high levels of spatial and temporal heterogeneity in the glacier’s surface 
98 temperature, highlighting the potential drawbacks of using coarser-resolution thermal satellite data to 
99 model supraglacial debris thickness. The study also demonstrated that while UAVs facilitate the 

100 collection of high-resolution thermal imagery, it is important to account for factors such as surface 
101 emissivity variations and sensor bias to derive reliable absolute surface temperatures (Kraaijenbrink et 
102 al., 2018).

103 Here, we test the use of UAV-derived radiometrically-calibrated thermal imagery, combined with 
104 local meteorological data, visible UAV imagery and thermal measurements taken within the debris 
105 layer, to produce centimetre-scale maps of distributed debris thickness for a portion of Llaca Glacier 
106 tongue (Figure 1). Following calibration of the thermal imagery, we model the thermal conductivity 
107 of the debris layer using a time-series of debris temperature measurements collected at varying depths 
108 within the debris layer. Spatially-distributed debris thicknesses are estimated using a surface energy 
109 balance modelling approach which accounts for the changes in meteorological conditions over the 
110 duration of the thermal UAV surveys. Additionally, a simpler method for modelling debris thickness 
111 from UAV-derived surface temperatures, using a field-derived polynomial relation between debris 
112 thickness and surface temperature, is tested. Using the high-resolution debris thickness maps 
113 produced in this study, daily spatially-distributed melt rates are modelled over the duration of a 3-
114 month period in 2019. The results are compared to melt rates modelled based on satellite-derived 
115 debris thicknesses in order to investigate the impact of debris thickness parameterisation accuracy on 
116 the modelled melt rates of debris-covered glaciers.

Figure 1. Map of the study site location. (a) Location of the Ancash region within Peru (dark green shading). (b) Location of 
panel (c) within Ancash. The ice-covered areas within the Ancash region are shown by the white shaded areas in (b) and (c), 
while the rivers are shown by the dark blue lines. The coloured triangles in (c) show the locations of Llaca Glacier (red) and 
the Cuchillacocha weather station (installed by Bridgewater State University) where the meteorological data used within this 
study were collected (yellow).
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117 2. Methods

118 Figure 2 shows the workflow developed for this study, demonstrating schematically the links between 
119 the data acquisition, data processing and modelling steps of the methods, as described below.

120 2.1 Study site

121 Llaca Glacier is located in the central Cordillera Blanca, a 200-km-long mountain chain situated 
122 within the wider Peruvian Andes range (Figure 1). Covering an area of ~ 5.1 km2, the glacier extends 
123 from ~ 4460 to ~ 6090 m a.s.l (RGI 6.0, 2017). The debris-covered tongue of the glacier has an area 
124 of ~ 0.22 km2 and ranges in elevation from ~ 4460 m to ~ 4620 m a.s.l.. The meltwater from Llaca 
125 Glacier contributes to the supply of water for the Ancash region, which is inhabited by approximately 
126 250,000 people. Llaca Glacier was selected as the site for this study due to its relative accessibility in 
127 comparison to other glaciers in the region and has previously been surveyed in 2014 and 2015 
128 (Wigmore et al., 2017).

129 2.2 UAV-based data collection
130 2.2.1 Thermal imagery acquisition

131 A standard DJI Phantom 4 UAV was fitted with a custom-built thermal camera system, comprising a 
132 a FLIR Vue Pro R 640 (13 mm FOV) thermal camera and a U-BLOX GNSS GPS chip. This was used 
133 to collect ~15,000 radiometric thermal images across a total survey area of approximately 0.25 km2 
134 (Figure 3a). The Phantom 4 was chosen because, unlike most commercially-available drones, it is 
135 capable of flying at high altitudes of up to 6,000 m a.s.l. Standard Phantom 4 propellers were used. 
136 The Vue Pro R camera was selected due to its ability to collect radiometrically-calibrated thermal 
137 images at high thermal precision (30 mK / 0.03 °C). The built-in visible camera was removed from 
138 the Phantom 4 in order to reduce weight and allow greater flight times.

139 The UAV-based thermal imagery collection was conducted within two survey zones (ZT1 and ZT2) 
140 with differing launch point altitudes (LP1: 4537 m a.s.l. and LP2: 4576 m a.s.l.)(Figure 3a), in order to 
141 ensure that the UAV maintained a safe altitude above the sloping glacier surface, since terrain 
142 correction was not used for the UAV flights. In total, four thermal UAV surveys (ST1 - ST4) were 
143 conducted, each at different times of day on 18-19 August 2019 (Table 1). ST1, ST2 and ST4 were 
144 launched LP1 and conducted within the bounds of ZT1, while ST3 was launched from LP2 and 
145 conducted over the entire extent of ZT2. ST1, which covered an area of 94,000 m2, was conducted 
146 between 16.25 and 17.20 on 18 August 2019. ST2 was conducted between 9.30 and 10.00 on 19 
147 August and covered an area of 87,000 m2. The largest of the four surveys, ST3, was conducted 
148 between 10.55 and 12.50 on 19 August and covered an area of 137,000 m2. The final survey, ST4, was 
149 conducted between 14.25 and 15.45 on 19 August and covered an area of 72,000 m2.

Figure 2. Workflow used in this study for modelling spatially-distributed, temporally-varying sub-debris melt rates.
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150 The UAV was flown using an automated gridded flight plan, created using DroneDeploy flight 
151 planning software. As the option for terrain correction was not currently available with open-source 
152 flight planning software, the flight paths were along horizontal planes with a consistent altitude of 70 
153 m relative to the launch point altitude. This flight altitude was chosen in order to provide a balance 
154 between obtaining high-resolution imagery (~ 5 cm) and providing coverage of a sufficiently large 
155 area (250,000 m2 in total). The use of a consistent altitude relative to the launch altitude resulted in 
156 variations in the exact pixel spatial resolution and image overlap since the altitude above ground level 
157 (AGL) varied with surface topography. Since the surface elevation range of the complete survey area 
158 (~ 120 m) exceeded the average above-surface flight altitude (70 m), two separate launch points were 
159 used (Figure 3a). 

160 A flight speed of 7 m s-1 and an image capture interval of 1 second were used, in order to provide a 
161 forward image overlap of 90 %. The flight lines, which ran perpendicular to the glacier flow direction, 
162 were spaced 7 m apart in order to provide an 80 % lateral image overlap. During each of the four 
163 thermal surveys, the UAV was returned to its launch point multiple times to conduct battery changes. 
164 At an altitude close to sea level, the DJI Phantom 4 can fly for ~ 25 minutes between battery changes. 
165 However, due to the high altitude of Llaca Glacier (approximately 4500 m a.s.l.), the air is 
166 considerably thinner and a significantly greater amount of power is required to create lift. 
167 Consequently, the average flight time between battery changes was roughly halved to ~ 12 minutes.

168 Many UAV-mountable thermal cameras, including the Vue Pro R 640 used in this study, use 
169 uncooled microbolometers, which are sensitive to changes in the temperature of the sensor, body and 
170 lens. While radiometric cameras apply corrections to account for these effects, Kelly et al. (2019) 
171 highlight the need to allow time for the camera to stabilise after activation. For this reason, the camera 
172 was turned on ~20 minutes prior to the start of each survey, while a couple of extra flight lines were 

Figure 3. UAV survey setup at Llaca Glacier. (a) Extents of the thermal and visible UAV surveys, and locations of the two 
UAV launch points ground control points where GNSS data were collected and site where thermistors were installed within 
the debris layer. (b) and (c) Photographs of the materials used as ground control points for the thermal and visible UAV 
surveys respectively. (d) The custom-built UAV that was used to collect thermal imagery. (e) GNSS antenna setup for 
measuring the GPS position of each ground control point.
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173 added to the start of each survey to allow the camera to adjust to meteorological conditions 
174 experienced during flight.

175 For calibration purposes, images of 40 x 40 cm anodised aluminium calibration targets (Figure 3b) 
176 were collected with the Vue Pro R camera from an altitude of 10 m, at the beginning and end of every 
177 flight. Meanwhile, the temperatures of these panels were also recorded using an Apogee thermal 
178 infrared (TIR) radiometer for subsequent comparison against the UAV-acquired temperatures.

179 2.2.2 Visible imagery acquisition

180 Using a second DJI Phantom 4 UAV, with a built-in visible camera, 950 visible images of the glacier 
181 tongue were collected, covering a total survey area of ~325,000 m2. Visible UAV data collection was 
182 also conducted using an automated gridded flight plan created using DroneDeploy flight planning 
183 software. An average flight altitude of 85 m was chosen, to allow the collection of high spatial 
184 resolution (2.5 cm) imagery, whilst providing coverage of a relatively large survey area. A flight 
185 speed of 5 ms-1 and an image capture interval of 1 second were used in order to provide 90% forward 
186 overlap between images, while flight lines were spaced 45 m apart to allow 80% lateral image 
187 overlap.

188 Similar to the thermal 
189 UAV surveys, the UAV-
190 based visible imagery 
191 collection was divided 
192 into two survey zones 
193 (ZV1 and ZV2), with 
194 corresponding launch 
195 points LP1 and LP2 
196 respectively (Figure 3a). 
197 In total, two visible 
198 UAV surveys (SV1 and 
199 SV2) were conducted 
200 (one for each of the two visible survey zones). SV1 was conducted between 9.20 and 10.10 on 21 
201 August 2019 and SV2 was conducted 10.50 and 12.20 on the same day (Table 1). Due to the slightly 
202 lighter weight of the visible camera, in comparison to the thermal camera, a slightly longer flight time 
203 of ~15 minutes could be achieved between battery changes. At the beginning of SV2, there was a 
204 technical camera error, which resulted in the camera changing from a nadir 0° angle to an oblique 
205 90° angle, resulting in a small data gap within the visible imagery.

206 2.3 Ground-based data collection
207 2.3.1 Ground control data acquisition for UAV surveys

208 In order to georeference the thermal and visible UAV imagery, two corresponding ground control 
209 surveys were conducted. The thermal ground control survey was carried out on 17 August 2019 (one 
210 day before the first thermal UAV survey) and the visible ground control survey was carried out on 20 
211 August 2019 (one day before the visible UAV surveys). For each of the two ground control surveys, 
212 ground control point (GCP) targets were distributed across the UAV survey areas, with the greatest 
213 concentration of points around the perimeters of the UAV survey areas (Figure 3a). The GCP targets 
214 were fixed to flat surfaces using tape and rocks (Figure 3b-c).

215 For the thermal ground control survey, 20 ground control point (GCP) targets were assembled, each 
216 consisting of a 60 cm foam square with two triangles of insulated aluminium foil attached to the 
217 surface (Figure 3b). Foam and aluminium were chosen due to their contrasting emissivity values of 
218 ~0.6 and ~0.1 respectively, making their central point clearly distinguishable from the UAV-mounted 
219 thermal camera. For the visible ground control survey, 22 ground control point (GCP) targets, each 
220 consisting of a 30 cm x 30 cm checkboard square (Figure 3c), were set out across the glacier surface.

Table 1. UAV survey information.
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221 For each of the two ground control surveys, a Leica GNSS system was used to measure the GPS 
222 position of each GCP target with high (sub-cm) spatial accuracy. A fixed-location GNSS reference 
223 station was set up in a flat area ~20 m in front of the glacier terminus, in order to collect continuous 
224 GPS measurements over the complete ~8-hour duration of each ground control survey. Meanwhile, 
225 using a GNSS rover, the precise location of the centre of each GCP target was measured over a period 
226 of 5-10 minutes per target (Figure 3e).

227 2.3.2 Vertical debris temperature profile measurements

228 In order to measure vertical changes in debris temperature within the debris layer, a vertical profile of 
229 5 thermistors, each connected to a DataHog2 data logger, was installed within the debris layer near 
230 the western margin of the glacier (Figure 3a). The thermistor probes were placed at depths of 5, 10, 
231 20, 30 and 40 cm, with the 40 cm probe at the debris-ice interface. Once adjusted to local 
232 environmental conditions, the thermistors recorded temperatures at repeat intervals of 10 minutes 
233 between 17 August 2019 00:00 and 19 August 2019 16:00. These measurements were used to model 
234 the thermal properties of the debris layer for integration within the surface energy balance model 
235 (Figure 2).

236 2.3.3 In-situ surface temperature and debris thickness measurements

237 An Apogee TIR radiometer was used to collect a sequence of ground-based TIR measurements at 22 
238 points across the glacier surface, with varying supraglacial debris thicknesses. At each measurement 
239 point, three emitted TIR measurements of the debris surface were taken. Subsequently, a pit was dug 
240 through the debris layer to the debris-ice interface and the depth of the debris layer was measured. 
241 These 22 measurements were taken in close succession over a total duration of 1 hour 40 minutes 
242 (13.25 – 15.05) on 21 August, in order to minimise biases associated with temporal changes in 
243 meteorological conditions.

244 In order to validate the debris thickness model, an additional set of debris thickness measurements 
245 were taken, in conjunction with high-precision GPS positions measured with the Leica GNSS System. 
246 Unfortunately, due to a technical glitch with the pre-programmed UAV flights, several of these 
247 measurements were just outside the bounds of the thermal UAV survey. As a result, only three of the 
248 coupled GPS-debris thickness measurements could be used for validation of the debris thickness 
249 model. 

250 2.4 UAV data processing
251 2.4.1 Producing surface temperature maps, DEMs and orthomosaics

252 To produce maps of surface temperature, the radiometric TIR images were processed using 
253 Pix4Dmapper software, which was selected due to its compatibility with the radiometric jpeg files 
254 collected by the Vue Pro R camera. To produce DEMs and orthomosaics, the visible images were 
255 processed using Agisoft Metashape Software. This software contains proprietary implementations of 
256 common structure-from-motion (SfM) photogrammetric workflows, and includes feature recognition, 
257 image matching, bundle block adjustment, point cloud densification and ultimately the generation of 
258 high resolution digital surface models (DSMs) and orthomosaics. To provide accurate georeferencing, 
259 the thermal and visible GCP targets were identified within the thermal and visible UAV images and 
260 linked to the known coordinates recorded during the thermal and visible ground control surveys. To 
261 account for the effects of emissivity on the amount of TIR energy emitted by the debris surface, an 
262 emissivity value of 0.94 was assumed when converting emitted TIR values measured by the Vue Pro 
263 R to surface temperatures (Salisbury and D’Aria, 1992).

264 2.4.2 Calibrating UAV-derived surface temperature maps
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265 Images of a blackbody calibrator (a target object with an emissivity close to 1), captured in the lab 
266 using the same Vue Pro R camera that was used in the field, were used to calibrate the surface 
267 temperature maps to account for sensor bias (Figure S4). These thermal images were captured for 
268 blackbody temperatures between 5 °C and 60 °C, at 5 °C intervals. The equation of the best-fit line 
269 between measured temperature and actual temperature was used to calibrate the surface temperature 
270 values collected by the thermal camera.

271 The surface temperatures derived from UAV-mounted TIR cameras can be influenced by atmospheric 
272 attenuation of thermal radiance (Maes et al., 2017). Since the UAV flights were conducted across 
273 horizontal planes with constant flight heights of 4607 m a.s.l. (ST1, ST2 and ST4) and 4646 m a.s.l. 
274 (ST3), the flight height above ground level (AGL) varied with surface topography. Consequently, the 
275 effect of atmospheric attenuation on measured surface temperatures is likely to have changed over the 
276 duration of the thermal UAV surveys. Since the flight height AGL is a function of elevation, a 
277 surface-altitude-dependent correction factor was applied to the thermal imagery in order to account 
278 for the effects of differential atmospheric attenuation on recorded surface temperatures. The surface-
279 altitude-dependent correction factor was calculated based on differences between actual and recorded 
280 surface temperatures of exposed ice cliff surfaces, similar to the calibration approach used by 
281 Kraaijenbrink et al. (2018). It was assumed that exposed areas of ice cliffs have a surface temperature 
282 of 0°C. This assumption was validated using spot measurements of surface temperature collected in 
283 the field with an Apogee TIR radiometer. Using a series of ice cliffs distributed from the lowermost to 
284 the uppermost part of each thermal UAV survey, the linear relation between the glacier surface 
285 elevation and the measured-actual ice cliff temperature difference was computed and subsequently 
286 used to correct the surface temperatures within the thermal orthomosaics (Figure S4). Since the flight 
287 altitude AGL decreased continuously over the duration of each UAV survey (as the UAV gradually 
288 travelled up-glacier between sequential cross-sectional flight lines), it was assumed that this 
289 correction would also (at least partially) account for time-dependent sensor-related biases.

290 The accuracy of surface temperatures recorded by thermal cameras can be impacted by distortion 
291 caused by the lens optics, known as ‘vignetting’, where surface temperatures are slightly enhanced in 
292 the central region of each image and reduced in the outer portions of each image. It was assumed that, 
293 due to the continuously high overlap between subsequent images collected by the Vue Pro R camera, 
294 camera vignetting effects would be minimised by the averaging of temperature values during the 
295 image-stitching process and that any remaining vignetting effects, which may lower temperature 
296 values, were removed by the sensor bias correction.

297 2.5 Generating debris thickness maps  
298 2.5.1 Modelling debris thermal properties

299 The effective conductivity of the debris was estimated at depths of 5, 10, 20, 30 and 40 cm within the 
300 debris layer, using the thermistor time-series (Section 2.3.2). Following the methods of Conway and 
301 Rasmussen (2000), debris thermal diffusivity  was approximated as the gradient between the first 𝐾
302 derivative of debris temperature  (K) with respect to time  (hr) and the second derivative of debris 𝑇 𝑡
303 temperature with respect to depth  (m):𝑧

304 (1)𝐾 =
𝑇

𝑇′′ =
(∂𝑇

∂𝑡)
(∂2𝑇

∂𝑧2)
305 Using the approximated thermal diffusivity values, the effective thermal conductivity  was 𝑘𝑒𝑓𝑓
306 computed at each depth within the debris layer, assuming a rock density  of 2700 kg m-3 and a 𝜌𝑟𝑜𝑐𝑘
307 heat capacity  of 750 J kg-1 K-1 (Clark, 1966):𝑐𝑟𝑜𝑐𝑘

308 (2)𝑘𝑒𝑓𝑓 =  𝐾𝜌𝑟𝑜𝑐𝑘𝑐𝑟𝑜𝑐𝑘
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309 The overall , which was used in the SEB model (discussed in Section 2.5.3), was calculated by 𝑘𝑒𝑓𝑓
310 treating the debris layer as a series of conductors corresponding to specific layers within the overall 
311 debris layer, each with different conductivities. These specific layers were: 0 – 5 cm depth (assigned 
312 the 5 cm modelled ), 5 – 10 cm (assigned an average of the 5 and 10 cm  values), 10 – 15 𝑘𝑒𝑓𝑓 𝑘𝑒𝑓𝑓
313 (assigned the 10 cm ), 15 – 25 cm (assigned the 20 cm ), 25 – 35 cm (assigned the 30 cm 𝑘𝑒𝑓𝑓 𝑘𝑒𝑓𝑓 𝑘𝑒𝑓𝑓
314 ) and 35 – 40 cm (assigned the 40 cm ). The overall  was calculated as the arithmetic average 𝑘𝑒𝑓𝑓 𝑘𝑒𝑓𝑓
315 of the  values assigned to these layers, accounting for the relative depth of each layer. The 𝑘𝑒𝑓𝑓
316 arithmetic average was used in order to minimise skewing of the results due to a single layer with a 
317 very small or large .𝑘𝑒𝑓𝑓

318 In order to account for the nonlinearity of the vertical temperature gradient, we estimated a 
319 nonlinearity factor , after Rounce and McKinney (2014). Due to the lower reliability of the 𝐺𝑟𝑎𝑡𝑖𝑜
320 thermistor measurements closest to the surface, the equation for  was adjusted slightly to 𝐺𝑟𝑎𝑡𝑖𝑜
321 incorporate the vertical temperature gradients for 10-20 cm and 10-40 cm depth, instead of the 
322 gradients for 0-10 cm and 0-40 cm depth used by Rounce and McKinney (2014).

323 (3)𝐺𝑟𝑎𝑡𝑖𝑜 =
𝑇0.1𝑚 ― 𝑇0.2𝑚

𝑇0.1𝑚 ― 𝑇𝑑
∙

𝑧𝑑 ― 0.1
0.1

324 where  and  are the temperatures 10 cm and 20 cm below the surface,  is the temperature 𝑇0.1𝑚 𝑇0.2𝑚 𝑇𝑑

325 at the debris-ice interface and  is the depth of the layer.𝑑

326 2.5.2 Parameterising the spatial and temporal distribution of meteorological variables

327 Since the thermal UAV surveys were conducted over periods of up to 2 hours, it was necessary to 
328 account for the changing spatial distribution of incoming shortwave radiation ( ) over the duration 𝑆𝑊𝑖𝑛
329 of each survey. Firstly, the 10 cm DEM of the glacier tongue (produced from the visible UAV 
330 imagery) was joined with the ALOS 30 m DEM of the surrounding topography. The resulting joined 
331 DEM was used to model the spatial distribution of solar radiation across the glacier surface for 5-
332 minute periods at 30-minute intervals over the duration of each thermal survey. Through interpolation, 
333 a  distribution map was produced for every 5-minute period of each thermal UAV survey. Each 𝑆𝑊𝑖𝑛
334 map was divided by its maximum value to produce fractional  maps for every 5-minute period. 𝑆𝑊𝑖𝑛
335 The  measurements recorded by Cuchillacocha weather station (Figure 1) at 30-minute intervals 𝑆𝑊𝑖𝑛
336 were also interpolated to each 5-minute period within each survey. Based on the assumption that  𝑆𝑊𝑖𝑛
337 measured at the weather station was equal to the maximum radiation across Llaca Glacier tongue, 
338 each modelled fractional  map for every 5-minute period was multiplied by the corresponding 𝑆𝑊𝑖𝑛
339 weather-station-derived  value for the same period, to produce weather-station-adjusted maps of 𝑆𝑊𝑖𝑛
340  for every 5-minute period. Each of the thermal survey areas were split into cross-sectional 𝑆𝑊𝑖𝑛
341 segments corresponding to 5-minute flight time blocks and each segment was assigned the spatially-
342 distributed modelled  values associated with the corresponding 5-minute flight time block. 𝑆𝑊𝑖𝑛
343 Finally, all cross-sectional segments were merged to produce a spatially-distributed maps of , 𝑆𝑊𝑖𝑛
344 adjusted for temporal changes in .𝑆𝑊𝑖𝑛

345 Weather station observations of air temperature ( ) and relative humidity ( ) were used to model 𝑇𝑎𝑖𝑟 𝑅𝐻
346 the temporal variations in incoming longwave radiation,  over the duration of the thermal UAV 𝐿𝑊𝑖𝑛,
347 surveys, using the Stephan-Boltzmann law:

348 (4)𝐿𝑊𝑖𝑛 = 𝜀𝑒𝑓𝑓𝜎𝑇𝑒𝑓𝑓
4

349 where  is the effective emissivity of the atmosphere,  is the Stefan-Boltzmann constant (5.67 x 𝜀𝑒𝑓𝑓 𝜎
350 10-1 W m-2 K-4) and  is the effective air temperature.  is represented by Tair at screen level. As 𝑇𝑒𝑓𝑓 𝑇𝑒𝑓𝑓
351 there were clear weather conditions with no clouds during the thermal UAV surveys, the clear sky 
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352 emissivity ( ) was approximated using a parameterisation introduced by Dilley and O’Brian 𝜀𝑐𝑙𝑒𝑎𝑟
353 (1998) (equation 5). This approach has been found to provide the best parameterisation of  over 𝐿𝑊𝑖𝑛
354 melting glaciers (Juszak and Pelliciotti, 2013).

355 (5)𝜀𝑐𝑙𝑒𝑎𝑟 =
𝑎𝐷𝑂 + 𝑏𝐷𝑂( 𝑇𝑎𝑖𝑟

273.16)
6

+ 𝑐𝐷𝑂
4.65𝑒𝑎
25𝑇𝑎𝑖𝑟

𝜎𝑇𝑎𝑖𝑟
4

356 where  is the atmospheric vapour pressure (Pa), which was approximated from the altitude-𝑒𝑎

357 corrected  and  recorded at Cuchillacocha weather station (Figure 1), using the Magnus 𝑇𝑎𝑖𝑟 𝑅𝐻
358 formula (Bell, 1996). ,  and  are parameters from Dilley and O’Brien (1998) which have 𝑎𝐷𝑂 𝑏𝐷𝑂 𝑐𝐷𝑂
359 fixed values of 59.38, 113.7 and 96.96, respectively. Using this method, modelled  values were 𝐿𝑊𝑖𝑛
360 produced at 30-minute intervals (corresponding to the frequency of weather station observations of 
361  and ), which were interpolated to produce modelled  values for every 5-minutes of each 𝑇𝑎𝑖𝑟 𝑅𝐻 𝐿𝑊𝑖𝑛
362 thermal UAV survey. Each of these  values was assigned to each of the corresponding cross-𝐿𝑊𝑖𝑛
363 sectional segments of the thermal survey areas associated with each 5-minute flight time block of each 
364 survey. The cross-sectional segments produced were merged together to produce maps of  which 𝐿𝑊𝑖𝑛
365 account for temporal variations in  over the course of the thermal UAV surveys.𝐿𝑊𝑖𝑛

366 To account for altitudinal variations in Tair across the survey area, a spatially-dependent altitudinal 
367 correction was applied, using the UAV-derived DEM of the glacier tongue and a mean lapse rate 
368 derived from differences between values recorded at Cuchillacocha weather station (4630 m a.s.l.) 
369 and another weather station located further down the valley (3920 m a.s.l.). To account for temporal 
370 variations in Tair, wind speed and  over the duration of the thermal UAV surveys, the weather 𝐺𝑟𝑎𝑡𝑖𝑜
371 station observations (30-minute intervals) and modelled  (10-minute intervals) were again 𝐺𝑟𝑎𝑡𝑖𝑜
372 interpolated to every 5-minute flight time block of each thermal UAV survey. The resulting values 
373 were assigned to the cross-sectional segments corresponding to each 5-minute flight time block of 
374 each thermal survey, to produce temporally-corrected maps of Tair, wind speed and  for 𝐺𝑟𝑎𝑡𝑖𝑜
375 incorporation within the debris thickness model.

376 2.5.3 Producing modelled debris thickness maps

377 Using the calibrated UAV-derived surface temperatures, alongside the spatially and temporally 
378 distributed meteorological variables parameterised in Section 2.5.2, debris thickness maps were 
379 produced using surface energy balance modelling, which has previously been used to model debris 
380 thickness from coarser-resolution thermal satellite imagery (e.g., Foster et al., 2012; Rounce and 
381 McKinney, 2014). As the surface temperature data collected between 11.55 and 12.50 on 19 August 
382 (during survey ST3) were most optimal for modelling debris thickness (as discussed further in Section 
383 4.1), these data were used to model debris thickness across survey zone ZT2 (Figure 3a), which covers 
384 an area of ~137,000 m2.

385 Firstly, the ground heat flux  (W m−2) was calculated as:𝑄𝑐

386 (6)𝑄𝑐 = 𝑅𝑛 +𝐻 + 𝐿𝐸

387 where  is the net radiation flux (W m−2),  is the sensible heat flux (W m−2) and  is the latent 𝑅𝑛 𝐻 𝐿𝐸
388 heat flux (W m−2). The net radiation flux was calculated as:

389 (7)𝑅𝑛 = 𝑆𝑊𝑖𝑛(1 ― 𝛼) +𝜀(𝐿𝑊𝑖𝑛 ― 𝜎𝑇𝑠
4)

390 where  is the incoming shortwave radiation (W m−2),  is the albedo (dimensionless),  is the 𝑆𝑊𝑖𝑛 𝛼 𝜀
391 emissivity (dimensionless),  is the incoming longwave radiation (W m−2),  is the Stephan-𝐿𝑊𝑖𝑛 𝜎
392 Boltzmann constant (5.67 × 10−8 W m−2 K−4) and  is the surface temperature (K). Debris emissivity 𝑇𝑠
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393 and albedo values of 0.94 and 0.3, respectively, were assumed (Salisbury and D’Aria, 1992; 
394 Nicholson and Benn, 2012).

395 The sensible heat flux was calculated as:

396 (8)𝐻 =  𝜌𝑎𝑖𝑟( 𝑃
𝑃0)𝑐𝑎𝑖𝑟𝐴𝑢(𝑇𝑎𝑖𝑟 ― 𝑇𝑠) 

397 where  is the density of air (1.29 kg m−3),  is the atmospheric pressure (Pa),  is the atmospheric 𝜌𝑎𝑖𝑟 𝑃 𝑃0

398 pressure at sea level (101 325 Pa),  is the specific heat capacity of air (1010 J kg−1 K−1),  is the 𝑐𝑎𝑖𝑟 𝐴
399 transfer coefficient (dimensionless),  is the wind speed recorded at the weather station (m s-1) and 𝑢
400  is the air temperature. The atmospheric pressure was computed using the barometric pressure 𝑇𝑎𝑖𝑟
401 formula and the transfer coefficient was calculated as:

402 (9)𝐴 =  
𝑘𝑣𝑘

2

ln(𝑧ℎ
𝑧0)ln(𝑧ℎ

𝑧0)
403

404 where  is the von Kármán’s constant (0.41),  is the height of meteorological measurements (2 m) 𝑘𝑣𝑘 𝑧ℎ
405 and  is the surface roughness length, for which a value of 0.016 m was assumed (Rounce et al., 𝑧0
406 2014).

407 The latent heat flux was assumed to be zero, based on the assumption that the debris was dry. 

408 The debris thickness  was calculated using a nonlinear model (Rounce and McKinney, 2014): 𝑑

409 (10)𝑑 =
𝐺𝑟𝑎𝑡𝑖𝑜𝑘𝑒𝑓𝑓(𝑇𝑠 ― 𝑇𝑖)

𝑄𝑐

410 Where  is the temperature at debris-ice interface (assumed to be 273.15 K based on the thermistor 𝑇𝑖
411 measurements).

412 The three in-situ coupled GPS-debris-thickness measurements within the bounds of the thermal UAV 
413 survey were used as a guide to ensure that realistic debris thicknesses were being modelled. Negative 
414 modelled debris thickness values and values more than three median absolute deviations (MADs) 
415 from the mean were assigned as no data values.

416 2.5.4 Omitting supraglacial ice cliffs and ponds from the model

417 Cliffs and ponds were not included in the model since the modelling approaches used to estimate 
418 debris thickness cannot be applied to areas beneath supraglacial ponds or on the surface of 
419 supraglacial ice cliffs. Cliffs were semi-automatically classified using the DEM and orthomosaic 
420 derived from the visible UAV survey. Firstly, areas with a surface slope of >40° were isolated. To 
421 eliminate false detection areas, which primarily occur along the edges of large boulders where the 
422 surface gradient is high, areas with a maximum inter-pixel difference (between central pixel and 
423 surrounding pixels) of more than 40, in the brightness of the greyscale orthomosaic, were removed. 
424 Interconnected areas of less than 1 m2 were also removed, in order to eliminate any remaining small 
425 rocks from the areas classified as ice cliffs. Finally, any boulder edges which were not successfully 
426 eliminated during the previous steps were removed manually from the ice-cliff-classified areas. As 
427 supraglacial ponds were relatively rare in comparison to ice cliffs, these features were classified using 
428 manual digitisation. Once ice cliffs and ponds had been classified, the areas covered by these features 
429 were removed from the model.

430 2.5.5 Alternative approach for mapping debris thickness from UAV-derived surface 
431 temperatures
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432 A simpler empirical method for modelling debris thickness from UAV-derived surface temperature 
433 data was also tested. This approach involved using the 22 TIR measurements collected between 13.25 
434 and 15.05 on 21 August, alongside the debris thickness measurements acquired at each of the 22 sites, 
435 to find the second order polynomial relation between debris thickness and surface temperature on 
436 Llaca Glacier. Based on this relation, debris thickness was modelled from the calibrated surface 
437 temperature maps derived from UAV TIR imagery of Llaca Glacier tongue. This alternative approach 
438 is based on the assumption that the relation between surface temperature and debris thickness does not 
439 change significantly within the day, which is unlikely to be true. Furthermore, this approach does not 
440 take into account the spatially and temporally varying meteorological parameters that impact surface 
441 temperature. Therefore, this alternative method was only used for the purpose of testing how well 
442 debris thickness could be approximated using a simplified approach with fewer data requirements, as 
443 well as to allow comparison to the debris thicknesses modelled using the surface energy balance 
444 approach. A similar method was used by Mihalcea et al (2008) to model debris thickness from 
445 thermal satellite imagery (ASTER), based on the correlation between field-based debris thickness 
446 measurements and satellite-derived surface temperatures.

447 2.6 Modelling daily sub-debris melt rates

448 Distributed daily sub-debris melt rates were modelled based on the modelled debris thickness (derived 
449 from the surface energy balance modelling approach), following the method of Nicholson and Benn 
450 (2006). This method uses mean daily meteorological data, assuming that the daily mean temperature 
451 profile through the debris layer is linear and that net changes in heat storage are negligible on diurnal 
452 timescales. This method was chosen as it significantly reduces the computational resources needed to 
453 run the model and has been demonstrated to yield reliable sub-debris ablation rate estimates despite 
454 model simplification (Nicholson and Benn, 2006). Firstly, the distributed average daily surface 
455 temperatures were solved for iteratively, based on the polynomial:

456 (11)― 𝜀𝜎𝑇𝑠
4 ― (𝜌𝑎𝑖𝑟( 𝑃

𝑃0)𝑐𝑎𝑖𝑟𝐴𝑢 +
𝑘𝑒𝑓𝑓

𝑑 )𝑇𝑠 + 𝑆𝑊𝑖𝑛(1 ― 𝛼) + 𝜌𝑎𝑖𝑟( 𝑃
𝑃0)𝑐𝑎𝑖𝑟𝐴𝑢𝑇𝑎𝑖𝑟 +

𝑘𝑒𝑓𝑓𝑇𝑖

𝑑 +𝜀 𝐿𝑊𝑖𝑛 = 0

457 Data from the Cuchillacocha weather station (Figure 1) were used to calculate mean daily 
458 meteorological parameters. Mean daily  was calculated from  and  (equations 4 and 5), 𝐿𝑊𝑖𝑛 𝑇𝑎𝑖𝑟 𝑅𝐻
459 while the spatial variability of meteorological parameters was accounted for using the following 
460 approaches. The spatial distribution of  was modelled over a 24-hour period every 10 days 𝑆𝑊𝑖𝑛
461 between the 5 July and 5 October. Through interpolation, maps of average  distribution were 𝑆𝑊𝑖𝑛
462 produced for every day during this 3-month period. For each day, the corresponding map of  𝑆𝑊𝑖𝑛
463 distribution was divided by its mean value, before being multiplied by the mean  recorded at the 𝑆𝑊𝑖𝑛
464 weather station on that day. To account for spatial variations in , the UAV-derived DEM was used 𝑇𝑎𝑖𝑟
465 to produce a map of altitude-dependent , using an environmental lapse rate of 6.5 °C km-1.  and 𝑇𝑎𝑖𝑟 𝑢
466  were assumed to be spatially-homogeneous.𝐿𝑊𝑖𝑛

467 Using the resulting surface temperature map, the ground heat flux was computed using equation 6 and 
468 the distributed daily melt rate  (m d-1) was computed as:𝑀

469 (12)𝑀 = 𝑡
𝑄𝑚

𝜌𝑖𝑐𝑒𝐿𝑓

470 Where  is time (seconds),  is downward energy flux at the base of the debris layer (equal to ), 𝑡 𝑄𝑚 𝑄𝑐
471  is the density of ice (assumed to be 900 kg m-3) and  is the latent heat of fusion (334 kJ kg-1). 𝜌𝑖𝑐𝑒 𝐿𝑓

472 Negative values of  were set to 0, while values more than three standard deviations from the median 𝑀
473 were set to no data values.
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474 In order to investigate the impact of differing modelled debris thickness on modelled sub-debris melt 
475 rates, the model was run for a second time using debris thicknesses modelled from satellite data 
476 (Rounce et al., 2021) and the results were compared to the sub-debris melt rates modelled in this 
477 study.

478 3. Results

479 3.1 Vertical debris temperature profiles

480 The debris temperatures recorded by the thermistors at depths of 5, 10, 20, 30 and 40 cm (40 cm being 
481 the debris-ice interface) are shown in Figure 4. The variation in debris temperature decays with 
482 increasing depth, with an average range in daily temperature of 17.9 °C at 5 cm depth compared to 0.7 
483 °C at the debris-ice interface (40 cm depth). As depth into the debris layer increases, the times of the 
484 diurnal peaks and troughs in debris temperature are increasingly lagged. For example, there is a lag of 
485 6.83 hours between the average time of peak daily debris temperature at a depth of 5cm (14:17) and at 
486 a depth of 40cm (21:07).

487 3.2 Thermal conductivity

488 The effective thermal conductivity of the 
489 debris decreases by 0.963 W m-1 K-1 from 
490 near the surface of the debris layer (5 cm 
491 depth) to 30 cm depth (Table 2). However, 
492 the thermal conductivity appears to decrease 

Figure 4. Thermal properties of the supraglacial debris layer at Llaca Glacier, derived from thermistors located at depths of 
5, 10, 20, 30 and 40 cm (with the debris-ice interface being at 40 cm depth) within the debris layer. (a) shows the direct 
measurements that were recorded by each of the thermistors between 17 August 00:00 and 19 August 16:00, with lines 
colour-coded according to the debris thicknesses shown in (b)-(f). (b)-(f) show the relationship between the second 
derivative of debris temperature with respect to depth (d2T/dz2) and the first derivative of debris temperature with respect to 
time (dT/dt), derived from the time-series recorded by each of the thermistors. The gradient of this relationship, which was 
used to approximate the thermal diffusivity, is shown for each of the thermistors in (b)-(f), along with the R2 value associated 
with each gradient.

Table 2. Debris thermal properties on Llaca Glacier tongue. 
Thermal diffusivity and effective conductivity values, modelled 
from the thermistor measurements, are shown for each depth 
within the debris layer.
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493 below 30 cm, with a thermal conductivity 0.519 W m-1 K-1 lower at the ice-debris interface (40cm 
494 depth) than at 30 cm depth. R2 associated with the gradients between  and  are generally high 

∂𝑇
∂𝑡

∂2𝑇
∂𝑧2

495 (Figure 4c-f), except for at 5 cm depth, where the R2 value is considerably lower (Figure 4b). 

496 3.3 Modelled debris thickness

497 Figure 5 shows the debris thickness modelled across Llaca Glacier using the main workflow outlined 
498 in Figure 2. The results indicate a mean debris thickness of 0.20 m, with a variance of 0.03 m, across 
499 the survey area. Debris thickness generally decreases up-glacier, with the lowest debris thicknesses 
500 being found in the uppermost portion of the survey area, where the debris layer was ~ 1-7 cm thick. 
501 Over > 90% of the survey area (excluding supraglacial ice cliffs and ponds), the debris layer is thicker 
502 than the critical thickness required to reduce sub-debris melt rates through insulation of the ice surface 
503 (Östrem, 1959). Comparison against the three usable manually-acquired debris thickness 
504 measurements, coupled with accurate GPS locations, within the survey area indicates good agreement 
505 between measured and modelled values, with differences of < 6 % between modelled and measured 
506 debris thickness values (Figure 5b).

507 3.4 Surface temperature

508 The results show that the spatial heterogeneity in surface temperatures is greatest during the middle of 
509 the day compared to early morning and late afternoon (Figure S1). More specifically, the surface 
510 temperatures derived from the thermal imagery collected between 11.55 and 12.50 (survey ST3) show 

Figure 5. Spatially-distributed map of modelled debris thickness. Modelled debris thicknesses are shown in (a), with black 
triangles showing the locations of the in-situ debris thickness measurements within the survey area. White areas show the 
presence of no data values, where modelled values were negative or more than three MADs outside the mean (discussed in 
2.5.3). Grey areas show the presence of supraglacial ice cliffs and ponds, which were not included in the model (discussed in 
2.5.4). RGB orthomosaic for the modelled area is shown in (b). A comparison between the modelled and measured debris 
thicknesses at these three sites is shown in (c), while (d) shows the spatial coverage of the debris thickness map and RGB 
orthomosaic shown in (a) and (b), respectively. 
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511 a variance of 35.8 K across the survey area, while the surface temperatures derived from the thermal 
512 surveys of 16.25-17.20 (ST1), 9.30-10.00 (ST2) and 14.25-15.45 (ST3) show lower variances of 14.2, 
513 23.6 and 21.8 °C, respectively, across their survey areas. Meanwhile, the surface temperatures from 
514 ST3 have a standard deviation of 6.0, while the surface temperatures from ST1, ST2 and ST4 have lower 
515 standard deviations of 3.8, 4.9 and 4.7 °C, respectively. Note that some of the differences in variance 
516 may be partially attributable to different areas being covered by thermal surveys conducted at 
517 different times of day (as described in Section 2.2.1).

518 3.5 Modelled sub-debris melt rates

519 The results indicate a mean sub-debris melt rate of 0.49 cm d-1 across the total survey area, over the 
520 entire 3-month model period between 5 July and 5 October (Figures 6-7), with high levels of spatial 
521 heterogeneity ranging from 0.00 cm d-1 to 1.91 cm d-1 across the study area (Figures 5d,6). Sub-debris 
522 melt rates also generally increase up-glacier through the survey area (Figure 6). Maximum sub-debris 
523 melt rates decrease as a function of debris thickness, with mean melt rates for the 93-day period of up 
524 to nearly 2 cm d-1 for thin debris layers of a few mm, compared to mean melt rates of up to ~0.5 cm d-

525 1 where debris is 30 cm thick (Figure 7c). Figure 7b shows that mean sub-daily melt rate for the 
526 period 5 July – October has a skewed distribution, with a modal melt rate of ~0.25 cm d-1. 

527 There are high levels of temporal variability in the sub-debris melt rates on Llaca Glacier tongue, with 
528 modelled mean daily melt rates for the whole survey area ranging from 0.00 to 1.18 cm d-1 between 5 
529 July and 5 October 2019 (Figure 7a). The results indicate that sub-debris melt rates are generally 
530 slightly greater during the middle of the three-month modelling period (see moving average in Figure 
531 7a), with mean daily sub-debris melt rates of 0.69 cm between 5 August and 4 September, compared 
532 to 0.40 and 0.38 for the periods of 5 July – 4 August and 5 Sep – 5 Oct, respectively (Figure 6). Over 
533 the duration of the three-month modelling period, the mean incoming SW and LW radiation fluxes are 
534 195 and 185 W m-2, respectively (Figure 7d). The ranges in mean daily incoming SW and LW 

Figure 6. Spatially-distributed modelled sub-debris melt rates on Llaca Glacier tongue. Maps of the mean modelled melt 
rates (across the area shown in Figure 4c) are shown for three 31-day periods: 5 July – 4 August (a), 5 August – 4 
September (b) and 5 September – 5 October (c). These values were modelled backwards and forwards in time from the 
date of thermal UAV data collection, 19 July 2019. Black shaded areas show the presence of supraglacial ice cliffs and 
ponds (which were not included in the model) and white areas show the presence of no data values.
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535 radiation are 194 and 11 W m-2, respectively, over the 93-day period, while the range in mean daily 
536 air temperature is 3.8 °C. 

537 4. Discussion

538 4.1 Modelling debris thickness from thermal UAV imagery

539 The results of this study demonstrate that thermal UAV imagery can be used to effectively model 
540 spatially-distributed supraglacial debris thicknesses. The results also demonstrated that, while high 
541 levels of precision can be gained from using such imagery, a number of calibrations and corrections 
542 are critical to ensure that (a) the thermal imagery is calibrated to account for biases associated with 
543 UAV-mounted thermal sensors, (b) the thermal imagery is corrected to account for the changing 
544 sensor-surface distance over the course of the thermal UAV flights (if terrain correction is not used), 
545 (c) the temporal changes in meteorological parameters over the course of the thermal surveys are 
546 accounted for, and (d) the spatial variations in meteorological parameters across the thermal survey 
547 area are accounted for. We recommend that future studies take the aforementioned steps in order to 
548 maximise the accuracy of debris thickness maps derived from thermal UAV imagery. 

549 The results also show that thermal imagery acquired near the middle of the day is optimal for 
550 modelling debris thicknesses, due to (a) high spatial heterogeneity in surface temperatures, and (b) 
551 relatively low temporal variations in the modelled Gratio and meteorological variables. As shown in 
552 Table S2, survey ST3 yielded a variance in surface temperatures 50 - 150 % greater, and a standard 
553 deviation 20 – 60 % greater, than the other three surveys. As a result, it is easiest to distinguish 

Figure 7. Modelled sub-debris melt rates on Llaca Glacier tongue between 5 July and 5 October 2019. (a) Temporal 
variations in the average sub-debris daily melt rates (red line with standard deviation shaded) and the 20-day moving average 
(yellow line) for the area shown in Figure 5c. (b) Probability density function (PDF) for the mean sub-debris melt rates of 
the period 5 July - 5 October for the survey area shown in Figure 5c. (c) Mean modelled sub-debris melt rates for the same 
area and period shown as a function of modelled debris thickness. (d) Mean daily air temperature and incoming shortwave 
(SW) radiation recorded at Cuchillacocha weather station and the mean daily modelled incoming longwave (LW) radiation 
between 5 July and 5 October).
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554 between different debris thicknesses using thermal imagery collected during ST3, which was 
555 conducted during the middle of the day (10.55 – 12.50). In contrast, debris-thickness-driven 
556 differences in surface temperatures are less pronounced in the early morning, since debris has not yet 
557 heated up sufficiently, resulting in cooler and more homogeneous debris temperatures (further 
558 demonstrated in Figure 4a). During the late afternoon, the debris has cooled significantly since the 
559 middle of the day (Figure 4a), again partially obscuring some of the debris-thickness-driven 
560 differences in surface temperatures. Furthermore, during the early morning and late afternoon, 
561 temporal variations in meteorological variables are high (Figure S1a,b,d,e), making it difficult to 
562 account for variability in meteorological parameters within the duration of the thermal UAV surveys, 
563 thereby impacting the accuracy of modelled debris thicknesses. Additionally, the Gratio factor is highly 
564 unstable during the early morning (Figure S1c), making it more difficult to account for the complex 
565 and changeable debris temperatures. We therefore recommend that future studies collect thermal 
566 imagery near the middle of the day (e.g. between approximately 11.00 and 13.00), when surface 
567 temperature variations are greatest and temporal meteorological variability is likely to be relatively 
568 low (Figure S1).

569 Figure 8 demonstrates the improved level of detail obtained using UAV-derived surface temperatures 
570 to model debris thickness, compared to the use of thermal imagery derived from satellites. As 
571 demonstrated in Figure 5a, there are large variations in debris thickness over relatively small spatial 
572 scales, which can only be distinguished using the thermal UAV imagery, and not from the highest-
573 resolution satellite imagery currently available (Figure 8). This provides further evidence that 
574 glaciological models which use satellite-derived debris thicknesses as input data are likely to be 
575 affected by ‘inter-pixel mixing effects’, as described by Rounce and McKinney (2014). Our UAV 
576 results indicate a mean debris thickness of 0.20 m across the survey area, which is 71 % less than the 
577 mean debris thickness modelled from thermal satellite data for the same area (0.70 m) (Rounce et al., 
578 2021). This suggests that debris thicknesses on Llaca Glacier may be significantly overestimated by 
579 satellite-based models, with significant impacts on modelled sub-debris melt rates (as discussed 
580 further in Section 4.2). Further evidence is therefore required in order to confirm whether this could 
581 be indicative of a wider pattern.

582 The results also indicate that using a simpler method to model debris thickness, based on the 
583 polynomial relationship between surface temperature and debris thickness, similar spatial patterns of 
584 debris thickness can be detected in areas where the debris layer is less than ~20 cm in depth (Figure 
585 S3). However, when debris exceeds a thickness of around 20 cm, the polynomial-relation-based 
586 model appears to significantly underestimate debris thickness (Figure S2; Table S2). A potential 
587 explanation for this is that the polynomial relation method used to model debris thickness is based on 
588 a higher number of measurements at points where debris thickness is below 20cm (Figure S2), while 
589 there is only one measurement with a debris thickness of 25 cm, which may provide a poor 
590 representation of surface temperature for thicker debris. Additionally, the polynomial relation method 
591 does not account for the contribution of spatial variations in meteorological conditions towards the 
592 debris surface temperatures observed. As a result, the debris thickness accuracy is likely to be lower 
593 compared to the results derived from the surface energy balance modelling approach.
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594 4.2 Modelling sub-debris melt rates from UAV-derived debris thickness maps

595 This study demonstrates that by using high-resolution maps of debris thickness derived from thermal 
596 UAV data, greater-precision estimates of sub-debris melt rates can be produced. As shown in Figure 
597 6, high levels of spatial heterogeneity in ice surface melt rates over sub-metre scales can be detected 
598 across the survey area on Llaca Glacier tongue. Inputting the derived debris thicknesses modelled by 
599 Rounce et al. (2021) (which are nearly three times greater than our estimates) into our sub-debris melt 
600 model, we estimated a mean modelled melt rate of 0.17 cm d-1, a value 65 % less than modelled in our 

Figure 8. Comparison between UAV and satellite-derived surface temperature information and modelled debris thicknesses. 
(a) Calibrated surface temperatures derived from thermal UAV imagery, acquired between 10.55 and 12.50 on 19 August 
2019. (b) Surface temperatures derived from the thermal band of the Landsat 7 satellite, acquired at 15.03 on 19 August 
2019. (c) Debris thicknesses modelled in this study from thermal UAV imagery. Black shaded areas show the presence of 
ice cliffs and white areas show the presence of no data values. (d) Debris thicknesses modelled by Rounce et al. (2021). The 
black line surrounding each of the 4 maps shows the same reference area on Llaca Glacier, as shown in Figure 5c. 
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601 study (0.49 cm d-1). This indicates that since the debris thicknesses modelled from satellite data 
602 appear to be considerably overestimated for Llaca Glacier tongue, this would lead to significant 
603 underestimation of sub-debris melt rates as a consequence. We therefore advocate for further high-
604 precision studies of debris thickness, with better model validation, in order to better understand the 
605 uncertainties associated with satellite-derived debris thicknesses and more accurately calibrate 
606 regional-scale models of debris thickness and sub-debris melt rates.

607 4.3 Thermal properties of supraglacial debris

608 As shown by numerous previous studies (e.g. Conway and Rasmussen, 2000; Nicholson and Benn, 
609 2012), our results further confirm that, during the daytime, the temperature of the supraglacial debris 
610 on Llaca Glacier is lowest at the debris ice interface and increases towards the surface of the debris 
611 layer (Figure 4a). The increasingly lagged peaks in debris temperature from the surface to the base of 
612 the debris layer indicate that, with increased debris thickness, there will be an augmented delay time 
613 in the melt response to meteorological forcing at Llaca Glacier.

614 The increase in thermal diffusivity from 30 cm depth to 40 cm depth indicates that moisture content 
615 likely plays an increasingly significant role near the debris-ice interface. The debris closest to the 
616 debris-ice interface is likely to be more moisture-saturated due to the accumulation of melted ice and, 
617 since thermal diffusivity is reduced where debris is more saturated (Juen et al., 2012), the thermal 
618 diffussivity of this layer is lower than the layer 10cm above. Furthermore, water-saturated debris loses 
619 energy to latent heat fluxes, resulting in a reduction in the amount of heat available to be transferred 
620 downwards to the ice surface (Giese et al., 2020).

621 The depth-averaged thermal conductivity of the debris layer at Llaca Glacier (0.78 W m-2 K-1) appears 
622 to be slightly lower than the values generally reported by previous studies in the Himalaya. For 
623 example, at Ngozumpa Glacier in Nepal, Nicholson and Benn (2012) found thermal conductivities of 
624 0·95 ± 0·10 W m-2 K-1 and 1·29 ± 0·13 W m-2 K-1 for dry debris in winter and summer respectively. 
625 This lower thermal conductivity could potentially be attributed to greater debris porosity, which 
626 results in more air being trapped within the debris layer and less heat being transferred downwards 
627 through the debris layer (Juen et al., 2012).

628 As a result of its relatively low thermal conductivity, the debris layer on Llaca Glacier is likely to be 
629 providing a greater insulative effect on the ice below than on glaciers where the debris thermal 
630 conductivity is greater. This suggests that the debris is having a relatively high inhibiting effect on 
631 melt rates at Llaca Glacier, in comparison to some of the well-studied glaciers in the Himalaya. This 
632 could be indicative of a higher regional importance of debris cover in controlling glacier melt rates in 
633 the Cordillera Blanca. However, further evidence is required in order to better understand the role of 
634 debris cover in controlling glacial melt rates and downstream hydrology in the Ancash region of Peru. 

635 4.4 Model sensitivity and limitations

636 The sensitivity analysis results (Table S3) indicate that modelled debris thicknesses are most sensitive 
637 to incoming shortwave radiation and albedo. While incoming solar radiation recorded in the nearby 
638 valley is likely to be similar to Llaca Glacier (as there were cloud-free conditions during the thermal 
639 surveys), future studies could further minimise model uncertainties by gathering meteorological data 
640 on site. Additionally, ground-based pyranometer measurements of albedo could be collected and 
641 surface classification of albedo could be divided into a greater number of categories (e.g. 
642 corresponding to different debris lithologies). The model is relatively sensitive to surface temperature 
643 (Table S3), emphasising the importance of accurately calibrating the surface temperatures derived 
644 from UAV-mounted thermal cameras. While various calibration procedures were performed to correct 
645 for the effects of sensor biases, sensor drift, atmospheric signal attenuation and surface emissivity 
646 variations, future efforts could be made to further improve these calibration procedures. The model is 
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647 also moderately sensitive to the nonlinear approximation factor. Since the parameterisation of the 
648 nonlinear approximation factor is affected by the debris temperatures recorded by the thermistors, 
649 setting up sequences of thermistors at multiple locations of varying debris thicknesses would help to 
650 ensure the accuracy of this parameter.

651 A key limitation associated with this study is the scarcity of debris thickness data suitable for 
652 validation (as discussed in Section 2.3.3), which results in some remaining uncertainty in the 
653 reliability of debris thicknesses modelled from thermal UAV data. In future, further thermal UAV 
654 surveys of debris-covered glaciers, coupled with a greater number of in-situ debris thickness 
655 measurements within surveyed areas, would be highly beneficial for establishing this technique as a 
656 viable method for obtaining high-precision estimates of supraglacial debris thickness with improved 
657 levels of accuracy. Furthermore, the collection of ablation-stake measurements at debris-thickness 
658 modelling sites would enable validation of modelled sub-debris melt rates produced using UAV-
659 derived modelled debris thicknesses.

660 5. Conclusions

661 This study has presented an approach for modelling high-resolution, spatially-distributed supraglacial 
662 debris thicknesses and sub-debris melt rates from UAV-derived thermal imagery, in conjunction with 
663 local meteorological data, visible UAV imagery and vertically-profiled debris temperature 
664 measurements. We have demonstrated that by (a) effectively calibrating the radiometric thermal 
665 imagery, (b) accounting for the temporal variations in meteorological parameters over the UAV 
666 survey duration, (c) parameterising the spatial distribution of meteorological parameters across the 
667 survey area, and (d) modelling the thermal conductivity of the debris layer, surface energy balance 
668 modelling can be used to effectively to model the debris thickness and sub-debris melt rates of debris-
669 covered glaciers. We have also demonstrated that by obtaining high-resolution (10 cm) UAV imagery, 
670 as opposed to using coarser (> 60 m) satellite imagery, the highly spatially-heterogeneous debris 
671 thickness across Llaca Glacier tongue can be significantly better represented, facilitating higher-
672 precision sub-debris melt modelling. Our findings have indicated that the mean debris thickness 
673 across the survey area on Llaca Glacier tongue is ~ 71 % lower than the satellite-derived estimate, 
674 indicating that the accuracy of satellite-derived debris thicknesses are likely to be poor in some places. 
675 Further sub-debris melt modelling has indicated that this overestimation of debris thicknesses would 
676 have resulted in a ~ 65 % underestimation of sub-debris melt rates across the survey area. Our results 
677 also indicated that the debris layer on Llaca Glacier has an ~18 – 40 % lower thermal conductivity 
678 compared to the debris on previously-studied glaciers in the Himalaya, suggesting that the inhibiting 
679 effect of debris on melt rates may vary considerably between glaciers and/or regions. Overall, the 
680 results of this study emphasise the need for further high-precision UAV/ground-based studies of the 
681 thermal properties of supraglacial debris in the Cordillera Blanca, as well as in other mountain regions 
682 around the world, in order to better calibrate debris thicknesses within glaciological models and 
683 improve the accuracy of hydrological predictions.
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