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Abstract 

The Greenland Ice Sheet (GrIS) is one of largest contemporary contributors to global mean sea-level rise. 

Observations beginning in 1972 indicate its mass loss is accelerating and projected to continue throughout 

the century. Mitigating its impacts could require trillions of dollars, while the resulting higher seas may 

place hundreds of millions of people below the high-tide line by 2100. Mass loss of the GrIS results from 

surface mass balance (SMB) and dynamic ice discharge. Supraglacial lakes affect both processes by 

modulating albedo and surface melt water routing and contribute to enhanced basal sliding by delivering 

melt water to the bed during drainage events.  

Firstly, a novel C-band synthetic aperture radar (SAR) based methodology using Sentinel-1 and the 

RADARSAT Constellation Mission (RCM) data was developed to detect winter supraglacial lake 

drainage events at Nioghalvfjerdsbræ (79NG) and Zachariæ Isstrøm (ZI) in Northeast (NE) Greenland at 

high temporal resolutions. This enabled a decade long analysis of the spatiotemporal frequency of winter 

drainage events from 2014/2015 to 2023/2024 seasons. Winter drainage events occur during each winter 

season with substantial inter-seasonal variability. Approximately half of all winter drainage events (46 out 

of 90) were involved in cascade events. Short increases in ice velocity resulting from drainage events were 

observed, while there was little evidence for the ability of drainage events to drive seasonal or interannual 

ice velocity increases. These findings advance our understanding of winter supraglacial lake dynamics, a 

phase that remains far less studied than melt-season processes. 

Secondly, we conducted a melt season analysis to identify optimal SAR parameters for supraglacial lake 

detection in C- and L-band. Pairs of fully-polarimetric and compact-polarimetric images were compared 

and found that SAR parameters VV/HH and the linear polarization ratio (LPR) enabled enhanced 

capability for the detection of supraglacial lakes relative to single polarization channels. Additionally, L-

band VV/HH and LPR exhibited a unique signature for snow and ice lids that bury portions of lakes, 

discriminating them from open water and surrounding ice sheet. 
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Chapter 1. Introduction 

1.1. Research context 

Observations of the Greenland Ice Sheet (GrIS) in recent decades indicate an accelerating trend in mass 

loss, leading to increased contributions to global sea level rise (Mouginot et al., 2019; Shepherd et al., 

2020). While the ice sheet remained in a near-equilibrium state from 1972 to 1992, it has since experienced 

consistent decadal mass losses across all regions. Cumulative mass loss from the GrIS results from two 

main components: surface mass balance, which reflects the net difference between snow accumulation 

and ablation, and ice dynamics, which includes ice loss through calving into the ocean. The inherent 

complexity involved in accurately modeling and observing these processes has introduced significant 

uncertainties in projections of future contributions to sea-level rise (Slater et al., 2020).  

As a critical contributor to contemporary global sea-level rise, the GrIS holds enough ice to elevate global 

sea level by approximately 7 meters. Observational data since 1992 indicate an accelerated rate of mass 

loss, with recent projections suggesting the GrIS could contribute roughly 274 mm to global sea-level rise 

by the end of this century (Box et al., 2022). This contribution is greater than those projected from the 

Antarctic ice sheet (Otosaka et al., 2023). A rise in sea level of just 10 to 20 cm could double the frequency 

of extreme water-level events in coastal regions and major cities worldwide (Vitousek et al., 2017). The 

financial implications of mitigating sea-level rise exceeding 1 meter are substantial, potentially exceeding 

70 billion dollars annually in flood protection infrastructure alone, posing a direct threat to the livelihoods 

of hundreds of millions of people (Hinkel et al., 2014). Between approximately 190 million people under 

low carbon emission scenarios and roughly 630 million under high carbon emission scenarios are 

projected to live below the high-tide line by 2100 (Kulp & Strauss, 2019). To improve predictions of 

Greenland’s future mass loss and its impacts, it is essential to continue enhancing our understanding of 

the processes driving SMB and ice dynamic losses (Hanna et al., 2024). 

Supraglacial lakes represent a significant component of the complex mass balance of the GrIS, affecting 

ice loss through both SMB and ice dynamics. Each melt season, meltwater from snow percolates 

downward until encountering saturated firn or impermeable ice layers, halting further infiltration (Irvine-

Fynn et al., 2011; Pitcher & Smith, 2019). This meltwater accumulates and subsequently incises 

underlying ice or firn, forming supraglacial rivers whose patterns depend on surface slope and ice 

characteristics (Hambrey, 1977; Mantelli et al., 2015; Yang et al., 2016). These rivers often transport 
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meltwater into depressions, where supraglacial lakes develop over periods of days to weeks (Smith et al., 

2017; Yang et al., 2019; Smith et al., 2021). The locations of these depressions, and thus lakes, are 

primarily governed by basal topography, surface roughness, ice velocity, and ice thickness (Lampkin & 

VanderBerg, 2011; Ignéczi et al., 2018). Such depressions typically remain fixed over time, with the 

highest concentrations occurring in northeastern and eastern Greenland, predominantly within 50 km of 

the ice margin (Ignéczi et al., 2016). 

Regarding SMB, supraglacial lakes influence the GrIS by altering surface albedo and affecting surface 

meltwater routing (Tedesco et al., 2012; Smith et al., 2015). Albedo decreases on the ice sheet surface are 

driven largely by the accumulation of light absorbing impurities and the exposure of bare ice (Tedesco et 

al., 2016). Supraglacial lakes, which have roughly half the albedo of surrounding snow and ice, further 

amplify this reduction (Tedesco, 2014; Arthur et al., 2020). Tedesco et al. (2012) observed ablation rates 

beneath two supraglacial lakes of approximately 6 cm/day, compared to approximately 3 cm/day on 

adjacent ice surfaces. Furthermore, supraglacial lakes influence meltwater routing through the process of 

hydrofracturing, which can form moulins which are vertical conduits connecting the ice surface to the bed 

(Smith et al., 2015; Hoffman et al., 2018). In areas with high moulin density, surface meltwater efficiently 

drains into subglacial systems, facilitating ice mass loss (Smith et al., 2015; Yang et al., 2021). Conversely, 

regions lacking moulins typically direct surface meltwater toward the ice sheet margins (Li et al., 2022). 

Meltwater delivered to the subglacial environment via moulins induces increased melt rates within 

subglacial channels (Young et al., 2022). Undrained supraglacial lakes may also refreeze, thereby limiting 

mass loss from the ice sheet (Koenig et al., 2015; Schröder et al., 2020; Benedek & Willis, 2021). Due to 

their critical roles in controlling melt rates and meltwater routing pathways, supraglacial lakes are 

important to monitor and accurately represent in modeling efforts aimed at quantifying GrIS dynamics 

and mass balance. 

In addition to their role in the supraglacial hydrologic system, supraglacial lakes also significantly 

influence ice dynamics by affecting ice flow velocities by influencing the subglacial hydrologic system. 

Supraglacial lakes have been documented to drain through two primary mechanisms: a slower process 

where lakes overflow their banks, gradually incising drainage channels over periods greater than one day, 

and a rapid process occurring in less than one day, triggered by hydrofracturing (Das et al., 2008; Tedesco 

et al., 2013). During rapid drainage, meltwater is swiftly transferred to the bed of the ice sheet, causing 

elevated basal water pressures. These elevated pressures can enhance basal lubrication, consequently 
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increasing ice velocity. Furthermore, the hydrofracturing process frequently results in the formation of 

moulins, which may persist for several years (Banwell et al., 2016; Hoffman et al., 2018; Poinar & 

Andrews, 2021). These moulins serve as important surface-to-bed connections that continue to influence 

ice dynamics beyond the initial drainage event. Consequently, the impacts of rapid lake drainage on ice 

flow velocities are not limited to the short-term response following immediate meltwater injection but 

extend over subsequent years as supraglacial streams continue to deliver meltwater into these persistent 

moulins. 

The majority of research on supraglacial lakes to date has utilized optical remote sensing imagery (Sundal 

et al., 2009; Johansson et al., 2013; Morriss et al., 2013; Fitzpatrick et al., 2014; Yang et al., 2021; Otto et 

al., 2022). The widespread availability of optical sensors, such as Landsat, MODIS, and Sentinel-2, often 

with extensive archives spanning several decades, has provided researchers with a comprehensive 

understanding of supraglacial lake formation and melt-season phenology. Numerous studies have applied 

optical data to examine lake drainage behaviour and melt-season evolution (Selmes et al., 2011; Morriss 

et al., 2013; Fitzpatrick et al., 2014; Wang & Sugiyama, 2024), investigate multi-decadal trends in 

drainage behaviour and distribution (Howat et al., 2013; Otto et al., 2022; Fan et al., 2025), and support 

detailed observations and modeling of surface melt rates in Greenland (Yang et al., 2019; Yang et al., 

2021). Although these satellite-based studies have significantly advanced our fundamental understanding 

of supraglacial lakes, there remain gaps and observational biases introduced by limitations inherent to 

optical remote sensing, such as cloud cover, lakes hidden by snow- and ice-covered surfaces, and polar 

darkness. Specific limitations include potential underestimation of observed drainage events in years with 

greater cloudiness, underestimation of lake areas, and the inability to monitor lake dynamics during the 

polar winter (Cooley & Christofferson, 2017; Schröder et al., 2020; Benedek & Willis, 2021). 

More recently, synthetic aperture radar (SAR) has emerged as a valuable tool that complements optical 

remote sensing by addressing the limitations imposed by optical systems. SAR sensors provide 

observations independent of daylight conditions and are capable of penetrating cloud cover, making them 

particularly well-suited to studying regions frequently obscured by clouds or experiencing polar night. 

The rise in the use of SAR imagery has led to novel insights into supraglacial lake dynamics beyond the 

melt season. Recent studies employing SAR data have documented instances of winter drainage events 

(Benedek & Willis, 2021) and enabled the mapping of buried lake extents during winter months (Miles et 
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al., 2017; Dunmire et al., 2021; Zheng et al., 2023), thereby expanding our understanding of supraglacial 

lake processes and highlighting the potential of SAR to fill observational gaps left by optical sensors. 

While SAR sensors have provided valuable new insights into supraglacial lake dynamics, sensing 

approaches differ fundamentally from optical sensors, presenting unique challenges in lake detection. 

SAR sensors operate by emitting pulses of polarized electromagnetic radiation in the microwave region 

of the spectrum and measuring the return signal, typically in the same polarization or a perpendicular 

polarization relative to the transmitted pulse. This returned signal, known as backscatter intensity, depends 

on factors such as target geometry, surface roughness, dielectric properties, and sensor-specific parameters 

such as frequency, polarization, and incidence angle. Recent studies utilizing SAR for supraglacial lake 

observations have highlighted difficulties arising from the similarity of backscatter signatures between 

lakes and surrounding ice sheet facies during various melt stages (Johansson & Brown, 2012; Miles et al., 

2017; Schröder et al., 2020). Furthermore, the influence of the SAR incidence angle remains poorly 

constrained, causing many studies to rely solely on imagery from specific orbit paths to minimize 

geometric uncertainties. Consequently, the temporal resolution of these analyses is restricted by the repeat 

acquisition intervals of specific satellite orbits, often exceeding six days for satellites such as Sentinel-1 

(Schröder et al., 2020; Benedek & Willis, 2021; Dirscherl et al., 2021). Additionally, SAR-based studies 

of supraglacial lakes have primarily utilized sensors operating at C-band frequency, including the 

ENVISAT Advanced Synthetic Aperture RADAR (ASAR) and, predominantly, Sentinel-1. This reliance 

on C-band sensors has resulted in a gap in understanding the potential improvements in detection 

capabilities offered by other frequencies such as L-band. Due to its longer wavelength, L-band SAR 

provides greater penetration depth under both dry and wet surface conditions, potentially enhancing the 

discrimination of lakes from surrounding ice facies. With upcoming missions such as the NASA-ISRO 

SAR (NISAR) in 2025 and the ESA Radar Observing System for Europe–L-band (ROSE-L) in 2028, L-

band SAR is anticipated to become a crucial data source for supraglacial lake studies. 

1.2. Research objectives 

The primary objective of this research is to advance the application of SAR data for monitoring 

supraglacial lakes during both the melt and winter seasons. The research is structured around specific 

objectives corresponding to lake properties associated with each seasonal context. Firstly, for the winter 

season when supraglacial lake behaviour is least understood, this research aims to: 
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1. develop a novel methodology enabling the detection of winter supraglacial lake drainage events at 

high temporal resolution by integrating SAR imagery from multiple orbit paths and sensor 

acquisition modes at C-band; and  

2. apply the methodology in 1 to examine the frequency and spatiotemporal distribution of winter 

supraglacial lake drainage events in NE Greenland and their impacts on ice sheet dynamics. 

Secondly, for the melt season where robust optical methods exist but observations are often limited by 

cloud cover and persistent snow or ice lids, the research aims to: 

3. identify optimal SAR backscatter and texture parameters from compact-polarimetric and fully-

polarimetric C-band and L-band acquisitions for reliable detection of supraglacial lakes including 

those covered by ice lids; and 

4. evaluate the capability of decision tree-based machine learning classifier algorithms, specifically 

Random Forest and XGBoost, for accurately classifying supraglacial lakes. 

1.3. Thesis structure 

This thesis consists of four chapters. Chapter 1 introduces the research, providing essential context 

regarding supraglacial lakes and their significance in ice sheet environments, and outlines the research 

objectives. Chapter 2, titled "A decade of winter supraglacial lake drainage across Northeast Greenland 

using C-band SAR," focuses on objectives 1 and 2 in Section 1.2. Chapter 3, titled "Melt season C- and 

L-band SAR backscatter observations of supraglacial lakes in Northeast Greenland," addresses objectives 

3 and 4 in Section 1.2. Chapter 4 summarizes the main findings and suggests potential directions for future 

research. Chapter 2 will be submitted for review in the journal The Cryosphere. Chapter 3 will be 

submitted for review in the journal Remote Sensing of Environment.   
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Chapter 2. A decade of winter supraglacial lake drainage across Northeast 
Greenland using C-band SAR 

2.1. Abstract 

his study presents the first comprehensive, multi-year analysis of winter supraglacial lake drainage 

frequency on the GrIS, detailing cascading drainage events, examining links to melt-season conditions, 

and evaluating implications for ice dynamics. Supraglacial lakes can rapidly drain, delivering meltwater 

to the ice-sheet bed, increasing basal water pressure, lubrication, and ice flow. Such drainage events are 

well-documented across Greenland during the melt season using optical satellite imagery. Recent research 

using satellite and airborne radar data indicates that many supraglacial lakes persist into winter and also 

drain, potentially affecting ice dynamics similarly to melt-season drainages. Here, we use Sentinel-1 and 

RADARSAT Constellation Mission (RCM) C-band SAR imagery from ten consecutive winters 

(2014/2015–2023/2024). We develop a normalization method to integrate images from varying 

acquisition geometries, enabling high-temporal-resolution monitoring. Our analysis identifies 90 winter 

drainage events across 55 unique lakes, with significant interannual variability: a maximum of 18 events 

occurred in the 2018/2019 winter and a minimum of four events in both the 2020/2021 and 2021/2022 

winters. Drainages were most frequent in early winter, decreasing as winter progressed. Approximately 

half of the winter drainages were part of 13 cascading events, each involving two to seven lakes over 

distances up to ~33 km. Comparisons with preceding melt-season conditions reveal negative correlations 

between winter drainage frequency and both melt-season intensity and melt-season drainage frequency. 

Ice velocity analyses over the ten-year period show no sustained seasonal or annual velocity increases 

clearly associated with winter drainages, although isolated increases on shorter (6–12-day) timescales 

were observed.  

2.2. Introduction 

In recent decades contributions from the GrIS to global-mean sea level rise have accelerated through SMB 

and glacier dynamics losses (Mouginot et al., 2019; Shepherd et al., 2020; Box et al., 2022). Supraglacial 

lakes hereafter lakes, anticipated to expand further inland under climate change (Leeson et al., 2015; 

Ignéczi et al., 2016, Fan et al., 2025), contribute to SMB losses by modifying the ice sheet surface albedo 

(Tedesco et al., 2012). In the GrIS ablation zone, lakes form during the melt season and drain either slowly 

by overtopping their banks and incising an outlet channel, or rapidly (within 24 hours) via hydrofracture 
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(Sundal et al., 2009; Selmes et al., 2011; Tedesco et al., 2013). Drainage events that are caused by 

hydrofracture drive melt water through cracks formed by stresses at the surface of the ice sheet to the 

subglacial system, where it can enhance basal lubrication and increase ice velocities in the summer and, 

particularly in inland regions away from the glacier margins, over annual timescales (Das et al., 2008; 

Doyle et al., 2014; Stevens et al., 2015; Christoffersen et al., 2018; Hoffman et al., 2018). At the end of 

the melt season, lakes that remain can either freeze completely (Selmes et al, 2011; Koenig et al., 2015; 

Miles et al., 2017) or, as recent research has shown, drain during the winter and trigger ice dynamical 

responses similar to those observed during the melt season (Schröder et al., 2020; Benedek & Willis, 2021; 

Maier et al., 2023).  

The remoteness and spatiotemporal variability of lakes has made earth observation satellites a crucial 

source for tracking changes and conducting process studies. Early studies employed optical remote-

sensing satellites for phenological analyses (Sneed & Hamilton, 2007; Sundal et al., 2009; Selmes et al., 

2011; Johansson et al., 2013; Morriss et al., 2013). This class of sensors remains popular due to the 

extensive historical archives available. For example, the LANDSAT program dates back to 1972, and the 

two Moderate Resolution Imaging Spectroradiometer (MODIS) sensors, aboard Terra and Aqua 

spacecraft, have been providing observations since 2000 and 2002, respectively, allowing for multi-year 

and decadal studies (Liang et al., 2012; Williamson et al, 2017; Gledhill & Williamson, 2018; Poinar & 

Andrews, 2021; Otto et al., 2022). More recent optical sensors, notably the Sentinel-2A & 2B 

constellation, have both a high-temporal resolution (daily) and a high spatial resolution (10 m), a 

combination that was not possible with previous sensors (Dirscherl et al., 2020; Hochreuther et al., 2021). 

Additionally, optical sensor data can be used to estimate lakes volume (Georgiou et al., 2009; Fitzpatrick 

et al., 2014; Legleiter et al., 2014; Pope et al., 2016; Williamson et al., 2017; Williamson et al., 2018). 

While satellite optical imagery has been instrumental in establishing our understanding of lakes during 

the melt season, the winter period remains understudied since the presence of snow and ice lids, and lack 

of solar illumination, render optical sensors ineffective. Furthermore, even during melting conditions, 

optical datasets are susceptible to temporal aliasing of drainage dates, introducing bias into the 

interpretation of drainage mechanisms (Cooley & Christoffersen et al., 2018; Stevens et al., 2024). 

Addressing these gaps is crucial for understanding the year-round impact of lakes on ice dynamics.  

SAR sensors emit electromagnetic (EM) radiation in the microwave region of the EM spectrum, allowing 

the illumination of targets without sunlight, as well as penetration through clouds and surface snow and 
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ice layers. Incident radar pulses interact with ice sheet surface and shallow subsurface ‘volume’ features, 

resulting in a backscattered signal that is influenced by geometry, roughness, dielectrics, and SAR system 

parameters including frequency, polarization, and incidence angle (Ulaby et al., 1984; Hallikainen et al., 

1986; König et al., 2001). Since the launch of the Copernicus Sentinel-1 mission, involving Sentinel-1A 

in 2014 and Sentinel-1B in 2016, the number of SAR-based studies of lakes has seen a marked increase, 

in part due to the open availability of Copernicus data. To date, the C-band frequency of Sentinel-1 and 

predecessor SAR missions including Envisat (European Space Agency) and RADARSAT-1/2 (Canadian 

Space Agency), among others, is the frequency used most often for winter lake studies. Early techniques 

involved manual delineation and interpretation of winter SAR scenes (Johansson & Brown, 2012; Poinar 

et al., 2015). Other approaches have used histogram thresholding to map lake extent, first by using a single 

threshold across one scene (Miles et al., 2017), later enhanced through an adaptive thresholding approach 

in a pan-Greenland study (Zheng et al., 2023). Other recent lake mapping approaches have included 

convolutional neural networks (CNNs) trained on dual-polarization Sentinel-1 HH and HV imagery, 

where H represents horizontal polarization and V represents vertical (and combinations refer to transmit-

receive polarizations), for regional and ice sheet-scale lake distribution studies in both winter and summer 

seasons (Dirscherl et al., 2021; Dunmire et al., 2021; Jiang et al., 2022).  

Other studies have used time series of Sentinel-1 HH and HV backscatter to analyze lake behaviour 

(Dunmire et al., 2020; Schröder et al., 2020; Benedek & Willis, 2021; Hossain et al., 2024). Approaches 

for detecting drainage differ from those mapping distribution in that they rely on anomalies in backscatter 

values between subsequent images. Schröder et al. (2020) mapped lake extent using a Bayesian 

classification scheme applied to time-series of Sentinel-1 HH and HH-HV band images and also detected 

winter drainage events by tracking backscatter anomalies. Dunmire et al. (2020) paired in-situ ground 

penetrating radar observations with Sentinel-1 HH backscatter to identify the winter drainage of a buried 

lake on the Antarctic ice sheet. Over southwest GrIS, Benedek & Willis (2021) conducted a multi-year 

study of winter drainage events by identifying anomalous increases in Sentinel-1 HV backscatter using a 

statistical thresholding method. More recently, Hossain et al. (2024) developed a Gaussian Mixture 

Model-based time series classification to characterize different lake evolution behaviors, including 

drainage. These approaches classifies lakes based on behavior types rather than explicitly identifying the 

timing of drainage events. With the exception of Hossain et al. (2024), who included data from multiple 

orbits and applied a temporal smoothing filter to reduce variability, all of these studies controlled for the 

influence of SAR incidence angle on backscatter intensity by selecting imagery from a single orbit, thus 
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sacrificing temporal resolution. For Sentinel-1 the repeat time is 6-days with a two-satellite constellation 

(Sentinel-1A and Sentinel-1B), and 12-days with a single satellite. While drainage events well detected 

with temporal resolutions of 6 to 12 days with Sentinel-1 (Schröder et al., 2020; Benedek & Willis, 2021), 

accurately resolving the timing of individual drainage events and determining the sequence of cascading 

events requires higher temporal resolution. Cascading events are chain reactions of lake drainages that 

often unfold over just a few days, in which the rapid injection of meltwater from one lake into subglacial 

pathways generates transient stresses capable of forming a crevasse (Christoffersen et al., 2018). Such 

events have been documented in multiple regions of the GrIS and are likely a common mechanism of lake 

drainage (Liang et al., 2012; Fitzpatrick et al., 2014; Otto et al., 2022; Maier et al., 2023). High temporal 

resolution is also necessary for detecting rapid drainage events and distinguishing these from slow 

drainage.  

In this study, we investigate winter drainage events in Northeast Greenland at sub-daily temporal 

resolution by combining Sentinel 1 images with data from the RADARSAT Constellation Mission 

(RCM), a three-satellite C-band  SAR system launched in 2019. We enhance temporal resolution by 

applying a novel incidence angle normalization technique that enables the integration of SAR images from 

multiple overlapping orbits. This method minimizes backscatter variability associated with incidence 

angle differences - both between orbits and within individual images - allowing for consistent analysis 

across a wider range of acquisitions.  

Using this approach, we identify winter lake drainage events spanning the 2014/2015 to 2023/2024 winter 

seasons, detecting 90 events in total. These include individual lakes that drained as many as six times over 

the ten-year period, as well as cascading drainage sequences involving up to seven interconnected lakes. 

We examine interannual variability in the frequency of winter drainage events and assess whether 

preceding summer melt conditions - such as melt intensity and the number of rapid summer drainages - 

influence the likelihood of winter drainage. For  cascading events, we analyze their sequence, 

spatiotemporal dynamics, prevalence, and evaluate their proximity to modeled subglacial drainage 

pathways. Finally, we investigate whether winter drainage events influence ice flow dynamics, assessing 

both short-term (< 6 to 12 days) velocity changes and longer-term impacts on seasonal and annual ice 

motion. 
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2.3. Study area 

The study region in Northeast (NE) Greenland includes elevations below 1500 m on the marine-

terminating outlet glaciers Nioghalvfjerdsbræ (79NG) and Zachariæ Isstrøm (ZI) according to their basins 

defined by Mouginot & Rignot, 2019 (Figure 2.1). The total basin areas of 79NG and ZI are 112,677 km² 

and 92,576 km², of which 16,306 km² and 8,704 km², respectively, lie below 1500 m elevation (Mouginot 

and Rignot, 2019). Near terminus elevations of 79NG and ZI are each approximately 100 m. This area 

contains one of the most inland-reaching ice streams of the GrIS, transporting ice from the interior to 

79NG and ZI at near-terminus velocities of ~1350 m/yr and 1800 m/yr, respectively (Joughin et al., 2016; 

Hvidberg et al., 2020; Fig. 2.1). During the melt season, from early June to late August, expansive 

networks of supraglacial rivers and lakes form at elevations between ~400 and 1500 m (Sundal et al., 

2009; Lu et al., 2021; Hochreuther et al., 2021; Turton et al., 2021; Kanzow et al., 2025). NE Greenland 

currently holds approximately 18% of the total GrIS lake volume, with projections indicating this may 

increase to 30-35% by the end of the century (Ignéczi et al., 2016). Studies using data acquired by the 

Center for Remote Sensing of Ice Sheets (CReSIS) ultra-wideband Snow Radar flown during the 

Operation Ice Bridge campaign detected numerous lakes throughout 79NG and ZI persisting into late 

winter, some remaining buried for several years (Koenig et al., 2015; Lampkin et al., 2020). Schröder et 

al. (2020) used Sentinel-1 to document widespread occurrences of lakes into winter months and several 

suspected drainage events in the region. Drainage events have also been documented in the region during 

the melt season (Neckel et al., 2020; Hochreuther et al., 2021; Humbert et al., 2025; Lutz et al., 2025). 

The region has widespread ice slabs, and no documented firn aquifers (Miège et al., 2016; Miller et al., 

2022; Culberg et al., 2024).  

2.4. Data and methods 

2.4.1. Optical imagery 

Lake locations were determined from Landsat 8 and 9 Operational Land Imager (OLI) sensor imagery 

acquired between late July and end of August in each year spanning 2014 to 2023. Tier 1 Level 1 Precision 

Terrain (L1TP) processed images were acquired and filtered to include only those with less than 50% 

cloud cover. Final selections were made manually after visual inspection for those with minimal cloud 

presence. Lake masks were created using a version of the Normalized Difference Water Index modified 

for the ice sheet environment (NDWIice; Yang & Smith., 2013): 
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𝑁𝐷𝑊𝐼௜௖௘   =  
஻௅௎ா ି ோா஽

஻௅௎ா ା ோா஽
                                                                                                (1) 

where BLUE and RED correspond to OLI bands 2 and 4. NDWIice threshold values between 0.25 and 0.4 

are considered sufficient to detect deep bodies of water and minimize slush detection (Yang & Smith., 

2013; Miles et al., 2017; Williamson et al., 2018). We chose a threshold of 0.4 empirically, finding it 

excluded most of slush while including deep bodies of water during manual inspection of RGB (true-

colour) images. Landsat RGB image composites were inspected manually to mask out false positive lake 

locations due to cloud-covered areas and shadowed ice-margin areas. Rectilinear and curvilinear features 

were identified and removed to avoid the inclusion of supraglacial rivers (Lampkin & VanderBerg, 2011; 

Gledhill & Williamson, 2018). The ArcticDEM (Porter et al., 2023) was then used to mask out elevations 

above 1500 m, and the MEaSUREs Greenland Ice Mapping Project (GIMP) grounded ice mask was used 

to mask out land areas (Howat et al., 2014; Howat, 2017). Figure 2.2 shows a workflow diagram of all 

steps including data processing and subsequent analysis.     
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Figure 2.1. (a) Study area location in NE Greenland. (b) MEaSUREs multi-year ice sheet velocity mosaic (1995 - 2015) with 
the sampling points used to sample the monthly velocity data from 2015 to 2024, which are shown in Figure 2.12 (Joughin et 
al., 2016). (c) Sentinel-1 extra wide mode HV image on October 10th, 2016. (d) Landsat RGB mosaic from September 25th, 
2016. Blue polygons are the 10-year melt season lake mask. Red polygons are the outlines of Nioghalvfjerdsbræ (79NG) and 
Zachariæ Isstrøm (ZI) glaciers (Mouginot & Rignot, 2019). 
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Figure 2.2. Workflow diagram of winter lake drainage event detection and subsequent analyses. 

 
2.4.2. Synthetic aperture radar imagery 

We used C-band SAR images from both Sentinel-1 and RCM, both operating in near-polar, sun-

synchronous orbits and having the same center frequency of 5.405 GHz (Table 2.1). Sentinel-1A was 

launched in 2014, followed by Sentinel-1B in 2016; when operating together they were spaced 180° apart 

on the same orbit, providing a 6-day revisit time. Prior to the launch of Sentinel-1B, and after its failure 

in December 2021, Sentinel-1A had a 12-day revisit time. RCM, composed of three identical satellites 

spaced 120° apart on the same orbit, was launched in 2019, primarily as a successor to the RADARSAT-

2 mission and to support the core needs of the Canadian Government (Kroupnik et al., 2021). Following 

the failure of Sentinel-1B, the RCM acquisition plan was altered to compensate for the data loss, 

significantly increasing the RCM acquisition frequency over the GrIS. For this study, Sentinel-1 images 

are used between 2014 and 2021, after which RCM imagery is used. An overview of the sensors can be 

seen in Table 2.1.  

To characterize winter lake drainage activity, we analysed imagery spanning each September to May from 

2014/15 through 2023/24. This time frame captures the onset of freeze up - when lakes may be obscured 

by ice lids and fresh snow - and extends until the onset of surface melt water production. While this period 
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is slightly longer than that used in a comparable study in southwest Greenland (Benedek & Willis, 2021), 

it is appropriate given the shorter melt season in Northeast Greenland and prior evidence from optical 

imagery indicating typical lake burial timing (Sundal et al., 2009; Turton et al., 2021; Lutz et al., 2023). 

All available Sentinel-1 Ground Range Detected (GRD) images collected in Interferometric Wide swath 

(IW) and Extra Wide swath (EW) modes were acquired from the Alaska Satellite Facility (Table 2.1). All 

RCM GRD images collected in ScanSAR medium, high, and low noise modes were obtained from the 

Earth Observation Data Management System (EODMS) operated by Natural Resources Canada (Table 

2.1). To reduce redundancy from repeated ascending or descending passes on the same day, we excluded 

images acquired less than two hours apart. After this filtering, the mean duration between lake 

observations across all winter seasons ranged from 2.7 days in 2014/2015 to 0.7 days in 2017/2018. 

We pre-processed all images using the following workflow implemented in the ESA Sentinel Application 

Platform (SNAP): the HV image band (see Section 3.3 for rationale) was calibrated to the normalized 

radar cross-section sigma naught (𝜎°HV), then terrain corrected using the ArcticDEM Version 4.1 (Porter 

et al., 2023) and projected to NSIDC Sea Ice Polar Stereographic North (EPSG:3413) with a 40 m pixel 

spacing using the nearest neighbor method for resampling. The pre-processed data is referred to 𝜎∘
HV 

hereafter. 

Table 2.1. Overview of C-band SAR sensors and modes used. 

Sensor & mode Sentinel-1 IW Sentinel-1 EW RCM ScanSAR50 RCM ScanSAR100 RCM SCLN 

Frequency (GHz) 5.405 GHz 5.405 GHz 5.405 GHz 5.405 GHz 5.405 GHz 

Polarization HH + HV HH + HV HH + HV HH + HV HH + HV 

Resolution (r & a) 20.0 m x 5.0 m 40.0 m x 20.0 m 20.0 m x 20.0 m 40.0 m x 40.0 m 40.0 m x 40.0 m 

GRD pixel spacing 10.0 m 40.0 m 20.0 m 40.0 m 40.0 m 

Swath width 250 km 400 km 350 km 500 km 350 km 

Operational years April 2014 - present April 2014 - present June 2019 - present June 2019 - present June 2019 - present 

2.4.3. Detecting drainage events 

C-band SAR, with a penetration depth of approximately 1 to 3 meters in glacial media (Rignot et al., 

2001), can be used to detect subsurface meltwater in buried lakes. Lake drainage events were detected 

using the HV polarization channel due to its greater sensitivity to volume scattering and deeper penetration 

compared to the HH channel (Fischer et al., 2020), making it a preferred choice in lake studies (Miles et 
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al., 2017; Benedek & Willis, 2021; Zheng et al., 2023; Hossain et al., 2024). Following a drainage event, 

the lakebed composed of firn and glacial ice is revealed, both of which have a lower dielectric constant 

compared to lake water. Furthermore, the lakebed has a higher surface roughness compared to water or 

the surrounding firn or ice, due to the collapsed lid (Russel, 1993). These changes lead to a significant 

increase in backscatter. This contrasts with the low backscatter from winter lakes buried beneath snow 

and ice lids, which is due to the high dielectric constant of water combined with low surface roughness, 

resulting in dominant specular scattering (Hallikainen et al., 1986).  

2.4.3.1. Melt season supraglacial lake mask 

To detect winter drainage events, we identified lakes from optical imagery using NDWIice in each melt 

season from 2014 to 2023 (Section 2.4.1) and then merged all summer boundaries into a single 10-year 

mosaic (Figure 2.3c and 2d). For each individual lake in this mosaic, we tracked mean 𝜎∘
HV values over 

time. By using a 10-year mosaic rather than separate yearly maps, we account for lakes that remain 

partially or entirely buried for multiple years (Koenig et al., 2015; Lampkin et al., 2020), minimizing the 

risk of missing winter drainage events (Benedek & Willis, 2021). Examples of individual lake extents can 

be seen in Figure 2.3.  Lakes smaller than 0.1 km2 were excluded due to low signal-to-noise ratios. We 

suspect that winter drainage of these smaller lakes is unlikely, and that they are more prone to freeze-

through because of their smaller volumes and shallower depths (Lampkin et al., 2020; Law et al., 2020). 

2.4.3.2. Incidence angle correction 

The Sentinel-1 and RCM image dataset includes acquisitions obtained along various orbits, which 

introduces incidence-angle-induced variations in 𝜎∘
HV for the same target. In both sea ice and ice sheet 

studies, this effect has been described for various frequencies, transmit-receive polarizations, and second-

order texture parameters using linear models that normalize a SAR image swath to a common incidence 

angle (Mahmud et al., 2018; Scharien & Nasonova, 2022; Culberg et al., 2024). We used the least-squares 

linear regression data fitting approach to determine the slopes of 𝜎∘
HV versus incidence angle at monthly 

intervals, within the boundaries of 10 non-draining and 10 empty reference lakes from each winter season 

for a total of 200 across the 10-years. The reference lakes ranged in size from 95 to 14,678 pixels, with an 

average of 1,290 pixels. These lakes were identified using a combination of manual interpretation of 

winter-period SAR images; melt season optical images showing evidence of lake lid collapse (Schröder 

et al., 2020; Benedek & Willis, 2021; Maier et al., 2023); and uncorrected winter backscatter time series. 
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To correct incidence-angle-induced variations in 𝜎∘
HV that arise from seasonal geophysical changes 

through winter and differences between pre- and post-drainage conditions, we applied a multi-slope 

normalization method. This method identifies the optimal slope value by constraining it within the full 

range of values. The optimal slope is determined by calculating the variance across all potential slopes 

ranging from 0 to -0.20 dB/1°, in increments of -0.005, using a 7-observation moving window. The slope 

resulting in the lowest variance is then applied to normalize the mean backscatter to 35° for the observation 

at the center of the window (Equation 2). 

  𝜎HV35
∘

= 𝜎HV
∘

+ Slopeopt ⋅ (𝜃ref − 𝜃meas)                                                                                                   (2)                    

Where 𝜎∘
HV35  is the incidence angle corrected backscatter value, 𝜎∘

HV is the uncorrected backscatter, 

Slopeopt is the optimal slope 𝜎∘
HV35 determined using the seven-observation variance window, θref is the 

reference incidence angle of 35°, and θmeas is the incidence angle at which the observation was made. 

Examples of 𝜎∘
HV and 𝜎∘

HVଷହ time series are shown in Figure 2.3. 
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Figure 2.3. Examples of winter lake behaviour and their Sentinel-1 HV backscatter signal: (a) a subaerial supraglacial lake, 
which drains; (b) a lake partially covered by a perennial ice lid, which drains; (c) a lake with little to no surface expression, 
which drains; (d) a subaerial supraglacial lake that freezes through; and (e) a lake basin that remains empty of meltwater during 
the melt season and subsequent winter. Column (i) shows Landsat RGB images. C-band SAR images are shown in columns 
(ii) and (iii). The 10-year Landsat-derived melt season lake mosaic masks (red polygon) and annual masks (yellow dotted 
polygon) are overlaid on the satellite images. Column (iv) shows the mean uncorrected and corrected σo

HV backscatter time series 
from the start (September 1) to the end (May 31) of winter. 
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2.4.3.3. Dynamic threshold and drainage event detection 

After applying the incidence angle correction, noise remains in the 𝜎∘
HV35 time series. This noise arises 

from factors such as varying SAR modes (e.g., Sentinel-1 IW vs. EW), differences across and between 

ScanSAR sub-swaths, and positional errors. We quantify this remaining noise with the same reference 

lakes described in Section 3.3.2 (10 non-draining lakes and 10 seasonally empty basins for each winter). 

For every month in each winter season, we compute all one-, two-, and three-observation cumulative 

increases in  𝜎∘
HV35 inside the 20 lakes. These multi-step differences capture instances in our data set, 

where up to three observations can be made over a lake within approximately 36 hours. The distribution 

of these  𝜎∘
HV35 increases provides an estimate of the remaining noise. 

From that distribution we derive a dynamic threshold, four times the monthly median absolute deviation. 

We then apply this threshold to all lakes in the 10-year mask. An increase in  𝜎∘
HV35 that exceeds this 

threshold is flagged as a potential drainage. An additional filter is applied where maximum pre-event 

𝜎∘
HV35 must be lower than the minimum post-event 𝜎∘

HV35 with a 14-day window before and after. If 

multiple one-, two-, and three-step increases in 𝜎∘
HV35 satisfy those criteria a drainage window start is set 

to the first image largest cumulative increase, and the window end is the subsequent inflection point of 

𝜎∘
HV35.   

Each candidate time series is subsequently inspected to remove false positives, most of which are 

associated with 𝜎∘
HV35 increases during the freeze-up period from September to early October. For the 

purposes of analyzing annual and seasonal trends, we define a single representative drainage date as the 

midpoint of the automatically identified drainage window. For suspected cascading events where 

neighboring lakes drain close in time and proximity, we manually inspected the 𝜎∘
HV35 time series to 

identify the most likely drainage date within the automatically detected drainage window. Specifically, 

we selected the first observation at which 𝜎∘
HV35 exceeds the dynamic threshold, and this observation 

along with the preceding one, defines the window of most likely drainage. 

2.4.4. Lake depth and volume estimates  

We use ArcticDEM strips (Porter et al., 2022) to estimate depth and volume of winter drained lakes. 

ArcticDEM strips are generated using high resolution optical image pairs processed by the Surface 
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Extraction with Triangulated Irregular Network-based Search-space Minimization (SETSM), with vertical 

error of 2.0 m and ~0.2 m after co-registration (Noh & Howat, 2015).  

Estimation of winter lake volume is not possible in the absence of optical sensor data due to the presence 

of snow and ice lids. When ArcticDEM strips are available before and after a drainage within a winter 

season, they are co-registered and differenced with a vertical error of 0.28 m. Temporal coverage of 

ArcticDEM strips is sparse and instances of pre- and post-drainage DEMs within the same winter season 

are rare, as most strips date to late winter and early spring, after most lake drainages occur. For lakes 

where only post-drainage DEMs were available, we digitized the lake shoreline using the latest available 

Landsat images prior to polar night where it is visible. We then took the mean elevation of the shoreline 

using the earliest post-drainage DEM to represent the elevation of the lake lid and differenced it with the 

post-drainage DEM and assume a vertical error of 0.2 m. Similar approaches have been used previously 

for estimating lake volume from high resolution DEMs (Pope et al., 2016; Yang et al., 2019; Maier et al., 

2023). In instances where no post-drainage DEM for a particular winter exists, the next available DEM 

from a subsequent winter was used. After differencing ArcticDEM strips within the 10-year lake mask, 

we only include pixels with negative elevation changes, as these indicate surface subsidence that would 

be associated with lake drainage. 

Airborne radar observations across the GrIS suggest average ice lid thicknesses of 1.4 m and snow depths 

of 0.65 m (Koenig et al., 2015), while modeling has estimated ice lid and snow thicknesses of 0.8 m to 

2.5 m under normal winter conditions (Law et al., 2020). Prior to calculating individual lake volume and 

mean lake depth, we subtract an assumed 1.4 m ice layer thickness from the depth of each ArcticDEM 

cell. For three lake drainages in the winter of 2023/2024, we were unable to find post-drainage DEMs for 

this year or any other year. 

2.4.5. Modeling subglacial water pathways 

To put the winter lake drainage observations into the context of subglacial melt water pathways, we 

calculate subglacial hydraulic potential gradients and their associated flow routing (Shreve, 1972; 

Livingstone et al., 2013). Assuming the subglacial water pressure equals the ice-overburden pressure (N 

= 0), hydraulic potential (Φ) is given by: 

Φ = ρwgzb + ρigz                                         (3)                       
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where ρw is water density, ρi is ice density, g is the acceleration of gravity, zb is the bed elevation from 

BedMachine Version 5 (Morlighem, 2022), and z is the ice thickness. Because we are interested in 

subglacial water pathways rather than subglacial lakes, all sinks are filled in the hydraulic potential map 

(Livingstone et al., 2013; Smith et al., 2017). Then, using the D8 direction method (O’Callaghan & Mark, 

1984), we model the direction of flow along the subglacial hydraulic potential gradients to produce an 

upstream water accumulation map.  

2.4.6. Auxiliary data 

To provide context about the intensity and extent of melt during each melt season, we used daily ASCAT 

C-band normalized radar cross-section sigma naught (σo) to define the presence or absence of surface melt 

for each grid cell across 79NG and ZI. We used a threshold of −3.0 dB below / above the previous winter’s 

mean backscatter to define the presence / absence of melt (Ashcraft & Long, 2006). This was done for the 

2014 to 2022 melt seasons, as at the time of analysis data for 2023 were unavailable. This threshold was 

developed for C-band radar with a center frequency of 5.3 GHz and it identifies wet snow conditions based 

on the difference in observed backscatter relative to dry snow conditions (Ashcraft & Long, 2006). For 

the calculations, winters are  defined as 1 January to 31 March, with the melt seasons extending from 1 

June to 31 August. We used the daily binary melt / no melt data to calculate the melt intensities (number 

of melt days) for each grid cell across the 79NG and ZI basins for each summer. We also used the daily 

binary melt / no melt data to calculate time series of melt extents (total area experiencing melt) across the 

entire region each summer. To enable comparison of melt intensity and extent between the years, we also 

calculated an annual melt index, defined as the sum of  daily melt extents over the summer. 

To investigate possible dynamic effects of the winter lake drainages, monthly ice velocities were analyzed 

from June 2015 to May 2024 along transects extending from near the termini to upstream of both 79NG 

and ZI (Figure 2.1b). The ice velocity products used were SAR- and Landsat-derived monthly MEaSUREs 

Version 5 (Joughin, 2023). To investigate possible short-term effects of winter lake drainages on ice 

dynamics, we analyzed  6- and 12-day SAR-derived MEaSUREs Version 2 data along transects around 

lakes involved in cascading events, focusing on periods before, during and after each event (Joughin 

2022). 
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2.5. Results 

2.5.1. Winter lake drainage at Nioghalvfjerdsbræ and Zachariæ Isstrøm 

Between the 2014/2015 and 2023/2024 winter seasons, there were 90 surface lake drainage events 

occurring at 55 individual lakes across both 79NG (48 events) and ZI (42 events) (Figure 2.4). The 

minimum, mean and maximum elevation of the draining lakes were 88 m, 485 m and 1046 m respectively. 

There was only one drainage event above 1000 m, despite 140 of the 404 lakes identified in the 10-year 

optical melt-season lake mask occurring above this elevation, and despite previous documentation of lakes 

at elevations of up to 1500 m in the region (Schröder et al., 2020; Hochreuther et al., 2021; Lu et al., 2021) 

(Figure 2.4). 

Of the 55 individual lakes, 34 drained once over the ten winters, 12 drained twice, six drained three times, 

two drained four times, and one lake drained six times. The maximum number of drainage events during 

a single winter was 18 during 2018/2019 and the minimum was four during both 2020/2021 and 2021/2022 

(Figure 2.5a). In the winters leading to the 2018/2019 season there is an increasing number of drainages 

(Figure 2.5a). Following the winter of 2018/2019, there are markedly fewer drainages including the 

minimum count of four in 2020/2021 and 2021/2022 seasons. The most common month for drainages was 

September, in which approximately one third of the total (31/90) occurred (Figure 2.5b). The months with 

the second and third most drainages were October and November, respectively. While there is a trend of 

decreasing drainage frequency between September and February, there is a notable increase in March and 

April when nine and eight drainages occur, respectively. Seven of the eight drainages that occurred in 

April were associated with a single cascading event during the 2018/2019 season (see Section 4.3). In 

general, therefore,  fewer drainages occurred as the winters progressed, with drainages picking up again 

in late winter. 

The three winter seasons with the greatest number of drainages, 2016/2017 - 2018/2019, exhibit different 

lake drainage timings. In 2016/2017 all drainages occurred before the midpoint of winter in mid-January 

(Figure 2.5c). There is a cluster of drainages in September followed by longer periods between drainage 

events. Drainages were dispersed more evenly throughout the 2017/2018 winter. In 2018/2019, drainages  

occurred in both early and late winter but were more clustered relative to 2017/2018. In the following 

three winters, there were very few drainages, all occurring before mid-December in the 2020/2021 and 

2021/2022 seasons (Figure 2.5c). 
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Figure 2.4. Lake locations from the 10-year melt season lake mask and locations and frequencies of drainage events during the 
10 winter seasons between 2014/2015 and 2023/2024. A black “✚” marks the single lake near the Zachariæ Isstrøm terminus 
that produced two unusually large drainage volumes (0.052 km³ and 0.038 km³). Dashed rectangles show study areas expanded 
in Figure 2.10 to Figure 2.11. Gray shading indicates land areas, and blue represents an ocean mask, both derived from the 
GIMP lake, ice, and ocean classification dataset (Howat, 2017). 
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Although most draining lakes drain just once over a winter, there are three instances of lakes draining 

twice over a winter, one each in 2014/2015, 2017/2018, and 2019/2020. All three lakes were at low 

elevations (< 150 m), two near the termini of 79NG and one near the termini of ZI. In each case, the 

second drainage occurred no sooner than three months after the first, with the first happening before 

December, and the second happening after the start of February. 

Using timestamped ArcticDEM strips, we estimated the volumes and mean depths of 87 of the 90 winter 

lake drainages (Figure 2.6). The remaining three lakes drained during the 2023/2024 season, for which 

data were unavailable at the time of analysis. The mean depth of the 87 drained lakes is 4.10 m. 85 of the 

87 lakes had volumes < ~0.02 km3. There are two outlier drainage volumes of 0.052 ± 0.0096 km3 and 

0.038 ± 0.0008 km3, attributed to two separate drainages of  a single lake at an elevation of 259 m near 

the terminus of ZI (marked in Figure 2.4). The mean volume of drained lakes excluding the two outliers 

is 0.0039 ± 2.8e-5 km3. 

2.5.2. ASCAT melt season variability 

The nine melt seasons preceding the 2014/2015 to 2022/2023 winters exhibited varying melt intensities 

(Appendix A Figure. A.1), melt extents (Figure 2.7a, Appendix A Figure. A.2), and melt indices (Figure 

2.7b). From the 2015 to the 2018 melt season, there is a decrease in the melt index from 1.88 × 106 km2-

days to 4.61 × 105 km2-days (Figure 2.7b). This is due to a decrease in the average melt intensity and melt 

extent during these years (Appendix A Figure A.1 and A.2). Following 2018, the melt index of the 2019 

and 2020 melt seasons increased to 1.33 × 106 km2-days and 1.41 × 106 km2-days respectively. Thus, the 

winter seasons of 2017/2018 and 2018/2019, which were among the seasons with the greatest number of 

lake drainages, 13 and 18 respectively (Figure 2.5a), were preceded by melt seasons with the two lowest 

melt indices (Figure 2.7b). Conversely, the winter seasons of 2019/2020 and 2020/2021, when just six and 

four drainages occurred (Figure 2.5a), were preceded by summers with high melt intensities and extents 

(Figure 2.7a). A comparison of the 2017 to 2020 summer melt extent time series shows that melt extent 

was typically less in 2017 and 2018 than in 2019 and 2020 (Figure 2.7a). The time series for 2019 and 

2020 show greater maximum melt extents and more sustained periods of melt extents > 20,000 km2, 

compared to the 2017 and 2018 series (Figure 2.7a). 
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Figure 2.5. (a) The total number of drainage events to occur over the 10 winter seasons shown for each month September to 
May. (b) The total number of lake drainages shown for each winter season 2014/15 to 2023/24. (c) The timing, mean elevation 
and volume of each drainage event for each winter season. In the histograms (a) and (b), drainages of Nioghalvfjerdsbræ 
(79NG) and Zachariæ Isstrøm (ZI) are symbolized in dark grey and light grey respectively. 
 
 

 
Figure 2.6. Histograms of (a) lake volumes and (b) mean lake depths for 87 winter-draining lakes derived from ArcticDEM 
timestamped strips. 
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Figure 2.7. (a) Melt index for summers 2014 to 2022, where ASCAT-derived melt area of each day during the melt season is 
summed. (b) Time series of ASCAT-derived melt extent from 1 June to 31 August for the 2017 to 2019 melt seasons. 

2.5.3. Comparison of winter and summer lake drainage occurrence 

To enable a comparison between winter and summer rapid lake drainages, we subset our data to include 

just the seven 2016/2017 to 2022/2023 winter seasons and their preceding 2016 to 2022 melt seasons 

(June to August), for which rapid drainage events over NE Greenland are available from Lutz et al., (2024) 

(Figure 2.8, Appendix A Figure A.3). Over this period, there were 306 summer and 68 winter drainage 

events (summer-to-winter drainage ratio of 4.5:1), involving 129 and 42 unique lakes respectively 

(summer-to-winter lake ratio of just over 3:1). The mean elevation of summer draining lakes was 458 m, 

lower than the 515 m mean elevation of winter draining lakes (Figure 2.8). 

The ratio of summer to winter drainages ranged from nearly ~1.3:1 in 2018/2019 to ~11.5:1 in 2019/2020. 

The 2018 melt season was notably cool, with a low melt index (Figure 2.7b), and the fewest drainages 

(25) of any melt season. In contrast, the subsequent 2018/2019 winter had the greatest number of drainages 

(18) of any winter over the seven years. The 2019 melt season was uncharacteristically warm, with a 

relatively high melt index (Figure 2.7b) and high melt intensities extending to higher elevations (~1500 

m) than in other years (Appendix A Figure A.2). It had the greatest number of drainages (71), while the 

subsequent 2019/2020 winter had just six. Between the 2016 and 2018 melt seasons, the number of 

summer drainages decreased, while the number of subsequent winter drainages remained relatively 

constant (Figure 2.8a). After 2018, summers had comparatively more drainages while winters had fewer. 
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While for most lakes, rapid drainages recurred across multiple melt seasons (Lutz et al., 2025) and for 

some lakes, drainages were frequently observed across several winters in our study, drainage of a lake in 

both a melt season and its subsequent winter was very rare. There were two such instances: one in 

2016/2017, and another in 2018/2019. Similarly, most lakes that drained during winter did not drain again 

the following summer. There were 13 such instances of lake drainage in winter and the subsequent melt 

season. Once in 2016/2017, 2018/2019, and 2020/2021. Twice in 2019/2020 and 2021/2022; and six times 

in 2018/2019. 

Several lakes drained during multiple summer and winter seasons and displayed several types of 

behaviour. The most common type, affecting 39 lakes, was lakes that drained during one melt season but 

did not drain in any winter (Figure 2.8b). Another 21 lakes drained in one winter and between zero and 

three times separate melt seasons across the seven year period. Only six lakes drained in multiple melt 

and winter seasons (two or three seasons each). Two lakes drained a total of six times across four winters 

and two summers (Figure 2.8b). 

To assess potential associations between winter drainage frequency, summer drainage frequency, and melt 

intensity / area (represented by the ASCAT melt index), we conducted least-squares regression analysis 

(Figure 2.9). The analysis covers seven pairs of summer and winter seasons (df = 6), where each winter is 

paired with the preceding summer. We report the correlation coefficient (r), coefficient of determination 

(R²), and slope (s). Due to our small sample size, we set a significance threshold of p ≤ 0.1. Results are 

summarized in Table 2. The number of winter drainages in the 25th, 50th, and 75th elevation quartiles 

was negatively correlated with the number of preceding summer drainages (Figure 2.9a), although the 

25th quartile correlation was non-significant (p = 0.27). Conversely, high-elevation lakes in the fourth 

quartile exhibited a significant positive correlation (p = 0.085). 

The summer to winter ratio showed a significant negative correlation with the melt index (r = -0.83, p = 

0.02) (Figure 2.9b). This indicates that the frequency of winter drainages compared to previous summer 

drainages decreases as melt-season intensity and / or area go up. Both the number of summer drainages 

and the total number of drainages annually were positively correlated with the melt index, and both 

correlations were statistically significant (p = 0.001 and p = 0.02, respectively) (Figure 2.9c). Conversely, 

the number of winter drainages was negatively correlated with the melt index; this relationship was not 

statistically significant although it approached the threshold (p = 0.11) (Figure 2.9 c). 
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Figure 2.8. (a) Number of rapid lake drainages during the melt season (red bars) and winter (blue bars) by year. The melt 
season is defined as June to August, while winter is September to May of the following year. Melt season lake drainages are 
from Lutz et al. (2024). For each year, individual lake elevations are shown as hollow circles, with mean elevations for each 
season shown as triangles. (b) Relationship between the number of winter and melt season drainages for individual lakes. The 
green circle size is scaled to the number of lakes with a given combination of melt season and winter drainages, with the count 
also labelled within each circle. 

 
 
 
 
 
 

 
Figure 2.9. Linear regression plots showing relationships between various drainage parameters and the summer melt index for 
the years 2016/2017 to 2022/2023. Solid lines indicate statistically significant correlations (p ≤ 0.1), dashed lines indicate non-
significant correlations. (a) Number of winter drainages (September–May) versus number of drainages in the preceding melt 
season (June–August), with data separated by lake elevation quartiles. (b) Ratio of summer to winter drainages versus melt 
index. (c) Number of winter, melt-season, and total annual drainages (combined winter and preceding melt-season drainages) 
versus melt index. 
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Table 2.2. Linear regression results for winter and summer drainage frequencies and melt index shown graphically in Figure 
2.9. Regressions are based on seven paired seasons (df = 6), where each winter season (September–May) is paired with the 
preceding summer season (June–August). For each comparison we report the coefficient of determination (R²), Pearson’s 
correlation coefficient (r), slope (s), and p value. Rows 1–4 show winter versus summer drainages by elevation quartile (Q1–
Q4). Subsequent rows show the summer to winter drainage ratio versus melt index, summer drainages versus melt index, winter 
drainages versus melt index, and total annual drainages (winter plus preceding summer) versus melt index. 

Regression pair R2 r s p 

Winter vs. summer drainages Q1 (71–261 m) 0.20 -0.44 -0.21 0.27 

Winter vs. summer drainages Q2 (262–393 m) 0.43 -0.65 -0.33 0.08 

Winter vs. summer drainages Q3 (394–655 m) 0.40 -0.63 -0.30 0.09 

Winter vs. summer drainages Q4 (656–1046 
m) 

0.41 0.64 0.07 0.09 

Summer-to-winter ratio vs. melt index 0.70 0.84 1.18 × 10-5 0.02 

Summer drainages vs. melt index 0.90 0.95 4.67 × 10-5 0.001 

Winter drainages vs. melt index 0.42 -0.65 -1.03 × 10-5 0.11 

Total drainages vs. melt index 0.71 0.84 3.65 × 10-5 0.02 

 2.5.4. Cascading winter drainage events 

We analyzed the timing and proximity of neighboring lake drainages in relation to the maps of hydraulic 

potential and subglacial water pathways to identify lakes that may have been triggered by the drainage of 

neighboring lakes via either stress coupling through the ice or hydrologic coupling along the subglacial 

drainage pathway. We refer to these occurrences as cascading drainage events (Christoffersen et al., 2018). 

The analysis revealed that 46 of the 90 lake drainages over the ten winter seasons may have been part of 

cascading drainage events. Of these, 18 occurred in three separate events, involving between five and 

seven lakes, with the most distant lakes in each event separated by ~25-33 km. The remaining 28 occurred 

across 12 events, involving two to three lakes in close (<10 km) proximity. Therefore, cascade events 

involving large clusters are less common than those involving small clusters. Below we present the results 

from the three events involving between five and seven lakes and follow this with three examples of events 

involving two or three lakes. 

The first instance of cascading lake drainage involving between five and seven lakes occurred during the 

2016/2017 winter. Between 5 September 08:43 and 6 September 17:32, five lakes drained on ZI (Figure 

2.10ai). The highest lake elevation was ~795 m and the lowest was ~400 m. The distances between the 

respective lakes were 8 km from L1A to L1B, 4.8 km from L1B to L1C, 12 km from L1C to L1D, and 

10.5 km from L1D to L1E. Thus, the two most distant lakes, L1A and L1E, were ~33 km apart. All lakes 

are connected along a modeled subglacial melt water pathway (Figure 2.10ai). Other lakes at distances 
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comparable to those between the drained lakes, did not drain and were also not hydrologically connected 

through subglacial pathways.  

The two other cascading drainage events involving large clusters occurred during the 2018/2019 winter 

(Figure 2.10bi and ci). The first group of lakes drained on 79N. Within a ~36-hour period between 23 

September 08:58 and 24 September 17:47 lakes L2A and L2B drained at ~740 m and ~660 m elevation 

respectively (Figure 2.10bi). Lakes L2A and L2B were ~4.5 km apart. In the following ~15 hours, Lake 

L2C and L2D drained between 24 September 17:47 and 25 September 08:42. The drainages of L2C and 

L2D occurred ~14 km downstream of L2B at elevations of ~410 m and ~330 m respectively. The final 

two lakes, L2E and L2F, both at an elevation of ~130 m, drained ~6 km downstream from L2C and L2D 

between 25 September 08:42 and 27 September 08:26.  

The third large cluster cascading lake drainage event involved seven lakes and occurred in April of the 

2018/2019 winter season on ZI (Figure 2.10ci). Lakes L3A and L3B at ~400 m elevation and just 1 km 

apart drained between 17 April 18:29 and 19 April 08:26. Approximately 7 km downstream, and at an 

elevation of ~330 m, lakes L3C to L3F then drained within a 10-hour period between 19 April 08:26 and 

18:12. The final lake, L3G, drained between 19 April 18:12 and 20 April 08:18. Lake L3G was at an 

elevation of ~630 m and situated ~12 km upstream of lakes L3A and L3B, and ~19 km upstream of lakes 

L3C to L3F. 

Examples of cascading lake drainages involving small clusters of lakes (2 or 3 lakes) over relatively short 

distances are shown in Figure 2.11. The first event involved three lakes and occurred in September of the 

2017/2018 winter on 79NG (Figure 2.11ai). Within a ~48-hour period between 16 September 08:58 and 

18 September 08:42, lakes L4A and L4B drained at an elevation of ~350 m. Lakes L4A and L4B were ~1 

km apart (Figure 2.11ai). In the ~24-hour period beginning 19 September 08:35, L4C drained ~8 km 

downstream at an elevation of ~166 m. The second event involved two lakes and occurred in September 

of the 2021/2022 winter season on 79NG (Figure 2.11bi). Within a ~48-hour period between 24 September 

18:05 and 26 September 17:49 lakes L5A and L5B drained at ~751 m and ~569 m respectively. Lakes 

L5A and L5B were separated by ~10 km, the maximum distance observed for small cluster drainage 

events involving two or three lakes. The third event occurred in March 2023, involving three lakes at ~260 

m elevation on ZI (Figure 2.11ci). Lake L6A to L6C drained within a ~24-hour period between 15 March 

17:41 and 16 March 17:23. 
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Figure 2.10. Location maps (i) and velocities (ii) associated with the three ‘large cluster’ cascading drainage events involving 
five to seven lakes. (ai) depicts the cascade event of L1A to L1E between 5 September 08:43 and 6 September 17:32 2015, (bi) 
shows the cascade event of L2A to L2F between 23 September 08:58 and 27 September 2018, and (ci) shows the cascade event 
of L3A to L3G between 17 April 18:29 and 20 April 08:18 2019. The drainage sequence during the events are colored yellow, 
orange, and red. In the maps, lake polygons, representing drained lake locations, are overlaid on the subglacial hydraulic 
potential grid with modeled subglacial pathways represented as lines shaded grey to black showing low to high upstream area 
accumulation. Black transect lines going from higher to lower elevations closely follow lake locations. In the velocity plots, 
velocities are sampled from 6- and 12-day SAR MEaSUREs Version 2 data at 200 m intervals along the transects shown in the 
maps. Approximate lake locations are represented by blue triangles. Date ranges of the 6- and 12-day MEaSUREs image pair 
are included in the legends. 
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Figure 2.11. Location maps (i) and velocities (ii) associated with the three cascading drainage events involving between two 
and three lakes outlined in Section 4.4. (ai) depicts the cascade event of L4A to L4E between 16 September 08:58 and 18 
September 08:42 2017, (bi) shows the cascade event of L5A to L5B between 24 September 18:05 and 26 September 17:49 
2021, and (ci) shows the cascade event of L6A to L6C between 17 April 18:29 and 20 April 08:18 2019. Sequence of drainages 
during the events are colored yellow, orange, and red. In the maps, lake polygons, representing drained lake locations, are 
overlaid on the subglacial hydraulic potential grid with modeled subglacial pathways represented as lines shaded grey to black 
showing low to high upstream accumulation. Black transect lines going from higher to lower elevations closely follow lake 
locations. In the velocity plots, velocities are sampled from 6- and 12-day SAR MEaSUREs Version 2 data at 200 m intervals 
along the transects shown in the maps. Approximate lake locations are represented by blue triangles. Date ranges of the 6- and 
12-day MEaSUREs image pair are included in the legends. 
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2.5.5. Ice velocities 

Monthly ice velocity series between 2015 and 2024 for transects along 79NG and ZI are shown in Figure 

2.12. Near terminus velocities are highest at ZI, ranging ~1600 - 2200 m yr-1 ~5 km from the terminus, 

and ~1200 - 1600 m yr-1 ~10 km from the terminus. Near terminus velocities at 79NG are slower, with 

velocities at both 5 km and 10 km from the terminus ranging ~1000 - 1250 m yr-1. Seasonal cycles in ice 

velocity at ZI are highly pronounced. Following peaks in July, velocities decrease until September or 

October, in most cases to values below those that existed prior to the melt season, and to the minimum for 

the year. Following these late- and post-summer slowdowns, velocities gradually increase throughout the 

winter months. The exception is the anomalously cool 2018 melt season, when there was a minimal late- 

to post-summer slowdown and fairly constant winter velocities. At 79NG, seasonal ice velocity cycles are 

less pronounced than at ZI. 

Throughout the study period, 79NG and ZI had different interannual trends. Velocities at ZI had overall 

increasing trends, particularly towards the terminus, whereas velocities at 79NG were relatively stable. At 

the monthly resolution, there were no apparent increases in ice velocity that may be attributable to the 

observed winter drainage events. For both glaciers, winters that had the greatest number of drainages 

(2016/2017 and 2018/2019) had comparable velocities to the other winters, including those with relatively 

few drainage events (2019/2020 to 2021/2022) (Figure 2.5a and Figure 2.12). 

The 6- and 12-day SAR-derived MEaSUREs velocities were sampled at 200 m intervals along transects 

following the large cluster cascade events of between five to seven lakes (Figure 2.10ai to ci) and the small 

cluster events of two or three lakes (Figure 2.11ai to 10ci). During the first large cluster cascade between 

5 September 08:43 and 6 September 17:32 2015, there was poor ice velocity coverage, but the available 

data show no evidence for any ice velocity changes associated with the event (Figure 2.10aii). For the 

second large cluster cascade between 23 September 08:58 and 27 September 2018 08:26, there was good 

ice velocity coverage (Figure 2.10bii). There were relatively high velocities along the transect between 18 

and 23 September, particularly from 0 and 15 km and, to a lesser extent, from 25 and 35 km. These high 

velocities appear to be associated with the drainages of L2A and L2B that occurred between 23 September 

08:58 and 24 September 17:47 (Figure 2.10bii). It is not possible to link the velocity increase to the lake 

drainages conclusively, as the latter occur between the 18 - 23 September and 24 - 29 September 6-day 

MEaSUREs velocity image pairs. Elsewhere along the transect, velocities are largely similar before, 
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during and after the drainage of subsequent lakes of the cascade. The third large cluster cascade between 

17 April 18:29 and 20 April 08:18 2019 appears to be associated generally with an increase in ice velocity, 

as captured by the 16 - 21 April 2019 MEaSUREs image pair (Figure 2.10cii). At ~3 km along the transect, 

near L3G, there is an isolated velocity spike during the drainage event, after which velocity returns to pre-

event values. From ~10 km along the transect, the velocity increase during the event is even more apparent, 

with velocities greater than pre drainage ones by ~40 to 100 m yr-1. During the drainage event, there is a 

prominent spike in velocity located ~15 km along the transect, which is directly adjacent to L3A and L3B. 

During the event, there is a sharp velocity increase at ~26 km and a marked decrease at ~27 km compared 

to before the event. These areas are close to the L3C to L3E lakes, and to lake L3F respectively (Figure 

2.10ci). After the cascade event, ice velocities generally return to pre drainage values. 

During the small cluster cascades involving two or three lakes (Figure 2.11ai to 10ci), there is no clear 

evidence of a consistent velocity response before, during or after the lake drainages, in part, perhaps, due 

to gaps in the ice velocity maps. During the cascade between 16 September 08:58 and 20 September 08:26 

2017, there is only an isolated spike approximately 11 km along the transect adjacent to L4C (Figure 

2.11aii). There is poor coverage of the event between 24 September 18:05 and 26 September 17:49 but the 

data do not reveal any clear velocity anomaly, except, perhaps, for a spike followed by sudden drop in 

velocity ~12 km along the transect at the location of L5B prior to its drainage (Figure 2.11b ii). For the 

event between 15 March 17:41 and 17 March 17:31, there is a velocity decrease along the transect, with 

a significant drop at ~9 km (Figure 2.11cii). 
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Figure 2.12. MEaSUREs monthly ice velocity series between June 2015 and January 2024 for Nioghalvfjerdsbræ (79NG) and 
Zachariæ Isstrøm (ZI) at points along transects shown in Figure 2.1b. 

2.6. Discussion 

2.6.1. A new method for detecting winter supraglacial lake drainages  

We developed a semi-automated method to observe winter lake drainage events at high temporal 

resolution using incidence-angle-normalized C-band SAR. This allowed for observations of winter lake 

behaviour, that had previously not been made. In particular, incorporating images from different sensor 

geometries allowed us to detect drainages at up to sub-daily temporal resolution, permitting the timing of 

lake drainages to be identified with greater precision compared to the 6- and 12-day revisit times for the 

same orbits with Sentinel-1, or the 4-day revisit times with RCM. For cascading drainage events involving 

multiple lakes over periods of several days, a more precise succession of drainages could be determined, 

compared to the temporal aliasing that is introduced with longer revisit time, causing cascades to appear 

as a synchronous event (Cooley & Christoffersen et al., 2018; Stevens et al., 2024). Furthermore, by 

focusing on winter, when active meltwater production and lake filling are absent, minimized the influence 
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of slow drainage processes, such as overtopping and channel incision, allowing us to focus on rapid 

drainages, likely caused by hydrofracture. 

We used a Landsat-derived 10-year summer lake mask for tracking the mean 𝜎∘
HV35 of lakes throughout 

the winters (as in Benedek & Willis, 2021). This allowed us to detect drainages of lakes that remained 

buried for one or more years, which have been documented throughout Greenland, including at 79NG and 

ZI (Koenig et al., 2015; Lampkin et al., 2020). Additionally, it allowed us to include portions of lakes 

covered by snow and ice lids. Many winter drainage events would likely have been missed if just annual 

summer lake masks had been used, especially, e.g., following the low-melt summer of 2018, when many 

lakes showed little to no surface expression (Dunmire et al., 2021; Zheng et al., 2023). 

Using the 10-year lake mask introduced large variability in the magnitude of observed 𝜎∘
HV35 increases 

between drainage events. Depending on melt season intensity and lake basin bathymetry, some lakes will 

fill up to or close to their 10-year mask extent, while others will fill only a portion of it. The latter will 

have greater 𝜎∘
HV35 in SAR imagery before drainage than the former, due to their lower meltwater to ice 

facies ratio. Such lakes will then exhibit a smaller backscatter increase during drainage, compared to larger 

lakes with a higher pre-drainage meltwater to ice facies ratio. Thus, the drainage of small lakes within the 

large 10-year mosaic extent may go undetected. We suspect such occurrences to be rare, however, because 

small lakes are less likely to retain water into the winter (Lampkin et al., 2020), and their typically 

shallower depths make them more prone to freeze through (Law et al., 2020) Another factor affecting the 

magnitude 𝜎∘
HV35 increase is the lake elevation, which affects its underlying glacier surface properties. 

For example, at lower elevations, where the underlying lakebed is crevassed or fracture roughened, 𝜎∘
HV35 

will be greater than at higher elevations, for a lake in the wet snow zone, where ice slabs are present, or 

where there is dry firn.   

Challenges remain in developing a fully-automated method for detecting winter lake drainages, without 

the need for some manual screening to remove false positives. The early winter freeze up, when there are 

widespread increases in backscatter across all glacier surface facies poses a particular challenge. While 

our method can detect rapid winter drainages and cascading events at high temporal resolution, it cannot 

map the areal extent of buried lakes in the winter, as has been done in previous studies (Miles et al., 2017; 

Schröder et al., 2020; Dunmire et al., 2021, Zheng et al., 2023). Thus, we are unable to compare differences 

in stored meltwater between winter seasons or assess the completeness of drainage events. 
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2.6.2. Implications of winter lake drainage at Nioghalvfjerdsbræ and Zachariæ 

To date, relatively few studies have documented winter lake drainages on the GrIS (Schröder et al., 2020; 

Benedek & Willis, 2021; Maier et al., 2023). Our study, spanning 10 consecutive winters and using SAR 

images at a temporal resolution ranging from twice daily to 12-days, presents the first evidence that winter 

drainage events are common. Thus, winter drainage is an important potential fate for lakes, in addition to 

summer drainage (Das et al., 2008; Selmes et al., 2011; Tedesco et al., 2013), freeze-over, burial by snow 

but survival through the winter (Koenig et al., 2015; Lampkin et al., 2020; Law et al., 2020), or complete 

winter freeze-through (Miles et al., 2017; Hossain et al., 2024). 

Lakes have been forming (Howat et al, 2013) and draining (Otto et al, 2022) at increasingly higher 

elevations in the summer over the last 40 years and are projected to do so under future climate scenarios, 

with some of the greatest rates of expansion in NE Greenland (Leeson et al., 2015; Ignéczi et al., 2016, 

Fan et al., 2025). Inland lake expansion could increase the likelihood of surface to bed water transfer to 

regions that are currently relatively stable (Doyle et al., 2014). This would have hydrological and ice 

dynamic consequences (Mayaud et al., 2014), although the likelihood of this has been questioned (Poinar 

et al., 2015).  Our 10-year study shows that winter drainage is confined predominantly to lower elevations 

(<600 m), with no obvious trend towards higher elevations, despite the up glacier summer expansion of 

lakes at 79NG and ZI glaciers since 1985 (Fan et al., 2025). 

Our analysis of melt season conditions using ASCAT-derived melt products and the summer lake drainage 

dataset of Lutz et al., (2024), indicate that summer conditions influence winter lake drainage occurrence. 

Specifically, winters following higher melt index summers with more frequent summer drainage events, 

tend to exhibit fewer lake drainages (Figure 2.9; Table 2.2). Conversely, winters following lower melt 

index summers show a greater number of drainages across all but the highest elevations (Figure 2.11; 

Table 2.2). Two linked factors may provide an explanation. First, during higher intensity melt seasons, 

greater surface to bed melt water inputs may promote water pressurization at the bed, drive higher ice flow 

velocities, and create more perturbations to the stress field capable of triggering summer drainages. This 

would likely result in fewer lakes remaining at the end of the summer, decreasing the probability of 

subsequent winter drainage. This explanation is supported by the positive (negative) correlation between 

summer (winter) drainages and the melt index (Figure 2.9; Table 2.2). Second, following lower intensity 

melt seasons, more of the bed would likely remain hydraulically inefficient, with fewer efficient channels 
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(Banwell et al., 2016; Andrews et al., 2018). After the relatively cool summer of 2018, and the early winter 

of 2018/19, the subglacial hydrological system is likely to have been particularly inefficient, making it 

highly sensitive to melt water inputs.  

Two of the three cascade events that involved large clusters in our ten-year study occurred during the 

2018/2019 winter. One of these was the only late-winter cascade, a seven-lake drainage between 17 and 

20 April 2019 (Figure 2.10ci). No other winter had large cluster cascading events during the late winter. 

The 2017/2018 winter, which also followed a low-intensity melt season, did not exhibit any large 

cascading events and instead had drainages spaced more evenly throughout the winter. However, this 

winter season experienced three of the 12 small cascading events observed in this study, the highest 

number in any single winter. This might demonstrate the effect of cumulative subglacial memory, where 

the 2018/2019 melt season was preceded by two low intensity melt season while 2017/2018 was only 

preceded by one.   

Surface to bed water transfer from winter drainages may also impact ice sheet stability near the grounding 

line of Greenland’s marine terminating glaciers, as it does for melt season surface inputs that enter 

subglacial pathways terminating at calving faces (Rignot et al., 2010; How et al., 2017). Indeed Zeising 

et al., (2024), have suggested that submarine melt water inputs driven by summer lake drainages are an 

important factor controlling the rate of basal channel growth on the underside of 79NG’s floating ice 

tongue, the largest in Greenland. The occurrence of winter lake drainages represents a potentially 

important but previously overlooked factor controlling the stability of ice tongues. This will be true 

particularly for those at low elevations and early in the winter, conditions conducive to the presence of 

subglacial channels, allowing water to be more likely to reach the terminus. 

Although our study does not calculate winter lake areas, the findings of Dunmire et al. (2021) and Zheng 

et al. (2023) are relevant. In NE Greenland Dunmire et al. (2021) showed that the extent of buried lakes 

during the 2018/19 winter was only 17% of what it was in 2019/20. Similarly, Zheng et al. (2023) found 

that winter lake area in 2018/2019 was only ~9% of what it was in 2019/2020. Comparing these findings 

with ours suggests that a larger winter lake extent does not necessarily correspond to a greater number of 

winter drainages. In fact, the winter with the most drainages (2018/19) had the smaller of the two observed 

winter lake extents, indicating that lake presence and area alone is not necessarily a good predictor of 

winter drainage frequency. 
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2.6.3. Hypothesized mechanisms of cascading winter lake drainages  

Over the ten winters, cascading lake drainages account for approximately half of the lake drainages. This 

is comparable to summer drainage events, where clusters are also common (Morriss et al., 2013; 

Fitzpatrick et al., 2014; Christoffersen et al., 2018; Hoffman et al., 2018). We observed two modes of 

winter cascading lake drainage behavior: (1) small cluster cascades involving two or three lakes over short 

distances (<10 km); and (2) large cluster cascades involving five to seven lakes over greater distances 

(~25–33 km). Below, we discuss each type of event in detail, focusing on the likely mechanisms involved. 

For the small cluster cascades, we suggest that rapid basal cavity opening or slip from an initial lake 

drainage created horizontal tensile stresses which triggered the drainage of subsequent lakes. This has also 

been reported by Stevens et al., (2024). Basal uplift or slip, and the horizontal strain rate perturbations 

they introduce last just a few hours (Das et al., 2008; Tedesco et al., 2012; Doyle et al., 2013; Stevens et 

al., 2015; Chudley et al., 2019; Lai et al., 2021), and the resultant tensile stresses may be propagated to 

lakes up, to but no more than, a few kilometers away (Stevens et al, 2024).  

The three-lake cascade in September 2017/18 supports this interpretation (Figure 2.11ai). Within a ~48-

hour period between 16 September 08:58 and 18 September 08:42, lakes L4A and L4B, separated by ~1 

km, both drained. L4A and L4B drain within 48 hours of each other in four out of ten winter seasons. This 

is similar to the findings of Stevens at al., (2024), where two neighboring lakes drained synchronously in 

50% of the summers between 2000 and 2023. Favourable ice thickness and basal topography can lead to 

rapid lake drainage and basal cavity opening placing a neighboring lake basin under tensile stress (Stevens 

et al., 2024).  

Lake L4C, ~8 km down glacier, does not drain simultaneously, indicating tensile stresses during cavity 

opening beneath L4A and L4B do not instantly reach it. It takes another ~24-hours before L4C drains. 

Because the modeled drainage pathway passing beneath L4C is on a separate branch to that passing 

beneath L4A and L4B, it is likely that L4C drains indirectly through the transmission of horizontal stress 

gradients through the ice as water flows downstream from L4A and L4B rather than directly through the 

transmission of a high-pressure wave beneath L4C. The spike in velocity along the transect near L1C 

between 17 and 22 September supports this notion (Figure 2.11aii).  
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The three-lake cascade between 16 March 17:23 and 17 March 17:31 involving lakes L6A to L6C, all 

separated by < 3 km, likely provides another instance of tensile-stress-triggered drainages caused by basal 

cavity opening (Figure 2.11ci). Conversely, the event involving lakes L5A and L5B, between 24 

September 18:05 and 26 September 17:49, was less likely to have involved basal cavity opening associated 

with the first lake drainage setting up tensile stresses that then trigger the second, as the lakes are separated 

by ~10 km (Figure 2.11bi). Instead, likely mechanisms for their near coincident drainage within ~48 hours 

are: (1) basal uplift and/or slip caused by subglacial water transfer from L5A to L5B if L5A drained first; 

or (2) ice stress coupling to L5A from downstream ice acceleration if L5B drained first. 

The second and less common mode of clustered lake drainage that involved five to seven lakes over large 

~25-33 km distances was observed three times, specifically in September 2018, April 2019, and 

September 2016. Due to the greater distances and time scales over which they generally occur, they likely 

result from a combination of mechanisms involving both hydrological and ice dynamic coupling. This is 

particularly well illustrated for the two 2018/19 winter cascade events.  

During the September 2018 cascade event (Figure 2.10bi), L2A and L2B, separated by ~5 km, drained 

first, within the same 36-hour period. This was followed by L2C and L2D, situated ~14 km downstream, 

in the subsequent ~15-hour period, and then by L2E and L2F, another ~6 km downstream, in the following 

~16-hour period. Because L2A and L2B are sufficiently far apart for tensile stresses from basal cavity 

opening during one lake drainage to have triggered the second (Stevens et al, 2024), and because the lakes 

lie along the same subglacial pathway, we suggest that uplift and/or basal slip induced by a subglacial 

pressure wave moving from L2A to L2B allowed the drainage of the former to trigger the drainage of the 

latter. We suggest that the same mechanism then triggered the drainage of L2C and L2D, and then L2E 

and L2F. This interpretation is supported by evidence that elastic stresses from uplift during rapid lake 

drainages typically persist for only a few hours (Doyle et al., 2013; Chudley et al., 2019; Lai et al., 2021; 

Stevens et al., 2024). Meltwater from the drainage of L2C or L2D may have contributed to rapid basal 

cavity opening, helping to trigger the drainage of the other lake, if the two did not drain through the same 

fracture. The same may be true of lakes L2E and L2F. 

The April 2019 cascade also appears to have involved a combination of lake drainage mechanisms. L3A 

and L3B drained between 17 April 18:29 and 19 April 08:26, with L3C to L3F, located along the modeled 

subglacial pathway ~8 km downstream from L3A and L3B, draining in the following 10-hour period 
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(Figure 2.10ci). The close proximity of L3A or L3B (<1 km) suggests the drainage of one may have 

triggered the other through tensional stresses induced by basal cavity opening. L3C to L3F are located 

along the modeled subglacial pathway ~8 km downstream from L3A and L3B, suggesting that their later 

drainage was triggered by uplift and/or basal slip as meltwater from L3A and L3B travelled subglacially. 

As with the later drainages of the September 18 cascade, the close proximity of lakes L3C-E, mean that 

tensile stresses associated with cavity uplift due to one lake drainage may have played a role in the 

drainage of the others. Finally, L3G drained within ~24-hour hours of the drainage of L3C-L3F (Figure 

2.10ci). Despite being hydrologically connected to the other lakes via the subglacial pathway, L3G lies 

upstream of the others and it seems highly unlikely that a pressure wave would travel ~11 km up glacier 

from L3A to induce uplift or basal slip beneath L3G. Instead, the drainage of lakes L3A to L3F is likely 

to have accelerated the ice locally, placing the L3G basin under horizontal tension, thereby allowing L3G 

to drain via hydrofracture (Christoffersen et al., 2018).   

Between 5 September 08:43 and 6 September 17:32 2015, lakes L1A to L1E drained on ZI (Figure 2.10b i). 

The lakes in this cascade are generally spaced farther apart and more evenly than those associated with 

the 2018/2019 cascades, with the nearest pair ~3.5 km apart and the farthest pair ~32 km apart. Although 

the exact drainage sequence is not known, it is likely that meltwater flow along the subglacial pathway 

connecting all five lakes was the primary driver. Lakes L1B and L1C are sufficiently close so that basal 

cavity opening during rapid drainage of one could have triggered the other, while the remaining lakes are 

more widely spaced, likely ruling out this possibility. If L1A drained first, the resulting meltwater would 

travel along the subglacial pathway, triggering the remaining lakes to drain through ice sheet uplift and/or 

basal slip. Alternatively, if one of the other lakes drained first, the drainage of up glacier lakes may have 

been triggered via the transmission of horizontal stress gradients within the ice.  

In summary, we propose that our smaller drainage cascades involving two or three lakes are more likely 

to result from a single triggering mechanism, while our larger cascades involving five to seven lakes 

require a combination of mechanisms. The mechanisms are: (1) enhanced tensile stress from basal cavity 

opening during rapid drainage of a nearby lake; (2) increased basal uplift and/or slip beneath one lake 

caused by subglacial water passage from a previously drained upstream lake; (3) increased horizontal 

strain rates caused by downstream lake drainage and ice acceleration. While a single mechanism or a 

combination of mechanisms may explain the sequence of drainages within a cascade event, they do not 

explain the initial lake drainage trigger, nor do they explain isolated winter drainage events. Possible 
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triggers for these include transient strain rate anomalies within the ice (Poinar and Andrews, 2021) or 

episodic subglacial drainage leading to vertical uplift and basal ice acceleration (Andersen et al., 2023). 

2.6.4. Ice velocity responses 

The large cluster cascades involving five to seven lakes that occurred during early winter (September), 

caused limited ice acceleration compared to the cascade that occurred in late winter (April). (Figure 2.10ai  

to 2.9biii). Since they occurred close to the end of the melt season, it is likely that an efficient subglacial 

system would have reduced the potential for a lake drainage cascade to induce high basal water pressure 

and reduced friction (Tedstone et al.,2013; Andrews et al., 2014; Andrews et al., 2018). This aligns with 

our observations of seasonal slowdowns following the end of most melt seasons (Figure 2.12). Similarly, 

the small cluster cascades involving two or three lakes that occurred in early winter also had minimal or 

no impact on velocity (Figure 2.11aii to 2.10bii). Despite the relatively high temporal resolution of the 6- 

and 12-day ice velocity products, short-lived perturbations in velocity driven by lake drainage clusters 

may go unresolved (Poinar & Andrews, 2021; Stevens et al., 2024). However, limited ice velocity 

responses to late summer / early winter lake drainages have also been observed through in-situ 

measurements at Helheim Glacier and 79NG. At Helheim Glacier, GPS-derived ice velocities were largely 

unaffected by a late melt season near-terminus lake drainage event (Stevens et al., 2022). Subglacial 

modeling suggested that the presence of an efficient subglacial drainage system contributed to the limited 

response (Stevens et al., 2022). Likewise, a September lake drainage event near the terminus of 79NG 

induced only a minor, short-lived velocity increase (Neckel et al., 2020).  

The late winter cascade in April 2019 was the only event in which we observed an ice velocity increase 

(Figure 2.10cii). The return to predrainage velocities within the following 6-day image pair, despite the 

large volume water input to what was likely an inefficient subglacial drainage system, suggests the water 

was able to be evacuated from the blister that formed beneath the lake to be transported downstream via 

subglacial pathways. 

We find no evidence that the number of winter lake drainages affects the winter monthly velocity 

magnitudes at 79NG and ZI (Figure 2.12). This suggests that the volume and rate of melt water reaching 

the ice sheet base during winter drainage events is insufficient to perturb subglacial water pressure and 

basal friction over a sustained period. The year on year acceleration at ZI, including during winter months, 
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is explained by other factors, notably its rapid retreat in 2012 (Mouginot et al., 2015; Grinsted et al., 2022; 

Khan et al., 2022).  

Maier et al., (2023) documented a late winter 15-lake cascading event at a land terminating region in 

southwest Greenland using optical imagery. The down glacier propagation of an ice velocity wave was 

tracked using Differential Interferometry Synthetic Aperture Radar (DInSAR), revealing the subglacial 

movement of water during the cascade that lasted around a month following the initial lake drainage. 

Together with our findings relating to a late winter cascade event (Figure 2.10c), these results demonstrate 

that winter cascade events can trigger ice dynamical responses, with potential consequences for the 

development of subglacial systems during the following melt season. It is well documented, that during 

the melt season, increased surface melt water inputs, including from lake drainages, contributes initially 

to the expansion of subglacial cavities and glacier acceleration, and then to the development of subglacial 

channels and a transition from high to low ice velocities later in the melt season (Bartholomew et al, 2010; 

Tedstone et al., 2013; Andrews et al., 2014; Banwell et al., 2016; Andrews et al., 2018). Further 

investigation is required to determine if winter drainages lead to similar development of subglacial 

channels capable of influencing ice velocity. 

2.6.5. Future work  

Winter surface lake drainage may significantly impact subglacial drainage systems, with potential 

implications for ice dynamics. We show that winter lake drainages at ZI and 79NG are common, 

accounting for 22% of all drainage events observed throughout both summers and winters over an entire 

seven-year period. Unlike optical datasets, such as MODIS and Landsat with archives extending back 

multiple decades, no SAR data archive offers sufficient spatial and temporal continuity to observe 

historical winter lake drainage events prior to Sentinel-1’s launch in 2014 and RCM in 2019. It is 

important, therefore, to extend winter lake drainage investigations to other regions of the GrIS to evaluate 

their broader prevalence. Winter monitoring is increasingly crucial as surface lakes are projected to expand 

further inland under ongoing climate change. 

Although many studies have documented lake behavior during melt seasons using optical imagery (Sundal 

et al., 2009; Selmes et al., 2011; Morriss et al., 2013; Fitzpatrick et al., 2014; Williamson et al., 2018; Fan 

et al., 2025; Lutz et al., 2025), recent studies using satellite SAR and airborne radar have shown that 

surface lakes may persist through winters and into subsequent melt seasons (Koenig et al., 2015; Miles et 
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al., 2017; Dunmire et al., 2021; Zheng et al., 2023). Furthermore, recent studies, along with our own, 

highlight winter drainage as a possible fate for surface lakes (Schröder et al., 2020; Benedek & Willis, 

2021; Maier et al., 2023). For ZI and 79NG, we were able to combine our winter lake drainage data with 

those for summer lake drainages from Lutz et al (2024). Future studies should build on this by integrating 

optical and SAR-based methodologies allowing year-round monitoring of surface lakes to reach a more 

comprehensive understanding of their life cycles and their impacts on ice sheet dynamics. 

Optical remote sensing is highly effective for mapping lake extent, estimating water volume, and detecting 

drainage during summers (Pope et al., 2016; Williamson et al., 2018). In contrast, SAR uniquely enables 

the detection of winter drainage events beneath snow cover and areal extent during polar night (Miles et 

al., 2017; Benedek & Willis, 2021; Zheng et al., 2023). Although low dielectric contrasts between 

meltwater-saturated snow and firn poses challenges, SAR remains a valuable complement to optical data 

during the summer, particularly under persistent cloud cover (Schröder et al., 2020). The long-term C-

band SAR archive from Sentinel-1, operational since 2014 and bolstered by the recent launch of Sentinel-

1C and planned Sentinel-1D mission, offers a strong foundation for advancing winter hydrological  

studies. 

More research is needed to understand how winter lake drainages affect ice dynamics. Studies during the 

summer show that early meltwater input accelerates ice flow, but this effect often reverses later in the 

season as the subglacial system becomes more efficient (Sole et al., 2013; Tedstone et al., 2013; Andrews 

et al., 2014). It is still unclear whether winter lake drainages, like those seen in our study, influence the 

development of subglacial channels or affect ice flow in the following melt season. Winter lake behavior 

may also impact melt season surface hydrology. For example, lakes that remain undrained through the 

winter are more likely to feed into supraglacial river networks in the summer (Lampkin et al., 2020). Thus, 

winter drainage events could play a key role in controlling the amount and distribution of surface 

meltwater at the beginning of the summer. 

While satellite-derived ice velocity with 6–12 day resolution are valuable, they may not capture the short-

lived ice dynamic responses triggered by rapid winter drainage events (Poinar & Andrews, 2021; Stevens 

et al., 2024). Integrating these observations with high-frequency (<1 hour) in-situ GPS measurements 

could offer crucial insights into both vertical and horizontal ice deformation, as has been shown  for melt 

season drainages (Das et al., 2008; Doyle et al., 2013; Dow et al., 2015; Chudley et al., 2019; Stevens et 
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al., 2024). Extending such in-situ observations into the winter months could determine whether winter 

drainage processes differ fundamentally from those in the melt season and provide essential ground truth 

for interpreting satellite-based assessments of lake drainage behavior across Greenland. 

2.7. Conclusions 

We examined ten years of winter lake drainages on the GrIS using C-band SAR data from Sentinel-1 and 

the RCM. Using a semi-automated detection algorithm that tracks backscatter changes and includes a new 

incidence angle normalization method, we combined data from different viewing angles to achieve near-

daily resolution. Our results show that winter lake drainages are common at ZI and 79NG in NE 

Greenland. We identified 90 drainage events across 55 lakes, with some lakes draining multiple times, up 

to six winters in the ten year period. Drainage frequency of winter generally declined as winter progressed, 

but event timing and location varied widely. 

About half of all observed winter drainages occurred as part of cascading events involving between two 

and seven lakes. We identified two distinct types: (1) small-scale cascades involving two or three lakes 

over short distances (<10 km), and (2) large-scale cascades involving five to seven lakes over long 

distances (~25–33 km). Based on the timing, spatial relationships, and subglacial hydrological context, 

we propose different triggering mechanisms for each type. Larger cascades likely result from a 

combination of processes, including tensile stress generation from basal cavity opening, transient 

increases in horizontal strain due to downstream ice acceleration, and changes in the stress regime due to 

subglacial hydrological connections, as meltwater passes beneath adjacent lakes. 

Winter drainage frequency is influenced by conditions from the preceding melt season, including melt 

intensity and the frequency of melt season drainage events. Winters with more drainage events often 

followed cooler melt seasons with fewer summer drainages, while winters with fewer events tended to 

follow warmer melt seasons with more drainages. Statistical analysis revealed a negative correlation 

between winter drainage frequency and preceding melt season drainage counts at low- and mid-elevation 

lakes, but a positive correlation at high-elevations. We also found that the relative importance of winter 

drainages to preceding summer drainages declines significantly as melt intensity increases. Additionally, 

lakes that drained during winter were unlikely to drain again in the following summer, and vice versa. 
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Overall, we found limited evidence of widespread seasonal or long-term velocity increases directly linked 

to winter drainage events. Most cascading events were associated with only localized or short-lived 

velocity changes. A notable exception was a seven-lake cascade in April 2019, which produced a clear 

short-term increase in ice velocity. 

Supraglacial lakes play a key role in regulating both surface and subglacial hydrologic systems, with 

important implications for ice sheet dynamics. While their behavior during the melt season is well 

documented through optical remote sensing, winter lake drainages have only recently been recognized as 

a regular and significant part of their lifecycle. Using SAR imagery combined with a novel incidence 

angle normalization technique, our study offers a comprehensive assessment of winter supraglacial lake 

drainage frequency and its relationship to preceding melt season conditions on the GrIS. These findings 

provide a foundation for future research into the year-round dynamics of supraglacial lakes and their 

evolving role in a warming climate. 
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Chapter 3. C- and L-band SAR optimization for detection of buried and open 
water supraglacial lakes in Northeast Greenland during the melt season 

3.1. Abstract 

Supraglacial lakes form each melt season in surface depressions across the ablation zone of the Greenland 

Ice Sheet (GrIS). These lakes influence the GrIS surface mass balance (SMB) by reducing surface albedo, 

altering supraglacial meltwater routing, and injecting meltwater to the ice-sheet bed during drainage 

events, thereby promoting basal lubrication and triggering basal sliding. Over the past several decades, 

passive optical sensors have provided much of the foundational understanding of supraglacial lake 

behavior. However, optical observations are hindered by cloud cover and are unable to detect meltwater 

beneath snow and ice surfaces. In this study, we analyzed fully-polarimetric and compact-polarimetric C- 

and L-band synthetic aperture radar (SAR) image pairs acquired during the 2024 melt season over 

Nioghalvfjerdsbræ (79NG) and Zachariæ Isstrøm (ZI) in Northeast (NE) Greenland. Our analysis first 

included a detailed comparison of backscatter signatures from open-water and lid-covered lake surfaces, 

along with surrounding ice-sheet facies including snow, bare ice, crevasse, and slush. We found the SAR 

parameters VV/HH, linear polarization ratio (LPR), and the degree of depolarization (DoD) provided 

greater separability between open-water lake areas and surrounding ice-sheet facies compared to single-

polarization channels for both C- and L-band. Notably, L-band VV/HH and LPR exhibited strong 

separability of both open and lid-covered lake surfaces from all surrounding ice-sheet facies. In the second 

component of our analysis, we assessed the accuracy of supraglacial lake mapping using XGBoost and 

Random Forest machine-learning classifiers, applied to various feature sets derived from C- and L-band 

SAR data. Classification performances of XGBoost and Random Forest were generally comparable, with 

L-band outperforming C-band overall. Inclusion of texture parameters generally improved classification 

accuracy. Moreover, the promising results obtained from L-band VV/HH and LPR suggest these 

parameters may enable the detection and mapping of meltwater concealed beneath snow and ice lids on 

supraglacial lakes. Together, these results demonstrate the utility of SAR-based methodologies for 

supraglacial lake detection during the melt season, highlighting their potential to complement or 

independently support optical-based methods. 
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3.2. Introduction 

Observations of the GrIS over recent decades indicate an accelerating trend in mass loss, contributing 

significantly to global sea-level rise (Mouginot et al., 2019; Shepherd et al., 2020). Lakes, represent crucial 

meltwater features on the ice sheet surface. Each melt season, meltwater generated from snow and firn 

accumulation flows into rivers, subsequently terminating in depressions to form lakes (Pitcher & Smith, 

2019). The locations of these lakes remain relatively constant annually, as they form in surface depressions 

governed by basal topography and ice thickness (Lampkin & Vanderberg, 2011; Ignéczi et al., 2016, 

2018). Lakes serve as significant nodes within the supraglacial hydrological network, influencing the 

routing and storage of meltwater to subglacial and proglacial environments or retaining meltwater locally 

on the ice sheet surface (Yang & Smith, 2016; Lampkin et al., 2020; Lu et al., 2021). Despite their 

importance, supraglacial hydrological networks comprising lakes, rivers, and moulins remain complex 

and relatively understudied (Yang & Smith, 2016; Yang et al., 2019, 2021). The presence of lakes impacts 

the mass balance of the GrIS in several ways. Firstly, lakes reduce ice-sheet surface albedo, thereby 

increasing surface melt rates relative to surrounding areas (Tedesco & Steiner, 2011; Tedesco et al., 2012). 

Secondly, rapid lake drainages can introduce substantial volumes of meltwater into the subglacial 

hydrological system, elevating subglacial water pressures, reducing basal friction, and consequently 

enhancing ice flow (Das et al., 2008; Doyle et al., 2014; Stevens et al., 2015; Christoffersen et al., 2018; 

Hoffman et al., 2018). Despite these documented impacts, accurately predicting the timing and triggers of 

lake drainage events remains challenging (Poinar & Andrews, 2021; Stevens et al., 2024). Additionally, 

while inland expansion of lakes to regions characterized by thicker and slower-moving ice has been 

observed and modeled (Howat et al., 2013; Ignéczi et al., 2016; Fan et al., 2025), it remains uncertain if 

this expansion is increasing the frequency of drainage events at higher elevations, and if such events 

influence the dynamics of otherwise stable regions of the ice sheet (Poinar et al., 2015; Hoffman et al., 

2018; Otto et al., 2022). 

Satellite-based Earth observations are commonly employed for studying lakes due to their remote 

locations and highly dynamic nature. Optical wavelengths (visible and NIR) were the first to be adopted 

for lake studies and continue to be the most frequently utilized (Sundal et al., 2009; Selmes et al., 2011; 

Arthur et al., 2020). Satellite-based optical sensors provide spatial resolutions ranging from 250 m 

(MODIS) down to 10 m (Sentinel-2). Distinct spectral properties enable the differentiation of snow, firn, 

and ice from meltwater in lakes, enabling straightforward lake detection during the melt season. Detection 
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methods range from simple thresholding of spectral indices to sophisticated machine-learning and deep-

learning algorithms (Yang & Smith, 2013). MODIS aboard the Terra and Aqua satellites (launched 1999 

and 2002 respectively), has a swath of 2330 km and 10 km in the cross track and along track respectively. 

It has 36 bands, though studies of lakes primarily employ band 1 and 2 covering 620 to 670 nm and 841 

to 876 nm respectively. Early studies employed MODIS aboard Terra and Aqua satellites, which now 

offer over two decades of freely accessible data (Arthur et al., 2020). MODIS's high temporal resolution 

and broad swath widths have provided valuable insights into lake formation and behavior over extensive 

regions and periods (Sundal et al., 2009; Selmes et al., 2011; Liang et al., 2012; Morriss et al., 2013; 

Fitzpatrick et al., 2014). MODIS continues to be relevant in lake studies relating to drainage dynamics 

(Cooley & Christoffersen, 2017; Poinar & Andrews, 2021) and changes in distribution through out the 

MODIS archive (Ignéczi et al., 2016). The Landsat archive extends back to 1985 and, with its higher 

spatial resolution (30 m), enables detailed studies of the inland progression of lakes, though at a reduced 

temporal resolution compared to MODIS (Gledhill & Williamson, 2018; Otto et al., 2022; Fan et al., 

2025). Sentinel-2 is a two-sensor optical constellation, each consisting of 13 bands ranging in spatial 

resolution of 10 m to 60 m and swath width of 290 km. With to sensors in operation, daily or high temporal 

resolution is achieved at high latitudes (~ >60° N) during cloud free conditions. Since the launch of 

Sentinel-2A in 2015 and Sentinel-2B in 2017, the increased availability of medium-resolution optical data 

has facilitated numerous methodological advancements.  

NDWI has emerged as a robust yet straightforward approach for lake detection (Yang & Smith, 2013; 

Miles et al., 2017; Williamson et al., 2017, 2018; Otto et al., 2022; Zhang et al., 2023). Machine-learning 

approaches for lake mapping, particularly those using Random Forest (Dirscherl et al., 2020; Wendleder 

et al., 2021; Dell et al., 2022) and deep-learning methods (Yuan et al., 2020; Lutz et al., 2023) have proven 

effective. Optical sensors also facilitate estimates of lake depth and volume through the use of a physically 

based radiative transfer equation (RTE) (Sneed & Hamilton, 2007; Pope et al., 2016; Williamson et al., 

2017) and in-situ based empirical models (Box & Ski, 2007; Tedesco & Steiner; 2011; Legleiter et al., 

2014). Recent work employing ICESat-2 has made progress in assessing accuracies and improving 

volume retrievals using these methods. Evaluation of depths retrieved used the commonly employed RTE 

method reveal is tends to overestimate depth in the green band and underestimate it in the red band of 

Sentinel-2 (Melling et al., 2024). Methodologies employing ICESat-2 to improve depth retrieval using 

passive optical sensors include histogram-based thresholding to separate lake surface and bed returns (Fair 

et al., 2020) and machine learning (Zhou et al., 2025; Fan et al., 2025).  However, optical sensors face 
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several limitations, such as prolonged observational gaps due to cloud cover, resulting in uncertainties or 

temporal aliasing around the timing and mechanisms of lake drainage (Fitzpatrick et al., 2014; Cooley & 

Christoffersen, 2017; Stevens et al., 2024). Additionally, optical wavelengths cannot penetrate below 

snow or ice surfaces that can be present on lake surfaces, which likely leads to underestimations of lake 

area compared with studies using SAR (Schröder et al., 2020). 

SAR sensors emit electromagnetic radiation within the microwave region, enabling them to penetrate 

cloud cover and other media in glacial environments, illuminating targets independently of sunlight, thus 

overcoming limitations associated with optical sensors. Radar pulses interact with surface and shallow 

subsurface features, returning backscatter signals influenced by geometry, roughness, dielectric 

properties, and SAR system parameters (Ulaby et al., 1984; Hallikainen et al., 1986; König et al., 2001). 

Consequently, in ice sheet environments, spaceborne SAR has become widely utilized for mapping ice 

sheet facies and glacier zones, exploiting the unique backscatter signatures of features such as firn, ice 

slabs, bare ice, and crevassed regions (Fahnestock et al., 1993; Cooper & Smith, 2019; Barzycka et al., 

2023; Culberg et al., 2024). C-band SAR has been more widely adopted for studies during the winter. 

Early instances of SAR-based lake observations involved manual delineation of buried lakes from winter 

C-band ASAR scenes (Johansson & Brown, 2012). ASAR was a SAR sensor capable of single and dual-

pol polarisation modes at spatial resolutions up to 30 m. Poinar et al. (2015) qualitatively observed 

wintertime lakes using both C-band and notably L-band imagery. The adoption of C-band (5.3 GHz) SAR 

for mapping lakes expanded significantly following the Sentinel-1 mission launch in 2014 and widespread 

availability of SAR data. Subsequently, Miles et al. (2017) employed a threshold-based classification 

algorithm using Sentinel-1 HH and HV backscatter within melt-season lake extents detected using optical 

sensors to track lake extents from the melt season into winter. Building upon this, Zheng et al. (2023) 

applied a dynamic thresholding approach for mapping lake extents across Greenland over multiple winter 

seasons, while Dunmire et al. (2021) fused melt-season Sentinel-2 data with winter Sentinel-1 imagery to 

map winter lake extents. Other studies analyzed C-band HH and HV backscatter time series, from 

Sentinel-1, within melt-season lake extents detected using optical sensors to detect winter drainage events 

(Benedek & Willis, 2021). While dry winter conditions have enabled greater use of C-band SAR during 

the winter, attempts to map lakes during the melt season remain limited due to challenges relating to poor 

dielectric contrast with surrounding ice sheet facies resulting in reduced backscatter due to signal 

attenuation and diminished scattering from snow and firn volumes (Ulaby et al., 1984; Hallikainen et al., 

1986). During the melt season, the low dielectric contrast between lakes and surrounding saturated snow 
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and firn produces overlapping backscatter signatures, complicating differentiation. This has led to 

challenges in mapping using thresholding (Miles et al., 2017) and Bayesian classification schemes 

(Schröder et al., 2020). Deep learning has demonstrated the ability for melt season lake detection, though 

lack analysis in relation to scattering mechanisms (Dirscherl et al., 2020; Jiang et al., 2022).  

Assessments and utilization of SAR parameters for mapping lakes, beyond C-band HH and HV 

polarization channels, remain limited. The HH polarization is primarily affected by surface scattering, 

while HV polarization is sensitive to multiple and volume scattering (Freeman & Durden, 1998). Within 

lake studies, HV polarization is often preferred due to its stronger contrast between firn and snow, where 

volume scattering dominates, and water, which exhibits no volume scattering due to negligible penetration 

depth (Miles et al., 2017). A primary limitation of C-band SAR during melting conditions is limited 

penetration depth of this frequency into firn and ice. In glacial environments, C-band and L-band penetrate 

approximately 9 m and 14 m into dry firn, and around 1 m and 3 m into ice, respectively (Rignot et al., 

2001). The penetration depth reduces but also becomes particularly pronounced in snow and firn 

containing liquid water for C-band relative to L-band. L-band SAR can penetrate saturated snow roughly 

15 times deeper than C-band, allowing for comparatively higher volume scattering contributions in L-

band (Ulaby et al., 1984; Casey et al., 2016). Incorporating additional polarization channels and 

polarimetric parameters beyond HH and HV, has demonstrated benefits in mapping ice types, surface 

roughness, and melt ponds across varying melt and winter conditions (Casey et al., 2016; Cafarella et al., 

2019; Mahmud et al., 2022; Tavri et al., 2023). For smooth, specular surfaces (Bragg surfaces), VV 

polarization dominates relative to HH, resulting in an elevated co-polarized ratio (VV/HH). In contrast, 

rough, or volume scattering, surfaces exhibit VV/HH ratios close to 1, and double-bounce scattering may 

result in VV/HH ratios less than 1 (Cloude & Pottier, 1996; Freeman & Durden, 1998). This polarimetric 

theory has been successfully applied in sea ice studies to estimate surface melt pond fraction, the 

proportion of melt pond coverage in a sea ice area, leveraging distinct VV/HH signatures of melt ponds, 

relative to bare and snow-covered ice, during early and advanced melt phases (Scharien et al., 2012; 

Scharien et al., 2014). 

Recent SAR missions utilizing modes beyond dual-polarization HH and HV, including RCM, SAOCOM-

1, NISAR, and ALOS-2/PALSAR-2, now offer various imaging modes providing, e.g., compact 

polarimetric (CP), fully polarimetric (FP), and dual-pol (VV/HH) data. Despite these advancements, SAR 

frequencies and polarimetric parameters, either as a complement to, or beyond, C-band HH and HV, 
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remain largely unexplored for mapping lakes. Additionally, the recent launch of the NISAR mission in 

July 2025, followed by the planned ROSE-L mission in 2028, will significantly enhance the availability 

of frequent, open-access, L-band SAR data of ice sheets. These compliment existing L-band missions 

including ALOS-2/4 and SAOCOM-1 which are taskable and capable of acquiring FP data. As such, this 

study addresses the following objectives: 

1. Determine the optimal frequency and polarizations for separation of open water and ice-covered 

lakes from surrounding ice sheet facies during melt conditions. 

2. Evaluate which method among Random Forest and XGBoost classifications best maps lake 

extents during the melt season and identify the most effective SAR parameters for this purpose. 

3.3. Study area and data 

3.3.1. Study area 

We examined lakes located at the outlet glaciers 79NG and ZI in NE Greenland (Figure 3.1). NE 

Greenland currently holds approximately 18% of the total GrIS lake volume, with projections indicating 

an increase to approximately 30–35% by the end of the century (Ignéczi et al., 2016). During the melt 

season from early June to late August, expansive networks of supraglacial rivers and lakes form at 

elevations ranging from approximately 400 m to 1500 m above sea level (Sundal et al., 2009; Lu et al., 

2021; Hochreuther et al., 2021; Turton et al., 2021). Peak lake area and volume typically occur in early 

August (Hochreuther et al., 2021; Kanzow et al., 2025), while peak lake elevations and numbers 

commonly occur between 850 m and 1000 m above sea level (Hochreuther et al., 2021; Turton et al., 

2021). Lakes have been documented to drain during both melt and winter seasons (Schröder et al., 2020; 

Lutz et al., 2025), as well as persist undrained for multiple years, becoming partially or entirely buried 

under snow and ice lids (Koenig et al., 2015; Lampkin et al., 2020). 
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Figure 3.1. Study area including Nioghalvfjerdsbræ (79 NG) and Zachariæ Isstrøm (ZI) glaciers shown using red outlines 
overlaid on a Sentinel‑2 RGB mosaic from imagery acquired on 20 July 2024 at 15:38 UTC (Mouginot & Rignot, 2019). 
Footprints of the RCM compact‑pol (C‑band; 21 July 2024, 08:30 UTC) and quad‑pol (12 July 2024, 18:27 UTC) images, 
along with SAOCOM‑1 (L‑band; 12 July 05:41 UTC and 20 July 05:44 UTC). 

3.3.2. SAR data 

Two spatially and temporally overlapping C-band (5.405 GHz, λ = 5.5 cm) and L-band (1.275 GHz, λ = 

23.5 cm) SAR image pairs were tasked during July of the 2024 melt season for this study (see footprints 

in Figure 3.1). Each were acquired at a different stage of the melt season with unique environmental 

conditions. Sensor characteristics and acquisition details are summarized in Tables 3.1 and 3.2, 

respectively. The first pair was acquired on 12 July (hereafter referred to as case 1), with a temporal 

difference of 12 hours and 46 minutes between acquisitions. L-band data in StripMap FP mode (HH, HV, 

VV, VH) were obtained from SAOCOM-1, part of Argentina’s Earth observation satellite constellation 

managed by CONAE. Corresponding C-band data, also in StripMap FP mode, were acquired from RCM. 

The spatial resolution for L- and C-band data was 10.0 m × 6.0 m and 6.5 m × 2.9 m, in azimuth and 

range, respectively, with swath widths of 29 km for L-band and 20 km for C-band. Incidence angle range 

of the L-band image was 27.2 – 29.6°, and 41.8 – 43.1° for C-band (Table 3.2). The second image pair 

(hereafter referred to as case 2) was acquired on 20-21 July, with a temporal difference of 26 hours and 

45 minutes. The C-band image was acquired in Medium-resolution CP mode, with a spatial resolution of 
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18.2 m × 1.2 m and a swath width of 30 km. A C-band CP mode image was used due to a lack of FP image 

availability. The L-band imagery was acquired in the same mode and orbit as case 1. Incidence angle of 

the CP mode images was 45.6 – 47.4°. Due to the lack of available CP L-band imagery around this date, 

CP data were simulated from the available FP data (details in Section 3.1). The Noise-Equivalent Sigma 

Zero (NESZ) values for the L-band StripMap images are −34 dB for FP mode, and −24 dB and −25 dB 

for C-band FP and CP modes, respectively (Table 3.3). All images were acquired in Single Look Complex 

(SLC) format. RCM data were sourced from Natural Resources Canada (https://www.eodms-sgdot.nrcan-

rncan.gc.ca/), and SAOCOM-1 imagery was ordered from the CONAE SAOCOM Catalogue 

(https://catalog.saocom.conae.gov.ar/catalog/#/). 

3.3.3. Optical data 

Two optical images were acquired to coincide with case 1 & 2 (Table 3.2). For case 1, a Landsat 8 image 

was acquired on 13 July at 20:44 UTC. While Sentinel-2 has higher spatial resolution, no cloud-free scenes 

were available. The Landsat 8 Tier 2 Level 1TP (L1TP) top-of-atmosphere (TOA) reflectance image was 

utilized. A Tier 1 image, with geometric Root Mean Square Error (RMSE) tolerances ≤12 m was not 

available, though we assessed the available Tier 2 image geometric RMSE of 16.4 m and found it 

acceptable. For case 2, a Sentinel-2 Level-1C TOA reflectance image was acquired on 20 July at 15:38 

UTC. Visible bands B2, B3, B4, and Near-Infrared (NIR) were utilized for both optical datasets to 

facilitate region of interest (ROI) selection (Section 3.3.2) and classification training and validation 

(Section 3.3.3.2). Landsat and Sentinel-2 imagery have been extensively used in previous studies for 

mapping meltwater features in the GrIS environment, including slush (Yang & Smith, 2013; Dell et al., 

2022) and lakes (Miles et al., 2017; Benedek & Willis, 2021; Otto et al., 2022). 

 

 

 

 

 



   

54 
 

Table 3.1. Overview of C- and L-band SAR sensors and modes used. NESZ refers to the noise equivalent sigma zero, i.e., noise 
floor.  

Sensor & mode 
SAOCOM-1 (L-band) 
StripMap FP 

RCM (C-band) 
StripMap FP 

RCM (C-band) Medium 
resolution CP 

Center frequency (λ) 1.275 GHz (23.5 cm) 5.405 GHz (5.5 cm) 5.405 GHz (5.5 cm) 

Polarizations HH + HV + VH + VV HH + HV + VH + VV RCH + RCV 

Resolution (r† × a‡) 10.0 m x 6.0 m 6.5 m x 2.9 m 18.2 m x 1.2 m 

NESZ (nominal) -34 dB -24 dB -25 dB  

Swath width 29 km 20 km 30 km 

Operational years Oct 2018 - present June 2019 - present June 2019 - present 

Notes:   
† Range resolution   
‡ Azimuth resolution 
 
Table 3.2. SAR and Optical image list. Incidence angle (𝜃) range for each image are provided. ERA5 2 m air temperature (°C) 
and 10 m wind speed (m/s) at time of acquisition from Figure 3.2 are provided. 

ID Sensor Date (YYYY-MM-DD) Time (UTC) 𝜽 range (°) Air temp. (°C) Wind speed (m/s) 

SAO-1 SAOCOM-1 FP 2024-07-12 05:41:23 27.2 – 29.6 -1.0 7.4 

RCM-1 RCM FP 2024-07-12 18:27:48 41.8 – 43.1 -0.9 5.9 

L8 Landsat TOA 2024-07-13 20:44:54 2.2 – 4.4 0.6 3.3 

SAO-2 SAOCOM-1 FP 2024-07-20 05:44:57 27.2 – 29.6 1.5 7.6 

RCM-2 RCM CP 2024-07-21 08:30:08 45.6 – 47.4 3.6 8.2 

S2 Sentinel-2 TOA 2024-07-20 15:38:19 1.6 – 5.0 4.6 7.0 

 

3.3.4. Weather data 

Temperature and wind speed data were obtained from the ERA5 v5 global reanalysis dataset provided by 

the Copernicus Climate Change Service (Hersbach et al., 2020). ERA5 provides a wide range of climate 

variables from 1950 onwards, gridded at a spatial resolution of 31 km. Hourly data of 2 m air temperature 

and 10 m wind speed were acquired from 1 June to 31 August 2024. Additionally, automatic weather 

station data from the Programme for Monitoring of the GrIS (PROMICE) were used (Fausto et al., 2021), 

specifically, data from the KPC_U station, located approximately 90 km northwest of the study area at an 

elevation of 870 m. At this station, air temperature and wind speed are recorded at a height of 2.6 m. 

ERA5, and KPC_U station data are presented in Figure 3.2. 



   

55 
 

 
Figure 3.2. (a) ERA5 2 m air temperature and 10 m wind speed; (b) PROMICE KPC_U station in situ temperature and wind 
speed at 2.6 m height. Solid vertical lines mark SAOCOM acquisitions; dashed lines mark RCM acquisitions. 

3.4. Methods 

3.4.1. SAR image processing and polarimetric parameters 

All SAR images in SLC format were radiometrically calibrated to normalized radar cross-section sigma 

naught (σ°), terrain-corrected using the 30 m Copernicus DEM, and projected onto the NSIDC Sea Ice 

Polar Stereographic North projection (EPSG: 3413) with a pixel spacing of 10 m using nearest neighbour 

resampling. To reduce speckle noise, an edge-aware Lee Sigma speckle filter with an 11 × 11 window and 

a 5 × 5 target window was applied (Lee et al., 2009). Image processing was conducted using ESA’s SNAP 

11 software. 

For case 1, HV,  HH, and VV/HH were utilized. For case 2, the CP channels right-circular horizontal 

receive (RCH), and right-circular vertical receive (RCV) were used, alongside CP parameters including 

the linear polarization ratio (LPR) and degree of depolarization (DoD). For our analysis we considered 

LPR as a CP analogue to VV/HH used in case 1, and we use DoD in place of a missing C-band HV channel 
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because both respond strongly to volume- and surface-scattering effects. We note, however, they are not 

identical with HV being a direct single channel measure of cross-pol power, whereas DoD describes how 

incoherent the backscatter is, factoring in RCH and RCV channels. LPR and DoD have demonstrated 

effectiveness in discriminating sea ice types during winter and melt conditions (Singha & Ressel, 2017; 

Nasonova et al., 2018; Tavri et al., 2023). Additionally, L-band HV, HH, and VV/HH were included to 

enable comparison with case 1. 

Grey-level Co-occurrence Matrix (GLCM) texture parameters (Haralick et al., 1973) were computed for 

all SAR image bands using SNAP 11 software. Three contrast-related GLCM metrics (Contrast, 

Dissimilarity, Homogeneity), two orderliness metrics (Entropy, Angular Second Moment), and one 

statistical metric (Correlation) were derived (Appendix B Figure B.1 to B.4) A window size of 9 pixels, a 

quantization level of 64, and a displacement of 4 pixels were empirically determined and subsequently 

used for deriving the GLCM matrix from which metrics were derived. A quantization of 64 was considered 

sufficient through iterative testing and has been used previously in SAR-based sea ice research (Mahmud 

et al., 2022; Scharien & Nasonova, 2022). No directionality was selected for GLCM calculation after 

visual inspection of lake shapes in optical imagery indicated no significant directional preference (Hall-

Beyer, 2017). 

3.4.2. Backscatter characteristics and feature separability 

Towards objective 1, six classes were identified, including two lake classes, one class for the open water 

or subaerial portions of lakes (OW), and one for lake lids  (LL), which have been observed to partially or 

entirely cover lakes and persist throughout the melt season (Koenig et al., 2015; Lampkin et al., 2020). 

The four ice sheet facies classes selected were slush (SL), snow (SN), crevasse (CR), and bare ice (BI).  

ROIs consisted of 200 m × 200 m boxes (400 pixels at 10 m resolution), within overlapping footprints of 

corresponding SAR image pairs of cases 1 and 2. A minimum of three ROIs were identified per class. 

Class identification was supported by corresponding optical imagery. More information about the 

identification of each class is provided below. ROI examples from cases 1 and 2 can be found in Figure 

3.3 and 3.4. ROI data for each class were then used for feature separability analysis and for analyzing 

backscatter characteristics. 
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The OW class was mapped with the NDWI, which exploits the strong absorption of longer optical 

wavelengths by liquid water in contrast to the high reflectance of snow and ice. In this study we used 

NDWIice, a variant of the Normalized Difference Water Index specifically adapted for the ice-sheet 

environment (Yang & Smith, 2013) and widely applied to meltwater detection across Greenland 

(Williamson et al., 2017, 2018; Otto et al., 2022; Zhang et al., 2023). Initially, a strict threshold was 

established by averaging NDWIice values across 10 manually identified lakes, then empirically adjusted 

to exclude streams and slush. A threshold of NDWIice > 0.30 was used for the 13 July Landsat 8 image, 

and NDWIice > 0.25 for the 20 July Sentinel-2 image. OW ROIs were subsequently defined within 

identified lake boundaries. A secondary mask was defined using moderate NDWIice values to identify SL, 

setting a lower threshold of 0.12 for both optical images and an upper threshold equal to the respective 

strict lake boundary thresholds. ROIs classified as SL were selected to contain at least 75% pixels within 

this range of NDWIice values. Although the threshold of 0.12 efficiently identifies SL, it can also include 

supraglacial streams (Yang & Smith, 2013). To reduce potential inclusion of streams, elongated linear 

features identified in thresholded masks or RGB imagery were excluded from SL ROIs. Despite these 

precautions, small, braided streams that are narrower than a Sentinel-2 or Landsat pixel may still be 

classified as slush. 

For identification of SN, BI, and CR classes, a global threshold was applied to the near infrared (NIR) 

band from Sentinel-2 and Landsat imagery (Ryan et al., 2019; Yang et al., 2019; Lu et al., 2021). Empirical 

threshold selection was guided by manual interpretation of RGB imagery. Following Lu et al., (2021), we 

found a threshold of NIR > 0.58 for the 13 July Landsat 8 and 20 July Sentinel-2 image was effective in 

identifying snow covered areas. SN ROIs were identified in areas above the NIR threshold, while BI ROIs 

were positioned below. During selection, moderate and high NDWIice threshold masks were referenced to 

avoid overlaps between SL, OW, SN, and BI classes. CR ROIs were manually delineated using visual 

interpretation of RGB imagery. 

Separability between classes was assessed using the two-sample Kolmogorov-Smirnov (K-S) test. The K-

S test is nonparametric and suitable for backscatter intensity since it does not assume a specific distribution 

of the test data. The K-S test compares cumulative distribution functions of paired samples, yielding a test 

statistic (D) ranging from 0 (no separability) to 1 (perfect separability). Prior to testing, 500 random 

samples per class were drawn, and samples beyond a z-score of ±3 were excluded to ensure robustness. 

A description of expected scattering mechanisms and C- vs. L-band differences are outlined in Table 3.3. 
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Figure 3.3. Case 1 ROIs examples used to sample the six surface classes: supraglacial lake (OW), lake-lid (LL), slush (SL), 
snow (SN), crevasse (CR), and bare ice (BI) from case 1 (12 July 2024 FP image pair). (a) Landsat-8 (L8) RGB (13 July) with 
RCM footprint (dashed) and SAOCOM footprint (solid). (b) SAOCOM-1 HH image; (c) RCM HH image, each with the same 
footprints. Lower panel: class ROIs displayed across Landsat TOA, L-band HH, L-band VV/HH, C-band HH, and C-band 
VV/HH with high NDWIice threshold polygons overlaid in cyan. Grey scales (right) correspond to HH and VV/HH ranges 
shown.  
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Figure 3.4. Case 2 ROIs examples used to sample the six surface classes: supraglacial lake (OW), lake-lid (LL), slush (SL), 
snow (SN), crevasse (CR), and bare ice (BI) derived from case 2 (20/21 July CP image pair). (a) Sentinel-2 RGB (20 July) with 
RCM footprint (dashed) and SAOCOM footprint (solid). (b) SAOCOM-1 RCH image; (c) RCM RCH image, each with the 
same footprints. Lower panel: class ROIs displayed across Landsat TOA, L-band HH, L-band VV/HH, C-band HH, and C-
band VV/HH with high NDWIice threshold polygons overlaid in cyan. Grey scales (right) correspond to HH and VV/HH ranges 
shown. 
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Table 3.3. Expected scattering mechanisms and frequency differences for the lake classes, open water (OW) and lake lids (LL), 
and for the ice-sheet classes slush (SL), snow (SN), crevasse (CR), and bare ice (BI). 

Class Scattering mechanism C- vs. L-band differences 

Open water (OW) Specular and Bragg scattering. 
C-band is more sensitive to small-scale wind 
roughening (cm ripples), while L-band responds to 
longer waves (dm scale). 

Lake lids (LL) 
Combination surface, volume, and double 
bounce. 

L-band penetrates deeper into the lid and interacts 
with horizontal snow/ice layers, while C-band is 
more surface-sensitive. 

Slush (SL) 
High liquid water content restricts penetration; 
dominant surface scattering with limited volume 
contribution. 

C-band backscatter is dominated by surface 
scattering due to shallow penetration; L-band 
penetrates slightly deeper and samples upper 
centimeters. 

Snow (SN) 
Greater penetration than slush with significant 
volume scattering. 

C-band is more sensitive to changes in liquid water 
content; L-band is better at capturing dry snow 
volume scattering. 

Crevasse (CR) 
Geometric structures produce double-bounce; 
additional volume scattering may occur. 

Both bands show similar scattering behavior. 

Bare ice (BI) Combination of surface and volume scattering. 
L-band penetrates deeper, making it more sensitive 
to internal volume features; C-band emphasizes 
surface roughness. 

3.4.3. Supraglacial lake classification 

To optimize C- and L-band SAR for melt season lake mapping, two widely utilized decision tree-based 

machine learning algorithms were used, with varying input feature sets: Random Forest (Breiman, 2001) 

and eXtreme Gradient Boosting (XGBoost; Chen & Guestrin, 2016). All classification analyses were 

performed separately for cases 1 and 2 and classification accuracy was used to assess classification 

performance. 

 
3.4.3.1 Image classifiers 

Random Forest and XGBoost have both been successfully applied in remote sensing studies of lakes using 

optical (Dirscherl et al., 2020; Dell et al., 2022; Wang & Sugiyama, 2024; Zhou et al., 2025) and SAR 

imagery (Wendleder et al., 2021). The Random Forest is a decision tree-based ensemble machine learning 

algorithm (Breiman, 2001). A user-defined number of trees are created with a training dataset, each with 

its own bootstrap subset of the training data. Furthermore, a random subset of feature variables is selected 

at each node, with a single feature then being selected using the one with the lowest Gini impurity. Gini 

impurity is a measure of how well features at each node split the training data and is essential in building 

the decision trees that are accurate predictors. Each tree then produces a vote on the predicted class. Votes 

of all trees are then aggregated, and the mean is taken to provide a final class. By including randomness 
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during the selection of training observations for each tree and feature variables at each node, the algorithm 

is robust and resistant to overfitting than non-ensemble decision trees.  

The second classification method is XGBoost, an advanced tree-based algorithm (Chen & Guestrin, 2016). 

Unlike Random Forest, XGBoost sequentially builds trees by correcting the residual errors from preceding 

trees. After an initial tree is created using a subset of the training data and features, residuals between 

predicted and actual values guide the construction of subsequent trees. Each tree independently predicts 

class probabilities, and the aggregated probabilities determine the final classification outcome. Training 

data generation and parameter optimization for both classifiers are described below. 

3.4.3.2 Training data and Random Forest and XGBoost parameter tuning 

Two distinct training and validation datasets were created for cases 1 and 2. Binary labels were collected 

for lake (open water, OW) and non-lake (i.e., merged ice facies SL, SN, CR, BI) categories. Due to limited 

unique areas available for sampling LL, we focused exclusively on classifying OW areas against the 

surrounding ice sheet. Label collection was guided by the NDWIice derived masks described in Section 

3.3.2. Lake labels were obtained from manually drawn polygons within areas exceeding the high NDWIice 

threshold, whereas non-lake labels were taken from polygons below this threshold. Samples were 

collected independently of ROIs from the separability analysis as described above in section 3.4.2.  For 

case 1, a balanced sample of 3000 lake pixels and 3000 non-lake pixels were selected. For case 2, 2000 

pixels for each class were selected. 

To assess classifier performance in case 1, we defined eight feature sets that incrementally combine 

polarimetric channels and texture metrics. Sets (a) to (d) are built on HH, HV, and VV/HH while sets (e) 

to (h) start from VV and HH: (a) HH + HV; (b) HH + HV + all GLCM textures; (c) HH + HV + VV/HH; 

(d) HH + HV + VV/HH + all textures; (e) VV + HH; (f) VV + HH + all textures; (g) VV + HH + VV/HH; 

and (h) VV + HH + VV/HH + all textures. For case 2 we evaluated four CP C-band sets that incrementally 

add texture and ratio information: (i) RCH + RCV; (j) RCH + RCV + all GLCM textures; (k) RCH + RCV 

+ LPR and DoD; and (l) RCH + RCV + LPR, DoD + all textures. In parallel, eight L-band FP sets were 

tested, following the same structure used in case 1: (m) HH + HV; (n) HH + HV + textures; (o) HH + HV 

+ VV/HH; (p) HH + HV + VV/HH + textures; (q) VV + HH; (r) VV + HH + textures; (s) VV + HH + 

VV/HH; and (t) VV + HH + VV/HH + textures. 
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Model training utilized the scikit-learn Python package for Random Forest (Pedregosa et al., 2011) and 

the XGBoost Python package (Chen & Guestrin, 2016). During training, samples were partitioned into 

70% training and 30% testing subsets. Parameter optimization for both classifiers was conducted using 

scikit-learn’s RandomizedSearchCV. RandomizedSearchCV allows for testing of random combinations 

of model parameters and the outputs of an F1 score for each iteration. This was conducted for each model 

and feature set. 

3.4.3.3 Accuracy assessment 

To evaluate classification accuracy, a separate validation dataset containing 500 random validation points 

for each class was created. Lake validation samples were selected within polygons exceeding the high 

NDWIice threshold, while non-lake samples were randomly selected from areas below this threshold. 

Class accuracy was quantified using precision (P) and recall (R) (Dirscherl et al., 2020; Wang & 

Sugiyama, 2024). P and R are calculated using true positives (TP), false positives (FP), true negatives 

(TN), and false negatives (FN) in instances of classified lake pixels. Precision (producer’s accuracy) 

indicates the proportion of predicted pixels correctly classified and is calculated as follows: 

𝑃௅௔௞௘   =  
்௉

ி௉ାிே
                                                                                                                                           (4) 

𝑃ே௢௅௔௞௘   =  
்ே

்ேାிே
                                                                                                                                         (5) 

Recall (user’s accuracy) quantifies the proportion of actual class pixels correctly identified: 

𝑅௅௔௞௘   =  
்௉

்௉ାிே
                                                                                                                                           (6) 

𝑅ே௢௅௔௞௘   =  
்ே

்ேାி௉
                                                                                                                                       (7) 

The F1 score, the harmonic mean of precision and recall, is calculated as: 

𝐹1 =  2 ×
௉ × ோ

௉ ା ோ
                                                                                                                                             (8) 

To assess overall performance, overall accuracy (OA) and Cohen’s kappa coefficient (K) were computed. OA 

is defined as: 
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 𝑂𝐴  =  
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ே
                                                                                                                                             (9) 

K accounts for chance agreement and is calculated using expected accuracy (EA) and OA: 
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3.5. Results and discussion 

Results from the backscatter signature and separability statistics comparisons for cases 1 and 2 are given 

in sections 3.5.1. to 3.5.4. This is followed by an assessment of classification accuracies using varied 

feature sets in section 3.5.5 and 3.5.6. and an assessment of feature importance from the Random Forest 

classifications in Section 3.5.7. Feature importance was evaluated only for the Random Forest model, as 

XGBoost does not provide a directly comparable metric. Each case corresponds to different stages of the 

melt season. Case 1 precedes the typical peak in lake area that occurs in early August, whereas case 2 was 

collected much closer to this historical peak (Hochreuther et al., 2021; Kanzow et al., 2025). ERA5 records 

(Figure 3.2) show that two-meter air temperatures were higher during the second acquisition (1.5 °C for 

SAO-2 and 3.6 °C for RCM-2) than during the first (-1.0 °C for SAO-1 and -0.9 °C for RCM-1). Although 

temperatures at the KPC_U station are generally cooler, they follow the same pattern captured by ERA5. 

The more advanced melt stage of case 2 acquisition is apparent in the Sentinel-2 image (Figure 3.4), which 

shows less snow cover and generally larger lake extents than the earlier Landsat-8 scene (Figure 3.3). 

3.5.1. Case 1 backscatter signatures and separability 

Backscatter signatures and K-S separability statistics for HH, HV, and VV/HH at C- and L-band 

frequencies are presented in Figure 3.5. For HH, OW consistently exhibits the lowest backscatter across 

all classes at both frequencies. However, significant overlap between OW and SL at HH leads to poor 

separability, as indicated by D = 0.31 (C-band) and D = 0.41 (L-band). Generally, HH values across all 

classes are lower at C-band compared to L-band (e.g., SN is ~ -22 dB at C-band and ~ -9 dB at L-band). 

Greater variability in L-band backscatter across all classes contributes to generally good separability (D ≥ 

0.73) between OW and other classes except for SL (D = 0.41), which contrasts with the moderate to poor 

(D = 0.31 – 0.64) separability at C-band for all classes except CR (D = 0.91). These differences likely 
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reflect the reduced penetration depth of C-band and dominance of surface scattering, while L-band 

includes contributions from surface and volume scattering. HH backscatter of LL, overlaps with other 

classes at both frequencies, resulting in moderate to poor separability. Similar behaviours are observed for 

HV, with greater overall class signature variability and improved separability at L-band compared to C-

band. Notably, at C-band, HV shows poorer overall separability compared to HH, whereas at L-band, HV 

exhibits increased separability for OW from all classes except for SLs relative to HH. For LL and all ice-

sheet facies, L-band HV offers improved separability across all classes. In C-band HH, all classes except 

for CR exhibit backscatter values close to or below the NESZ (-24 dB), while at L-band, all classes remain 

well above the NESZ (-34 dB). For C-band HV, backscatter values for all classes frequently approach or 

fall below the NESZ, whereas at L-band, although HV backscatter values are relatively lower compared 

to HH, they consistently remain above the NESZ across all classes. 

L-band VV/HH demonstrates enhanced separability of both lake classes (OW and LL) from all ice sheet 

classes, when compared to HV and HH. In contrast, such improvement is not observed at C-band. The L-

band VV/HH for OW is the highest of all classes, reaching ~7 dB, while ice sheet class values cluster 

between ~ -3 and 5 dB. This is consistent with OW exhibiting Bragg scattering characteristics combined 

with no volume scattering, leading to greater VV than HH (Cloude & Pottier, 1996; Freeman & Durden, 

1998). Rougher or volume scattering surfaces like ice and snow tend to yield VV/HH values closer to 

unity (Freeman & Durden, 1998; Scharien et al., 2012; Scharien et al., 2014). Consequently, OW is highly 

separable from all other classes using L-band VV/HH, with the lowest D = 0.88 for SL, a substantial 

improvement over HV and HH. Furthermore, LL exhibits the lowest VV/HH at L-band, characterized by 

predominantly negative values resulting from HH dominance over VV (Figure 3.5). These results reflect 

sea ice melt pond retrieval using C-band VV/HH to differentiate pond, bare and snow-covered ice 

signatures (Scharien et al., 2012; Scharien et al., 2014). 

For both C- and L-band HH and HV, SL had consistently poor separability with OW. Of all the ice-sheet 

facies, SL is the class with the expected highest water content and relative permittivity (Hallikainen et al., 

1986) as it represents saturated snow and firn and potentially small, braided stream networks smaller than 

Sentinel-2 or Landsat 8-pixel width. The high relative permittivity of SL likely causes poor contrast with 

OW, with both classes attenuating much of the signal and causing predominantly surface scattering due 

to limit penetration into snow or firn. The greater separability between OW and SL for L-band may be 

attributable to its enhanced penetration in wet snow and firnto probl, as it can penetrate saturated snow 
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roughly 15 times deeper than C-band (Ulaby et al., 1984; Casey et al., 2016). The enhanced penetration 

of L-band into the top few cm of the snow or firn media, would lead to greater contributions from volume 

scattering, thus increasing the backscatter. 

L-band VV/HH is the only parameter to demonstrate good separability between OW and SL owing to the 

preferential scattering of VV relative to HH for specular (Bragg) surfaces (Cloude & Pottier, 1996; 

Freeman & Durden, 1998). Because the L-band signal can penetrate snow and firn with liquid water 

content that characterize SL, surface-roughness and volume scattering increase, making the VV and HH 

backscatter tend to unity and pushing the VV/HH ratio toward 1, unlike the higher values over OW. The 

lower separability of C-band VV/HH relative to L-band may be attributed to a reduction in VV/HH from 

wind roughening of OW due to L-bands more limited sensitivity to wind roughening that C-band (Isoguchi 

& Shimada, 2009). Surface roughening at wind speeds of 6.4 – 8.0 m s-1 over sea ice melt pond has been 

observed to be problematic due to non-Bragg scattering leading to similar VV/HH with non melt water 

mediums such as ice and snow (Scharien et al., 2014). ERA5 10 m wind speed at the time of acquisition 

was 5.9 m s-1 (Table 3.2). Additionally, in C-band the backscatter from several classes, including both 

OW and SL, are close to or below the NESZ, potentially limiting separability of the VV/HH. 

3.5.2. Case 1 lake transects 

Figure 3.6 shows C- and L-band HH, HV, and VV/HH sampled over a lake with a lid (i), and another 

without (ii). Lake (i) provides a clear demonstration of the VV/HH utility relative to HH and HV. Over 

the OW portion of the lake (~1000 – 1300 m along the transect), HH and HV do not show contrast with 

the surrounding ice sheet in either frequency. At the start of the LL portion (~1300 m), HH and HV 

increase in L-band but not in C-band, suggesting volumetric scattering at the longer wavelength. For C-

band VV/HH, values remain above 0 dB (ranging from ~ 0 to 4 dB) along the transect, with no clear 

increase over the OW. In contrast, L-band VV/HH increases to > 0.5 dB over the OW compared to typical 

background values of -2 to 0.5 dB. Over the LL, L-band VV/HH drops below -2 dB, then returns to 

background values, delineating the lake structure clearly. Lake (ii), without an ice lid, shows some contrast 

between lake and surrounding ice in HH and HV, but with no consistent signal. It is evident that dark 

regions outside the lake are likely to complicate lake boundary detection using single polarization 

channels. L-band VV/HH again provides strong contrast: outside the lake, values range from -1 to 1 dB, 

while OW (~800 – 2200 m) VV/HH is above ~ 2dB. C-band VV/HH is noisier, fluctuating between 0 and 
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4 dB, making lake boundaries likely difficult to identify. We note that C-band HH and HV backscatter 

fluctuate close to or below their image NESZ values (-24 dB) along segments of the transects, with HH 

ranging between -19 and -24 dB and HV often falling below the NESZ over both open water and ice-sheet 

areas. In contrast, L-band HH and HV remain well above their respective NESZ values (-34 dB) 

throughout all segments of the transects. Overall, the superiority of L-band VV/HH for resolving lake 

features including OW, LL, and extent, is apparent. 
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Figure 3.5. Backscatter separability for case 1 (12 July 2024 FP image pair). The top row shows box plots of VV/HH, HH, and 
HV for L-band (grey) and C-band (light) across six surface classes: open water, lake lid, slush and braided, crevasse and rough, 
bare ice, and snow. The middle row displays the Kolmogorov–Smirnov D statistic for L-band, and the bottom row shows the 
same for C-band. Higher D values indicate stronger separability between class pairs. 
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Figure 3.6. Transects over two lakes in case 1 (12 July 2024 FP image pair). The left column shows Landsat-8 imagery with 
lake outlines in cyan, representing extents derived using a high NDWIice threshold, and transect directions in red. The middle 
panels display L-band and C-band HH, HV, and VV/HH images with transects and lake outlines overlaid. The right column 
presents backscatter profiles sampled along each transect, where L-band is shown in black and C-band in blue. Lake (i) contains 
both open water and a lake lid, while Lake (ii) consists entirely of open water. 
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3.5.3. Case 2 backscatter signatures and separability 

For case 2, we first analyze CP data. RCH, LPR, and DoD were evaluated at both C- and L-bands (Figure 

3.7), and, for comparison with the fully polarimetric results from case 1, we also analyse HH, HV, and 

VV/HH extracted from the L-band FP scene (Figure 3.8). RCH shows limited utility: at L-band the OW 

class is poorly separated from SL and BI (D ≤ 0.25), and at C-band OW is also poorly distinguished from 

SN, SL, and LL (D ≤ 0.56). LL exhibits only poor-to-moderate separability from most ice-sheet facies in 

either band (D ~ 0.14 – 0.56). Absolute RCH values are systematically lower at C-band; the smallest 

inter-band difference occurs for BI and the largest for SN RCH had generally mixed separation between 

OW and ice-sheet facies and poor separation between OW and SL in both frequencies. This is consistent 

with single polarization channels of case 1 and suggests that SL is similarly the most difficult class to 

separate with single channels of CP data, likely still owing to the high permittivity and reduced penetration 

in water saturated glacial mediums. We note that C-band RCH backscatter values for OW, LL, SL, and 

SN classes have significant portions of their distribution at or below the NESZ (-25 dB), while in L-band 

backscatter values are consistently above its NESZ (-34 dB) for all classes.  Consistent with case 2, L-band 

LPR delivers excellent lake/ice discrimination: every OW–ice sheet comparison yields D > 0.85, and the 

minimum LL–ice sheet D is 0.76. C-band LPR also performs well for OW (all OW–ice D > 0.78) but 

struggles with LL (LL–ice D = 0.15–0.59, except LL–OW = 0.96). In C-band distributions, all non-OW 

classes cluster between –2 dB and 2 dB, whereas OW peaks near 4 dB; SL overlaps most strongly with 

OW. At L-band, OW again records the highest LPR, while LL is markedly lower than all classes, 

indicating dominant horizontal-polarization scattering. DoD mirrors LPR for OW (all OW–ice D ≥ 0.89) 

and often yields slightly higher D values, yet LL remains only moderately separable. OW consistently 

exhibits the lowest DoD, and the L-band spread is narrower than at C-band, producing no overlap between 

OW and any ice-sheet class. 

Considering the FP channels at L-band, HH, HV and VV/HH achieve separability comparable to that of 

the CP parameters RCH and LPR. For L-band HH, overall separability is limited. OW is well separated 

from CR and SN (D > 0.89) but poorly separated from SL and BI (D ≤ 0.26). LL shows poor separability 

from all ice-sheet facies (D < 0.68) except bare ice, where moderate separation is reached (D = 0.85). L-

band HV also has a mixed separability of OW and LL with ice-sheet facies. Separability of OW and LL 

from SL and BI is moderate (D ~ 0.4 – 0.65) and from CR and SN is good (D ~ 0.78 – 1). Similar to case 

1, all L-band HH and HV backscatter values are above the NESZ (-34 dB). 
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In contrast, L-band VV/HH provides good separability for OW relative to every ice-sheet class (all OW-

ice D ≥ 0.84) and for LL relative to ice-sheet classes (all LL-ice D ≥ 0.77), a performance consistent with 

that of L-band LPR. Of all the SAR parameters analyzed at both frequencies in both cases, L-band VV/HH 

demonstrated the most consistent separability between OW and all ice-sheet facies. In separating OW 

from ice-sheet facies, L-band VV/HH consistently exhibited good contrast between OW and surrounding 

ice-sheet classes, including SL, which likely has the highest permittivity among the ice-sheet facies. In 

contrast, C-band VV/HH (case 1) and LPR (case 2) displayed less consistency in distinguishing these 

classes, potentially due to the limited penetration capability of C-band into ice-sheet facies undergoing 

varying degrees of melt. When assessing LL–ice separability, neither C-band VV/HH nor LPR 

demonstrated effective discrimination, whereas L-band VV/HH (along with L-band LPR) provided clear 

separation, similar to in case 1. These results suggest that only the longer wavelength L-band SAR 

penetrates sufficiently deep to interact with horizontal layering within LL, thus producing preferential 

scattering of horizontally polarized waves relative to vertically polarized waves. 

3.5.4. Case 2 lake transects 

CP parameter profiles were sampled across two lakes: Lake i (OW followed by an ice lid, LL) and Lake 

ii (OW only) (Figure 3.9). RCH fails to highlight either OW (~1400 m along-track) or LL, remaining 

within ±1 dB of surrounding ice in both bands. In contrast, LPR spikes sharply over OW to ~3 dB (L-band) 

and ~4 dB (C-band). Down-stream, C-band LPR decays gradually across the lid, whereas L-band LPR 

drops to below –2 dB, cleanly delineating the LL before rebounding to ~0 dB at ~3400 m, the inferred lid 

terminus. DoD drops at the OW boundary for both bands; over the LL C-band DoD is flat, while L-band 

DoD shows a slight rise, again signalling lid presence. Lake ii (OW only), RCH remains flat over the OW 

(~1500–2800 m), whereas LPR rises rapidly to ~4 dB (C-band) and ~3 dB (L-band) and falls back to 

ice-sheet levels at the down-lake edge. DoD exhibits a decrease and increases pattern, marking both OW 

margins in each band. Similar to case 1, single-polarization channel RCH at C-band exhibits backscatter 

values close to the NESZ (-25 dB) along significant portions of the transect. In contrast, L-band RCH 

backscatter values remain significantly higher than the corresponding NESZ of -34 dB. Together, these 

observations confirm that L-band CP metrics, especially LPR, provide the most reliable single-parameter 

discrimination of lake surfaces and lids, while C-band LPR remains effective for OW but is less sensitive 

to LL. RCH contributes little additional information beyond the superior LPR and DoD metrics. 
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Figure 3.7. Backscatter separability for case 2 (20/21 July 2024 CP image pair). The top row presents box plots of the DoD, 
LPR, and RCH for L-band (grey) and C-band (light grey) across six surface classes: open water, lake lid, slush and braided, 
crevasse and rough, bare ice, and snow. The middle row displays the Kolmogorov–Smirnov D statistic for L-band, and the 
bottom row shows the same for C-band. Higher D values indicate stronger separability between class pairs. 
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Figure 3.8. Backscatter separability for L-band FP image used to simulate the CP image of case 2 (Figure 3.7). The top row 
shows box plots of VV/HH, HH, and HV for L-band across six surface classes: open water, lake lid, slush and braided, crevasse 
and rough, bare ice, and snow. The bottom row displays the Kolmogorov–Smirnov D statistic. Higher D values indicate stronger 
separability between class pairs. 
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Figure 3.9. Transects over two lakes in case 2 (20/2021 July 2024 CP image pair). The left column shows Landsat-8 imagery 
with lake extents in cyan derived from a high NDWIice threshold and transect directions in red. The center panels display L-
band and C-band RCH, LPR, and DoD with transects overlaid. The right column presents profiles along each transect with L-
band in black and C-band in blue. Lake (i) contains both open water and a lake lid whereas Lake (ii) is entirely open water. 
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3.5.5. Case 1 lake classification accuracy 

Classification metrics for cases 1 and 2 are summarized in Tables 3.3 and 3.4, with example classification 

outputs provided in Figure 3.10 and 3.11. Because cases 1 and 2 differ in acquisition date, melt stages, 

and (for C‑band) footprint and hence training data, we treat their results separately. 

First, we consider case 1 and feature set a) to d) usings varying combinations of HH, HV, and VV/HH 

(Table 3.4). Across all the L‑band feature sets, and using both classification algorithms, OA and F1 exceed 

those of any C‑band model. The best C‑band configuration was feature set d) in XGBoost, achieving 

OA = 0.835, whereas the lowest‑performing L‑band feature group (set b) still attains OA = 0.880. Feature 

sets including VV/HH (set c and d) yield the highest OA and K. Notably, the OA-K gap is far larger in 

C‑band (~ 0.17 - 0.34) than in L‑band (~ 0.01 - 0.12), indicating that chance agreement inflates OA more 

strongly at the shorter wavelength. Adding GLCM textures improves most C‑band and L‑band models, 

except for the L‑band set a), which exhibits a decrease in accuracy relative to set b). P tends to exceed R 

for the lake class in C‑band models, whereas recall dominates for no‑lake; these biases are muted in 

L‑band. 

Next, we consider case 1 feature sets e) to h), which are based on VV and HH polarizations (Table 3.4). 

Similar to results from feature sets a) to d), L-band feature sets using both classification algorithms 

achieved higher OA and F1 scores than all corresponding C-band models. Furthermore, within both C- 

and L-band, feature sets e) to h) produced metrics comparable to those from sets a) to d), indicating that 

dual-pol feature sets (VV + HH) can achieve similar or better classification performance to FP sets that 

include HV. The inclusion of texture parameters in the L-band dual-pol feature set f) led to a reduction in 

accuracy, whereas adding texture parameters to the L-band dual-pol set that included VV/HH (set h) 

resulted in increased accuracy for both Random Forest and XGBoost. For C-band, including texture 

parameters improved accuracy consistently in both dual-pol (set f) and VV/HH dual-pol (set h) 

configurations. Overall, among all feature sets (a–h), the highest F1, OA, and K were obtained with L-

band feature set h using the Random Forest classifier. 

Figure 3.10 confirms the similar performance of XGBoost and Random Forest, mapped lake extents are 

similar for each frequency and feature set. C-band models misclassify large portions of the surrounding 

ice sheet as lake, whereas L-band models show much less confusion (Figure 3.10). The best L-band 

configurations (Figure 3.10avi and bvi) closely track the NDWIice lake outlines, with minimal 
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misclassification of adjacent snow and ice. Minimal difference are apparent between L-band 

classifications based solely on the co-polarized bands VV and HH (Figure 3.10avi and 10bvi) and those 

that included HV (Figure 3.10av and bv). 

3.5.6. Case 2 lake classification accuracy 

Next, we consider case 2 CP feature sets (i to l) (Table 3.5). The best C-band result is obtained with set h) 

in Random Forest (OA = 0.989, K = 0.978), while the best L-band result comes from set g) in XGBoost 

(OA = 0.986, K = 0.972. For set i), L-band achieves higher OA and K for both classification models than 

C-band, whereas for set j), which includes texture parameters, C-band produces higher OA and K. 

Similarly, for feature sets that incorporate LPR and DoD (sets k and l), L-band yields higher OA and K in 

set k), while C-band yields higher values in set l). Thus, incorporating texture parameters brings small 

gains in C‑band but neutral or negative changes in L‑band.  For sets i) and j), the OA–K gaps for C-band 

(~0.054 – 0.132) and L-band (~0.103 – 0.145) are similarly large. However, upon introduction of LPR 

and DoD (sets k and l), these gaps decrease substantially (0.011 – 0.052 for C-band; 0.004 – 0.011 for L-

band). Feature sets containing LPR and DoD yield the largest absolute accuracy gains at both wavelengths. 

L-band feature sets that included FP data, specifically variations of HH, HV, and VV/HH (sets m to p), as 

well as variations of VV, HH, and VV/HH (sets q to t), produced results comparable to CP feature sets. 

The highest OA and K among all feature sets in case 2 were achieved by sets p (OA = 0.999, K = 0.998) 

and t (OA = 0.999, K = 0.998) using Random Forest. Similar to case 1, feature sets relying solely on dual-

pol VV + HH data (sets q to t) exhibited high accuracy, comparable or superior to those incorporating HV 

(sets m to p), and surpassed the accuracy obtained by CP feature sets. L-band feature sets based on dual-

pol HH + HV data (sets m and n) achieved lower OA (0.838 – 0.877) and K (0.676 – 0.754) than dual-pol 

VV + HH (sets q and r) (OA = 0.933 – 0.948 and K = 0.866 – 0.896). The inclusion of VV/HH in sets s) 

and t) further increased OA and K relative to feature sets q) and r). 

In Figure 3.11, similarities in performance between XGBoost and RF models are evident. C- and L-band 

feature sets without LPR or DoD (Figure 3.11ai, aiii, bi, and biii) had greater misclassification of snow and 

ice, as well as less homogenous areas of correctly classified areas over lake extents. Both C- and L-band 

models with features sets including LPR and DoD exhibited very accurate classification of lakes, with 

minimal misclassification of snow and ice areas, and most of the lake correctly classified. L-band feature 

sets that rely solely on VV and HH bands (Figure 3.11av and bv) classify lakes accurately and show 
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minimal confusion with surround ice-sheet facies, comparable to C- and L-band CP feature sets that 

incorporate LPR and DoD (Figure 3.11aii, aiv, bii, and biv). 

 
Table 3.4. Classification metrics for case 1 (12 July 2024 FP image pair), comparing C-band RCM and L-band SAOCOM-1. 
Random Forest and XGBoost models were trained with eight C- and L-band feature sets each: a) HH + HV, b) HH + HV + 
GLCMs; c) HH + HV + VV/HH; d) HH + HV + VV/HH + GLCMs; e) VV + HH; f) VV + HH + GLCMs; g) VV + HH + 
VV/HH; h) VV, HH, VV/HH, GLCMs. Reported metrics are precision and recall for the lake and no-lake classes (PLake, RLake, 
PNoLake, RNoLake), macro-averaged F1, overall accuracy (OA), and Cohen’s K. 

Band Feature Set PLake RLake PNoLake RNoLake F1 OA K 
Random Forest 

C-band a) HH, HV 0.727 0.526 0.629 0.802 0.657 0.664 0.328 
 b) HH, HV, GLCMs 0.833 0.638 0.707 0.872 0.752 0.755 0.51 
 c) HH, HV, VV/HH 0.775 0.722 0.74 0.79 0.756 0.756 0.512 
 d) HH, HV, VV/HH, 

GLCMs 
0.783 0.908 0.89 0.748 0.827 0.828 0.656 

 e) VV, HH 0.785 0.75 0.761 0.794 0.772 0.772 0.544 
 f) VV, HH, GLCMs 0.886 0.796 0.815 0.898 0.847 0.847 0.694 
 g) VV, HH, VV/HH 0.776 0.742 0.753 0.786 0.764 0.764 0.528 
 h) VV, HH, VV/HH, 

GLCMs 
0.784 0.914 0.897 0.748 0.83 0.831 0.662 

L-band a) HH, HV 0.922 0.92 0.92 0.922 0.921 0.921 0.842 
 b) HH, HV, GLCMs 0.931 0.836 0.851 0.938 0.887 0.887 0.774 
 c) HH, HV, VV/HH 0.957 0.982 0.982 0.956 0.969 0.969 0.938 
 d) HH, HV, VV/HH, 

GLCMs 
0.990 0.996 0.996 0.99 0.993 0.993 0.986 

 e) VV, HH 0.953 0.942 0.943 0.954 0.948 0.948 0.896 
 f) VV, HH, GLCMs 0.931 0.838 0.853 0.938 0.888 0.888 0.776 
 g) VV, HH, VV/HH 0.954 0.946 0.946 0.954 0.95 0.95 0.9 
 h) VV, HH, VV/HH, 

GLCMs 
0.994 0.996 0.996 0.994 0.995 0.995 0.99 

XGBoost 
C-band a) HH, HV 0.855 0.52 0.655 0.912 0.705 0.716 0.432 
 b) HH, HV, GLCMs 0.794 0.638 0.697 0.834 0.733 0.736 0.472 
 c) HH, HV, VV/HH 0.799 0.738 0.757 0.814 0.776 0.776 0.552 
 d) HH, HV, VV/HH, 

GLCMs 
0.793 0.906 0.89 0.764 0.834 0.835 0.67 

 e) VV, HH 0.816 0.684 0.728 0.846 0.763 0.765 0.53 
 f) VV, HH, GLCMs 0.881 0.872 0.873 0.882 0.877 0.877 0.754 
 g) VV, HH, VV/HH 0.807 0.746 0.764 0.822 0.784 0.784 0.568 
 h) VV, HH, VV/HH, 

GLCMs 
0.78 0.93 0.913 0.738 0.832 0.834 0.668 

L-band a) HH, HV 0.923 0.932 0.931 0.922 0.927 0.927 0.854 
 b) HH, HV, GLCMs 0.936 0.816 0.837 0.944 0.88 0.88 0.76 
 c) HH, HV, VV/HH 0.96 0.972 0.972 0.96 0.966 0.966 0.932 
 d) HH, HV, VV/HH, 

GLCMs 
0.99 0.996 0.996 0.99 0.993 0.993 0.986 

 e) VV, HH 0.949 0.938 0.939 0.95 0.944 0.944 0.888 
 f) VV, HH, GLCMs 0.928 0.83 0.846 0.936 0.883 0.883 0.766 
 g) VV, HH, VV/HH 0.95 0.948 0.948 0.95 0.949 0.949 0.898 
 h) VV, HH, VV/HH, 

GLCMs 
0.992 0.996 0.996 0.992 0.994 0.994 0.988 
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Table 3.5. Classification metrics for case 2 (20/21 July 2024 CP images, and L-band FP), comparing C-band RCM and L-band 
SAOCOM-1. Random Forest and XGBoost models are evaluated with four C- and L-band CP feature sets: i) RCH + RCV; j) 
RCH + RCV + GLCMs; k) RCH + RCV + LPR/DoD, and l) RCH + RCV + LPR/DoD + GLCMs. Eight L-band FP feature 
sets were also evaluated: m) HH + HV, n) HH + HV + GLCMs; o) HH + HV + VV/HH; p) HH + HV + VV/HH + GLCMs; q) 
VV + HH; r) VV + HH + GLCMs; s) VV + HH + VV/HH; t) VV, HH, VV/HH, GLCMs. Metrics reported are precision and 
recall for lake and no-lake classes (PLake, RLake, PNoLake, RNoLake), macro-averaged F1, overall accuracy (OA), and Cohen’s K.  

Band Feature Set PLake RLake PNoLake RNoLake F1 OA K 
Random Forest 

C-band i) RCH, RCV 0.923 0.836 0.85 0.93 0.883 0.883 0.766 
 j) RCH, RCV, GLCMs 0.92 0.946 0.944 0.918 0.932 0.932 0.864 
 k) RCH, RCV, LPR/DoD 0.987 0.926 0.93 0.988 0.957 0.957 0.914 
 l) RCH, RCV, LPR/DoD, 

GLCMs 
0.994 0.984 0.984 0.994 0.989 0.989 0.978 

L-band i) RCH, RCV 0.913 0.878 0.882 0.916 0.897 0.897 0.794 
 j) RCH, RCV, GLCMs 0.885 0.816 0.829 0.894 0.855 0.855 0.71 
 k) RCH, RCV, LPR/DoD 0.994 1.0 1.0 0.994 0.997 0.997 0.994 
 l) RCH, RCV, LPR/DoD, 

GLCMs 
0.967 1.0 1.0 0.966 0.983 0.983 0.966 

 m) HH, HV 0.885 0.866 0.869 0.888 0.877 0.877 0.754 
 n) HH, HV, GLCMs 0.853 0.824 0.83 0.858 0.841 0.841 0.682 
 o) HH, HV, VV/HH 0.99 0.96 0.961 0.99 0.975 0.975 0.95 
 p) HH, HV, VV/HH, 

GLCMs 
0.998 1.0 1.0 0.998 0.999 0.999 0.998 

 q) VV, HH 0.955 0.94 0.941 0.956 0.948 0.948 0.896 
 r) VV, HH, GLCMs 0.945 0.92 0.922 0.946 0.933 0.933 0.866 
 s) VV, HH, VV/HH 0.948 0.948 0.948 0.948 0.948 0.948 0.896 
 t) VV, HH, VV/HH, 

GLCMs 
0.998 1.0 1.0 0.998 0.999 0.999 0.998 

XGBoost 
C-band i) RCH, RCV 0.874 0.86 0.862 0.876 0.868 0.868 0.736 
 j) RCH, RCV, GLCMs 0.939 0.954 0.953 0.938 0.946 0.946 0.892 
 k) RCH, RCV, LPR/DoD 0.989 0.906 0.913 0.99 0.948 0.948 0.896 
 l) RCH, RCV, LPR/DoD, 

GLCMs 
0.99 0.986 0.986 0.99 0.988 0.988 0.976 

L-band i) RCH, RCV 0.895 0.87 0.874 0.898 0.884 0.884 0.768 
 j) RCH, RCV, GLCMs 0.928 0.824 0.842 0.936 0.88 0.88 0.76 
 k) RCH, RCV, LPR/DoD 0.994 0.998 0.998 0.994 0.996 0.996 0.992 
 l) RCH, RCV, LPR/DoD, 

GLCMs 
0.973 1.0 1.0 0.972 0.986 0.986 0.972 

 m) HH, HV 0.876 0.872 0.873 0.876 0.874 0.874 0.748 
 n) HH, HV, GLCMs 0.855 0.814 0.823 0.862 0.838 0.838 0.676 
 o) HH, HV, VV/HH 0.992 0.958 0.959 0.992 0.975 0.975 0.95 
 p) HH, HV, VV/HH, 

GLCMs 
0.998 0.982 0.982 0.998 0.99 0.99 0.98 

 q) VV, HH 0.946 0.944 0.944 0.946 0.945 0.945 0.89 
 r) VV, HH, GLCMs 0.953 0.942 0.943 0.954 0.948 0.948 0.896 
 s) VV, HH, VV/HH 0.957 0.944 0.945 0.958 0.951 0.951 0.902 
 t) VV, HH, VV/HH, 

GLCMs 
0.998 0.982 0.982 0.998 0.99 0.99 0.98 
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Figure 3.10. Example lake classification outputs from case 1 (12 July 2024 FP image pair). The top panel shows a reference 
Landsat-8 RGB mosaic (13 July) with the RCM footprint outlined by a dashed line. Panels (a) and (b) present classifications 
from Random Forest and XGBoost, respectively. In each row, panels (i) to (iii) correspond to C-band feature sets b), d), and 
h), while panels (iv) to (vi) correspond to L-band. Green pixels indicate areas classified as lake and the red outlines denote lake 
detected using NDWIice (> 0.30). 
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Figure 3.11. Example lake classification outputs from case 2 (20/21 July 2024 CP image pair). The top panel shows a reference 
Sentinel-2 RGB mosaic (20 July). Panels (a) and (b) show classifications from Random Forest and XGBoost, respectively. In 
each row, panels (i) and (ii) correspond to C-band feature sets j) and l), while panels (iii) to (v) correspond to L-band feature 
sets j), l), and p). Green pixels indicate areas classified as lake and the red outlines denote lake detected using NDWIice (> 0.25). 
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3.5.7. Lake classification feature importance 

Feature importance, quantified via the Random Forest mean decrease in Gini impurity for case 1 (feature 

set d, Table 3.4) and case 2 (feature sets l and p, Table 3.5) are shown in Figure 3.12 and Figure 3.13 

respectively. 

Considering first case 1, in both frequencies the most influential predictors are GLCM texture parameters 

derived from VV/HH; VV/HH image ranks next for C-band whereas for L‑band, HV is the single most 

important non‑texture variable (19 % of total) (Figure 3.12). At L-band, the four leading VV/HH textures 

together contribute 48.6 %. 

For case 2, DoD, and GLCM texture parameters derived from it, dominate (Figure 3.13). When 

considering feature set l) (Table 3.5) the top seven variables account for 66 % of total importance in 

C‑band and 84 % in L‑band, suggesting that L-band classification can be driven by a smaller subset of 

predictors and is thus more efficient. C‑band next favours GLCM texture parameters derived from RCH 

(correlation, dissimilarity, contrast), whereas at L‑band the LPR is important, reinforcing the added value 

of CP ratios. In the L-band FP feature set for case 2 (set p, Table 3.5), VV/HH and its associated GLCM 

texture parameters together account for 93 % of the total feature importance, underscoring VV/HH as a 

key predictor of lakes during the melt season. 
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Figure 3.12. Feature importance for case 1 (12 July 2024 FP image pair), plotted as the percentage contribution to the total 
mean decrease in Gini impurity from the Random Forest classifier. C- and L-band feature sets d) (Table 3.4) are shown on the 
left and right respectively. 

 

 

 

 
Figure 3.13. Feature importance for case 2 (20/21 July 2024 CP image pair and L-band FP image), plotted as the percentage 
contribution to the total mean decrease in Gini impurity from the Random Forest classifier. C-band and L-band feature sets l) 
(Table 3.5) are shown on the left and center plots respectively. L-band feature set p) (Table 3.5) is shown on the right plot. 
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3.8. Conclusion 

In this study we analyzed two coincident pairs of C- and L-band data during the 2024 melt season over ZI 

and 79NG in NE Greenland. Our analysis included a detailed comparison of backscatter signatures and 

separability for lake classes (OW and LL) and ice-sheet facies (SL, SN, CR, and BI). This analysis was 

complimented by backscatter values sampled along two lakes for each case. This was followed by 

classifications of lakes using two decision tree machine learning models (XGBoost and Random Forest). 

Our first objective was to determine the optimal frequency and polarizations for separation of open water 

and ice-covered supraglacial lakes from surrounding ice sheet facies during melt conditions.  We found 

that VV/HH and LPR exhibited strong separability of OW from all ice-sheet facies in both frequencies 

and cases, except for the first C-band in case 1. For case 1 C-band VV/HH, poor separability may be 

attributable to wind-induced surface roughening of OW and backscatter values near or at the NESZ. The 

enhanced penetration of L-band relative to C-band likely contributed to superior performance in separating 

OW from SL with VV/HH and single-pol bands. Furthermore, L-band VV/HH and LPR demonstrated a 

low ratio for LL relative to OW and other ice-sheet facies. CP DoD in case 2 showed good separation of 

OW from ice-sheet facies at both frequencies, but did not achieve the strong LL–ice separation observed 

with L-band VV/HH and LPR. In general, single-polarization channels (HH, HV, and RCH) provided less 

consistent separation of OW from ice-sheet facies and were particularly limited in distinguishing LL. 

Among all classes, SL consistently showed the poorest separability, likely due to its low dielectric contrast 

with OW. 

The second objective of our study was to evaluate Random Forest and XGBoost classifiers for mapping 

lakes and to identify which parameters were most effective for this purpose. Classification results 

indicated that XGBoost and Random Forest achieved similar accuracies across all evaluated feature sets, 

with neither algorithm consistently outperforming the other. For case 1, all L-band feature sets achieved 

higher classification accuracies than their corresponding C-band counterparts, whereas results from case 

2 were more comparable between frequencies. The inclusion of texture parameters typically improved 

classification accuracy in both cases. Feature sets that included VV/HH or LPR resulted in greater 

classification accuracies, reflecting the greater overall separability these parameters provide between OW 

and ice-sheet facies. Dual-pol VV + HH based feature sets were capable of achieving accuracies similar 

or greater than those that included HV, supporting the notion of the importance VV/HH. Results on feature 
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importance demonstrated that VV/HH was one of the most influential parameters in both case 1 and 2 FP 

classifications. 

Future research can build upon this work by integrating in-situ data to directly measure liquid water 

content in snow and firn and to characterize the horizontal structure and internal properties of lake lids. 

Such data would enable detailed analyses of scattering mechanisms and provide critical geophysical 

context to remote sensing interpretations. Additionally, in-situ wind speed measurements could help 

clarify the impacts of wind-induced roughening on lake surface backscatter. Future comparative studies 

of SAR frequencies and polarizations should aim to acquire imagery at consistent incidence angles to 

minimize variability caused by sensor geometry and thus simplify interpretation. Evaluating lake detection 

performance explicitly at different incidence angles (near, mid, and far) could become a primary 

component of future research. Although fully-polarimetric, compact polarimetric, and dual-polarimetric 

(VV + HH) data remain limited at both C- and L-band, researchers may utilize taskable sensors such as 

SAOCOM-1 and ALOS PALSAR-2, which offer user-defined polarization modes. This capability could 

be especially valuable for continuous monitoring of field sites with instrumentation that require 

uninterrupted observations, such as lakes and melt ponds on ice shelves. Furthermore, future SAR 

missions should consider regularly acquiring dual polarimetric VV + HH or compact polarimetric data, as 

compact polarimetry provides a richness of information comparable to fully polarimetric data but with 

greater energy efficiency. 

Lakes represent an important meltwater component of the GrIS’s hydrologic systems, influencing both 

surface mass balance and ice-sheet dynamics. While optical-based methodologies for monitoring lakes 

during the melt season are well-developed, their use is restricted by cloud cover and ice lids. This study 

provides a melt-season analysis of C- and L-band SAR data, demonstrating that VV/HH, LPR, and DoD 

parameters offer improved capabilities for lake detection compared to single-polarization channels. These 

findings offer critical insights toward developing SAR-based monitoring techniques that could 

complement or operate independently of optical approaches, providing consistent observational coverage 

irrespective of cloud conditions. 
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Chapter 4. Thesis summary and future directions 

Supraglacial lakes are an important component of the GrIS hydrologic system, connecting surface 

meltwater processes to the subglacial environment and influencing SMB and overall stability. Over 

approximately the past two decades, passive optical spaceborne sensors have provided foundational 

insights into supraglacial lake characteristics and dynamics. However, due to inherent observational 

limitations associated with these sensors, monitoring has primarily been restricted to the melt season. In 

this thesis, SAR was advanced as a tool for monitoring supraglacial lakes throughout both winter and melt 

seasons. For winter monitoring, we developed a novel methodology enabling the detection of supraglacial 

lake drainage events at high temporal resolution over a 10-year period. During the melt season, we 

assessed and compared the capabilities of quad and compact polarimetric SAR at both C- and L-bands for 

detecting supraglacial lakes, with a particular focus on distinguishing between lakes with and without ice 

lids. 

Our findings presented in Chapter 2, "A decade of winter supraglacial lake drainage across NE Greenland 

using C-band SAR," reveal that winter drainage events are common and occurred in each winter season 

of the study period. These findings represent some of the first to clearly demonstrate the prevalence of 

this previously poorly understood process, including the first time series observations approaching a daily 

temporal resolution. Results highlight the importance of winter drainage events on supraglacial lake 

behaviour, alongside well-documented melt-season drainage and winter freeze-through processes. 

Importantly, the results demonstrated that these winter drainage events can induce increases in ice velocity 

and showed potential relationships with melt-season conditions both preceding and following the events, 

as indicated by an analysis linking winter events to melt intensity and melt-season drainage events. 

Given the lack of adequate historical SAR data over the GrIS compared to optical datasets such as Landsat, 

continued monitoring of winter lake behaviour is necessary to document long-term trends that may not 

have been fully captured within the span of our 10-year study. This is particularly important as climate 

change may influence the spatiotemporal distribution and frequency of these drainage events. 

Furthermore, there remains a need to extend similar analyses to other regions of the GrIS, which would 

allow for an expanded investigation into how winter drainage influences ice dynamics and the subglacial 

and supraglacial hydrological systems. Future methodological advances could build upon the approach 

developed in Chapter 2 by creating a fully automated detection system. Additionally, incorporating SAR 
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frequencies such as L-band from upcoming missions like NISAR and ROSE-L could enhance the temporal 

resolution and accuracy of the detection of winter drainage events. 

In Chapter 3, "Melt season C- and L-band SAR backscatter observations of supraglacial lakes in Northeast 

Greenland," our analysis demonstrated superior separability of supraglacial lakes from surrounding ice 

sheet facies during the melt season, particularly using VV/HH at L-band and, in some melt season 

conditions, at C-band as well. Single polarization channels have limited ability to separate slush and open 

water lake areas, contributing to limited melt season utility. We also observed that the decision tree 

classifiers, Random Forest and XGBoost, produced comparable results, with most feature sets at both C-

band and L-band benefiting from the inclusion of GLCM texture metrics. These findings establish a 

foundation for future SAR-based melt-season lake detection methodologies that could operate 

independently or in combination with optical datasets, enabling continuous time series mapping of lake 

evolution, unaffected by cloud cover. Furthermore, the use of L-band VV/HH enables the detection of 

meltwater areas hidden beneath perennial snow and ice lake lids. Future research may exploit this 

capability to provide estimates of melt water hidden beneath snow and ice lids covering lakes during the 

melt season. 

In this study, we used optical imagery to identify ice-sheet facies, supporting the analysis of backscatter 

signatures and class separability for C- and L-band SAR data. However, incorporating in-situ field 

measurements would substantially improve the analysis by providing direct observations of snow and firn 

volumetric water content, thus facilitating a more robust interpretation of results. Additionally, snow pit 

excavations and ice-core sampling from lake lids would help clarify potential scattering mechanisms 

responsible for the observed low L-band VV/HH backscatter. Direct measurements of near-surface wind 

speeds and observations of wind-driven roughening of lake surfaces could further strengthen comparisons 

of C- versus L-band performance and limitations in detecting supraglacial lakes. 

Supraglacial lakes play a significant role in both the surface and dynamic mass balance of the GrIS. While 

lake dynamics during the melt season have been extensively studied using optical remote sensing, 

understanding of wintertime lake behaviour remains comparatively limited, with SAR methodologies only 

recently adopted for winter observations. Complementary use of SAR during the melt season also remains 

constrained by challenges such as widespread meltwater presence and low dielectric contrast between 

lakes and adjacent ice and snow facies. In this thesis, we developed a novel SAR-based methodology for 
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monitoring winter lake dynamics, enabling insights into rarely studied winter drainage events in NE 

Greenland. Furthermore, we demonstrated the potential of C- and L-band SAR for detecting supraglacial 

lakes and identifying meltwater beneath snow and ice lids during the melt season. Future research can 

build upon this work by extending process-based studies of supraglacial lakes to additional regions of the 

GrIS, and by further exploring complex SAR microwave scattering mechanisms through integration of 

in-situ field data and expanded spatiotemporal datasets. Continued development and application of SAR-

based monitoring methodologies will be essential for advancing our knowledge of supraglacial lakes in 

the coming decades. This progress will be facilitated by ongoing availability of C-band SAR data from 

the RCM and Sentinel-1 satellites, as well as the anticipated launch of open-access, regularly acquired L-

band SAR data from the forthcoming NISAR and ROSE-L missions. 
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Appendix A. Supplementary figures for Chapter 2 

 
Figure A.1. Maps of melt intensity (cumulative melt days between 1 June and 31 August)  for Nioghalvfjerdsbræ (79NG) and 
Zachariæ Isstrøm (ZI) derived from ASCAT data. 
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Figure A.2. Time series of ASCAT-derived melt area across the entire domain from 1 June to 31 August of the 2014 to 2022 
melt seasons. Three of these time series are also shown in Figure 2.7. 
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Figure A.3. Locations of melt season (red polygon) and winter (blue polygon) rapid drainages from 2016 to 2022. Melt season 
rapid lake drainages are from Lutz et al., (2025). Gray shading indicates land areas, and black represents an ocean mask, both 
derived from the GIMP lake, ice, and ocean classification dataset (Howat, 2017). 
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Appendix B. Supplementary figures for Chapter 3 

 
Figure B.1. Probability density curves for six GLCM texture metrics including contrast, dissimilarity, homogeneity, entropy, 
ASM, and correlation, derived from C-band RCM backscatter acquired on 12 July 2024. Rows are grouped by input backscatter 
type including VV divided by HH, HV, and HH. Colored lines represent the six surface classes: open water, lake lid, slush and 
braided, crevasse and rough, bare ice, and snow. Black triangles indicate classes with low variance in a given texture metric. 
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Figure B.2. Probability density curves for six GLCM texture metrics including contrast, dissimilarity, homogeneity, entropy, 
ASM, and correlation, derived from L-band SAOCOM backscatter acquired on 12 July 2024. Rows are grouped by input 
backscatter type including VV divided by HH, HV, and HH. Colored lines represent the six surface classes: open water, lake 
lid, slush and braided, crevasse and rough, bare ice, and snow. Black triangles indicate classes with low variance in a given 
texture metric. 
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Figure B.3. Probability density curves for six GLCM texture metrics including contrast, dissimilarity, homogeneity, entropy, 
ASM, and correlation, derived from C-band RCM compact polarimetric image acquired on 21 July 2024. The first two rows 
show textures calculated from RCH, the next two rows show textures from the LPR, and the final two rows show textures from 
DoD. Coloured lines represent the six surface classes open water, lake lid, slush and braided, crevasse and rough, bare ice, and 
snow. Triangles indicate classes with very low texture variance. 
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Figure B.4. Probability density curves for six GLCM texture metrics including contrast, dissimilarity, homogeneity, entropy, 
ASM, and correlation, derived from L-band SAOCOM simulated compact polarimetric image acquired on 21 July 2024. The 
first two rows show textures calculated from RCH, the next two rows show textures from the LPR, and the final two rows show 
textures from DoD. Coloured lines represent the six surface classes open water, lake lid, slush and braided, crevasse and rough, 
bare ice, and snow. Triangles indicate classes with very low texture variance. 
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