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 Supraglacial lake evolution on Tracy and Heilprin Glaciers in 1 

northwestern Greenland from 2014 to 2021 2 

Yefan Wang and Shin Sugiyama 3 

Institute of Low Temperature Science, Hokkaido University, Sapporo, Japan 4 

Abstract: Supraglacial lakes form on the Greenland ice sheet during the melting season as 5 

meltwater accumulates in topographic depressions on the surface. They have the potential to 6 

increase ablation by reducing albedo and enhance ice flow when water drains to the bed. Despite 7 

recent progress in understanding the surface hydrology of the Greenland ice sheet, the seasonal and 8 

year-to-year variations of supraglacial lakes remain poorly understood. Here, we employed a 9 

machine learning method trained with random forest classifiers on Landsat 8 and Sentinel-2 10 

imagery within Google Earth Engine for detecting supraglacial lakes. We applied this method to 11 

two large marine-terminating glaciers (Heilprin Glacier and Tracy Glacier) in northwestern 12 

Greenland to investigate the distribution, inter-annual and seasonal evolutions of supraglacial lakes 13 

between 2014 and 2021. Over the eight study years, cumulated maximum lake extent on Heilprin 14 

Glacier (22.84 km2) was approximately three times larger than that of Tracy Glacier (7.60 km2) 15 

despite the similarity in the glacier areas (654 km2 and 540 km2). The lake extent exhibited 16 

significant interannual variability controlled by summer PDD (sum of positive degree days), and 17 

the upper limit of lake formation coincided approximately with ELA (equilibrium line altitude). 18 

Greater lake areas were observed in 2016 and 2019, but obviously below-average areas in 2017–19 

2018. The variabilities were pronounced in the region above 800 m a.s.l., particularly at Tracy 20 

Glacier. On the seasonal scale, lakes begin forming in early- to mid-June and disappear towards 21 

the end of August. The lake formation was triggered by the initiation of runoff in the regions below 22 
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800 m a.s.l., while it coincided with the onset of surface melt at the higher elevations due to the 23 

presence of ice/snow-buried lakes. Cascading rapid lake drainage events were observed in the mid-24 

elevation areas (400−800 m a.s.l.) of Heilprin Glacier, which induced an abrupt decrease in the 25 

lake area at the beginning of July in the years of 2019 and 2020. Our study demonstrates the 26 

potential of the machine learning method to analyze supraglacial lakes in dense satellite images. 27 

The results imply inland expansion of supraglacial lakes under warming climate in Greenland and 28 

a possible interaction between draining lake water and glacier dynamics. 29 

Key words: Supraglacial lake; Greenland ice sheet; Machine learning; Random forest; Google 30 

Earth Engine; Calving glacier 31 

 32 

1 Introduction 33 

Meltwater runoff from the Greenland ice sheet has substantially increased in the past two decades 34 

(Slater et al., 2021; Tedstone and Machguth, 2022). It was accompanied by an expansion of the 35 

visible runoff area in the ice sheet marginal region by 29% between the years 1985 and 2020 36 

(Tedstone and Machguth, 2022). Part of the meltwater produced on the ice sheet surface 37 

accumulates in surface topographic depressions within the ablation zone, forming supraglacial 38 

lakes during the melt season (Echelmeyer et al., 1991). The formation of supraglacial lakes has a 39 

significant influence on the ice sheet mass balance and ice dynamics. Firstly, the lakes enhance the 40 

surface melting by 100–170% in comparison to the surrounding bare ice area, due to the lower 41 

albedo (Lüthje et al, 2006; Tedesco et al, 2012). Secondly, a rapid lake water drainage event may 42 

cause ice flow acceleration, due to elevated basal water pressure and reduced basal friction 43 

(Chudley et al., 2019; Das et al., 2008; Doyle et al., 2013; Stevens et al., 2015). 44 
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The formation and subsequent development of supraglacial lakes are controlled by several factors, 45 

including topography, climate, ice velocity, and ice thickness (Williamson et al., 2018b). Given 46 

that sufficient meltwater is produced, the location of supraglacial lake formation is primarily 47 

controlled by surface topography (Lüthje et al., 2006). Since surface topography is often affected 48 

by bed geometry, the position of lakes on the ice surface is largely controlled by the underlying 49 

bedrock topography (Lampkin and Vanderberg, 2011). The surface depressions provide potential 50 

locations for lake development, while lake ponding is controlled by water availability. According 51 

to studies conducted in southwestern Greenland (Johansson et al., 2013; Fitzpatrick et al., 2014), 52 

small lakes tend to cluster in near-terminus low-elevation areas in the form of water-filled crevasses, 53 

whereas relatively large lakes tend to form annually at the same topographic depressions at higher 54 

elevations (~1000–1500 m a.s.l.). In more inland regions (above ~1600 m), supraglacial lakes are 55 

rarely observed because meltwater is unavailable under low temperatures (Sundal et al., 2009; 56 

Johansson et al., 2013; Fitzpatrick et al., 2014; Yang et al., 2021). The formation of lakes shows 57 

seasonal progress from lower elevations to higher elevations as the temperature increases (Chu, 58 

2014). Due to current climate warming in the Arctic, the appearance of supraglacial lakes is likely 59 

to migrate to higher elevations where surface slopes are gentle and ice speeds are slow (Leeson et 60 

al., 2015; Ignéczi et al., 2016). Therefore, investigating the lake evolution and drainage is crucial 61 

for assessing their potential impact on the mass balance and dynamics of the Greenland ice sheet.  62 

To investigate supraglacial lakes in large spatial and temporal scales, remote sensing is an effective 63 

and commonly employed approach. For instance, MODIS (Moderate Resolution Imaging 64 

Spectroradiometer) images have been widely used in supraglacial lake studies (Box & Ski, 2007; 65 

Selmes et al., 2011; Sundal et al., 2009). They are available in a high temporal resolution (daily), 66 

but relatively low spatial resolution (250 or 500 m) of MODIS hinders the identification of small 67 

lakes (< 0.125 km2). Smaller lakes can be studied with relatively high-resolution ASTER (15 m) 68 
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and Landsat (30 m) images (Sneed and Hamilton, 2007; McMillan et al., 2007; Georgiou et al., 69 

2009). However, the temporal resolutions of these images are insufficient for short-term lake 70 

variations represented by rapid drainage events (Williamson et al., 2017). Since 2014, the Sentinel-71 

1 SAR data are available for the observation of supraglacial lakes in the polar regions (Miles et al., 72 

2017; Dirscherl et al., 2021a; Li et al., 2021; Jiang et al., 2022; Shu et al., 2023). SAR images have 73 

an advantage in observation under cloud cover or during polar night, but the radar image suffers 74 

from the effects of speckle noise, rendering image processing relatively complex (Miles et al., 75 

2017). After the launch of Landsat 8 and Sentinel-2, combination of optical images acquired by 76 

these two satellites enabled us to study supraglacial lakes in higher spatial and temporal resolutions 77 

(Williamson et al., 2018a; Dell et al., 2020; Moussavi et al., 2020).  78 

For mapping supraglacial lakes on satellite imagery, the threshold-based classification is the most 79 

commonly adopted approach. This method identifies water pixels based on thresholds prescribed 80 

for multiple spectral bands or spectral indices. The Normalized Difference Water Index adapted 81 

for ice (NDWIice, Yang and Smith, 2013), which is based on an empirically selected red/blue 82 

reflectance threshold (typically > 0.2–0.5), is the most widely used spectral index for supraglacial 83 

lake identification (e.g. Fitzpatrick et al., 2014; Williamson et al., 2018a). However, the NDWI-84 

based approach sometimes brings about misclassification as it is affected by cloud cover, cloud 85 

shadows, and other spectrally similar classes such as slush, blue ice, shaded rocks, and shaded 86 

snow. To avoid misclassifications, the multiple-threshold approach has been used in supraglacial 87 

lake research (e.g. Spergel et al., 2021; Tuckett et al., 2021; Arthur et al., 2022; Corr et al., 2022). 88 

For example, Moussavi et al. (2020) employed the Normalized Difference Snow Index (NDSI) 89 

based on green and shortwave infrared (SWIR) bands (Hall et al., 1995) and some other spectral 90 

indices for more robust lake classification. This approach led to successful mapping of supraglacial 91 

lakes along the entire Antarctic coastal margin with fewer misclassification errors (Moussavi et al., 92 
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2020). Despite its ability to distinguish lakes from other water-like features, the threshold-based 93 

method is prone to misclassification when applied to larger areas and longer temporal scales 94 

because the predefined thresholds may vary in different locations and seasons (Dell et al., 2021).  95 

In recent years, machine learning has been applied for mapping supraglacial lakes. The machine 96 

learning approach utilizes a greater amount of spectral information compared to conventional 97 

approaches and identifies the most useful information for accurate classification (Dell et al., 2021). 98 

The methodology includes Cart, Support Vector Machine (SVM), Random Forest (RF), among 99 

which RF outperforms others (Halberstadt et al., 2020) and has been employed for mapping 100 

supraglacial lakes in Greenland (Yuan et al., 2020; Hu et al., 2021) and Antarctica (Dirscherl et al., 101 

2020; Dell et al., 2021). The RF methodology reduces the misclassification of lakes (Dirscherl et 102 

al., 2020; Halberstadt et al., 2020), particularly because it distinguishes slush from shallow lakes 103 

(Dell et al., 2021). As a more advanced machine learning technology, deep learning techniques 104 

have also been introduced for mapping glacial lakes. Currently, the CNN (convolutional neural 105 

network) architectures are the most widely employed method in glacial lake study. With an 106 

advantage of accurate classification of ice, water, and rock surfaces, U-Net (Qayyum et al., 2020; 107 

Wu et al., 2020) and CoAtNet (Xu et al., 2023) have been used for mapping proglacial lakes on 108 

debris-covered glaciers in the High Mountain Asia. In the polar regions, Yuan et al. (2020) utilized 109 

CNN and two machine learning methods (RF and SVM) to extract supraglacial lakes in southwest 110 

Greenland based on the Landsat 8 imagery. Subsequently, the U-Net architecture was applied to 111 

the Sentinel-1 and Sentinel-2 imagery to study supraglacial lakes in Antarctica (Dirscherl et al., 112 

2021a; Nie et al., 2023) and Greenland (Jiang et al., 2022; Lutz et al., 2023).  113 

A number of lake studies have been reported in southwestern Greenland (e.g., Fitzpatrick et al., 114 

2014; Williamson et al., 2018; Yang et al., 2021), where supraglacial lakes are widely distributed 115 

(Hu et al., 2021; Zhang et al., 2023). Lakes are also abundant in northern Greenland, but 116 
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investigations are relatively sparse and limited in several large glaciers, i.e. Ryder Glacier (Otto et 117 

al., 2022), Petermann Glacier (Macdonald et al., 2018), Nioghalvfjerdsfjorden (79° N Glacier, 118 

Turton et al., 2021; Lutz et al., 2023), and Humboldt Glacier (Rawlins et al., 2023). Based on the 119 

analyses of Landsat or Sentinel-2 imagery, these studies demonstrated recent inland expansion of 120 

supraglacial lakes as projected by numerical modelling (Leeson et al., 2015).  To better understand 121 

the mechanisms of such a trend, there is a need to increase temporal resolution and spatiotemporal 122 

coverage by applying an advanced machine learning technique on all available imagery. Moreover, 123 

no detailed lake study has been performed in northwestern Greenland, which has been the focus of 124 

a Japanese multi-disciplinary research project (Sugiyama et al., 2021). In this study, we present an 125 

automatic method for monitoring the evolution of supraglacial lakes on the Greenland ice sheet 126 

using the RF machine learning methodology. To achieve our relatively simple goal to distinguish 127 

water on a glacier surface, RF is expected to perform as accurately as deep learning (Yuan et al., 128 

2020). The methodology is implemented in Google Earth Engine (GEE), which is a freely available 129 

cloud-computing platform provided by Google, allowing users to efficiently access and analyze 130 

satellite imagery and geospatial datasets on a planetary scale (Gorelick et al., 2017).  By integrating 131 

the RF algorithm in GEE, the process model training, image classification, and validation were 132 

carried out directly on GEE. Thus, the complexity in the operation and local computational power 133 

were greatly reduced. We applied this automatic method for mapping supraglacial lakes on Tracy 134 

Glacier and Heilprin Glacier, two major marine-terminating glaciers in Inglefield Bredning, 135 

northwestern Greenland. By using Sentinel-2 and Landsat 8 imageries, a high-temporal resolution 136 

(sub-weekly) record was generated for lake formation and development on the glaciers. Based on 137 

records of multi-year supraglacial lake extent, we examined intra-annual and inter-annual evolution 138 

of supraglacial lakes in the study region. By comparing the results with glaciological and climatic 139 
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datasets, we also investigate the potential factors controlling lake formation and distribution on 140 

Greenlandic marine-terminating glaciers. 141 

  142 
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2 Study site 143 

 144 

Figure 1. (a) Overview of the glaciers studied and the surrounding area. The background is a 145 

mosaicked Sentinel-2 image acquired during July–August 2020. The red box corresponds to the 146 

area shown in (b). (b) Details of Tracy and Heilprin Glaciers. The areas surrounded by the red and 147 

green boundaries are the glacier masks described in Section 3.1. The background is a Sentinel-2 148 

image acquired on June 27, 2020. 149 
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 150 

Tracy and Heilprin Glaciers flow into the eastern corner of Inglefield Bredning, a ~80-km long and 151 

~20-km wide glacial fjord in northwestern Greenland (Fig. 1). They are the two largest glaciers in 152 

the fjord system with the width of the glaciers near the front of 5 and 8 km in 2020. Although these 153 

two glaciers are only separated by a ~10 km-wide bedrock ridge, they exhibit remarkably different 154 

patterns in the changes in terminal position, ice speed, and surface elevation (Porter et al., 2014; 155 

Willis et al., 2018). From 1892 to 2009, Tracy Glacier retreated by more than 15 km. In contrast, 156 

Heilprin Glacier retreated by less than 4 km during the same period (Dawes and Van As, 2010). 157 

From 1999 to 2014, the total retreat distance of Tracy and Heilprin Glaciers was 5.7 and 2 km, 158 

respectively (Sakakibara and Sugiyama, 2018). The surface elevation change is also more 159 

pronounced on Tracy Glacier. where ice thinned at a rate of 3.91 m a−1 between 2001 and 2018 (cf. 160 

0.51 m a−1 on Heilprin Glacier) (Wang et al., 2021). The difference in the thinning rate was most 161 

significant near the glacier fronts, where Tracy Glacier thinned by 9.9 m from 2016 to 2017, five 162 

times higher than that of Heilprin Glacier (1.8 m) during the same period (Willis et al., 2018). 163 

Meanwhile, the ice speeds of both glaciers accelerated during the years 2000–2014, but the 164 

acceleration of Tracy Glacier (51 m a−2) was almost four times greater than that of Heilprin Glacier 165 

(13 m a−2) (Sakakibara and Sugiyama, 2018). The significant difference in the behaviors of these 166 

two glaciers has been attributed to the deeper grounding line of Tracy Glacier, which makes the 167 

glacier front more exposed to deep warm water and therefore subject to stronger submarine melting 168 

(Porter et al., 2014; Wang et al., 2021; Willis et al., 2018).  169 

Ingrefield Bredning has been the focus of a Japanese research project on glacier and ocean changes, 170 

and their impact on marine ecosystems and human society (Sugiyama et al., 2021). There are two 171 

settlements in the fjord system. Qaanaaq is a village with ~650 inhabitants located at the northern 172 

flank of the fjord (Fig. 1a). Qeqertat is a smaller settlement with ~30 residents situated in the inner 173 



10 
 

part of the fjord (Fig. 1a) near the fronts of our study glaciers (Flora et al., 2018). Inhabitants of the 174 

isolated fjord system primarily depend on subsistence hunting and fishing for their livelihoods 175 

(Straneo et al., 2022). Tracy and Heilprin Glaciers are the principal sources of freshwater discharge 176 

into the fjord system (Mankoff et al., 2020a, 2020b). Meltwater discharge from the glaciers plays 177 

a key role in generating nutrient-rich and highly productive aquatic ecosystems (Kanna et al., 2020, 178 

2022), thereby supporting the local biological environment (Matsuno et al., 2020). Consequently, 179 

these two glaciers are important for the residents in the region.  180 

 181 

3 Data and methods 182 

3.1 Glacier masks 183 

The analysis was carried out on Heilprin and Tracy Glaciers in the regions below 1200 m a.s.l. (Fig. 184 

1b). Glacier boundaries reported by Mouginot and Rignot (2019) were revised by visual inspection 185 

of Sentinel-2 images taken in late August 2021 (green in Fig. 1b). Areas below 1200 m a.s.l. were 186 

delineated based on ArcticDEM Mosaic (Porter et al., 2018). To avoid the potential influence of 187 

seasonal snow cover, areas within 300 m of the boundaries were eliminated from the study area 188 

(red in Fig. 1b). The relatively conservative glacier masks with a 300 m buffer would not cause 189 

loss of information because lakes rarely form near glacier margins, based on the inspection of 190 

optical images.  191 
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 192 

Figure 2. Schematic illustrations of the calculation of parameters for in-basin-percent and non-193 

cloud-percent. 194 

 195 

3.2 Satellite imagery acquisition 196 

In this study, we used Landsat 8 images acquired from the product of Level-1 Tier 1 Top of 197 

Atmosphere (TOA) and Sentinel-2 images from the product of Level-1C (TOA). Both datasets are 198 

available for analysis through GEE. The TOA reflectance values are known to better represent 199 

surface conditions on the ice sheets because the pixel values are not influenced by differences in 200 

image acquisition conditions (Pope et al., 2016), and have been used previously in supraglacial 201 

lake studies (e.g. Moussavi et al., 2020; Williamson et al., 2018a). Although recently released 202 

Level-2 surface reflectance products may perform better, only a limited number of images are 203 

available for Landsat 8 and only available since May 2019 for Sentinel-2. We first selected images 204 

that cover the glacier masks from May to September in the periods 2014–2021 and 2016–2021 for 205 

Landsat 8 and Sentinel-2, respectively. Next, images with a sun elevation angle less than 20° were 206 
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removed from the image collections because spectral difference between water surface and 207 

surrounding features is insignificant under low light conditions (Halberstadt et al., 2020; Moussavi 208 

et al., 2020; Dirscherl et al., 2020).  209 

To eliminate images covering a limited portion of the glaciers, we introduced two parameters: “in-210 

basin-percent” and “non-cloud-percent”. The in-basin-percent indicates how much of the image 211 

covers the glacier mask (Fig. 2), whereas the non-cloud-percent represents the portion of the image 212 

area unaffected by clouds. To calculate the non-cloud-percent, we obtained a cloud-likelihood 213 

score for every pixel in every image via the GEE built-in algorithm “simpleCloudScore” for 214 

Landsat 8 imagery. The “simpleCloudScore” algorithm determines a cloud-likelihood score in the 215 

range 0–100, using a combination of brightness, temperature, and NDSI. The score cannot be used 216 

as a robust cloud detector but is mainly intended to compare multiple views at the same point for 217 

relative cloud likelihood (https://developers.google.com/earth-engine/apidocs/ee-algorithms-218 

landsat-simplecloudscore). In this study, we arbitrarily set a cloud score of 40 as the threshold, 219 

based on the visual interpretation of the Landsat images, meaning that pixels with a value higher 220 

than 40 are treated as clouds for Landsat 8 images. For Sentinel-2 images, we similarly obtained a 221 

cloud probability value (between 0 and 100) for every pixel in every image using the dataset of 222 

“Sentinel-2: Cloud Probability”, which is also available from GEE. This dataset is developed using 223 

the “Sentinel-2 Cloud Detector Library”. Details are available through Sentinel Hub 224 

(https://github.com/sentinel-hub/sentinel2-cloud-detector). As suggested by the data provider and 225 

our visual inspection, we set 65 as the probability threshold. By using these thresholds at pixel 226 

scale, we were able to estimate the cloud coverage within the glacier mask as “non-cloud-percent” 227 

(Fig. 2). Because our glacier mask was smaller than the area covered by a single Landsat 8 or 228 

Sentinel-2 image, knowing the cloud coverage within the glacier mask was helpful in selecting the 229 

images suitable for our study. By removing images with less than 90% of in-basin-percent and non-230 

https://developers.google.com/earth-engine/apidocs/ee-algorithms-landsat-simplecloudscore
https://developers.google.com/earth-engine/apidocs/ee-algorithms-landsat-simplecloudscore
https://github.com/sentinel-hub/sentinel2-cloud-detector
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cloud-percent, we generated a Landsat 8 image collection with 166 images and a Sentinel-2 image 231 

collection with 317 images. The average values of in-basin-percent/non-cloud-percent were 232 

99.4/98.4% for Landsat 8 and 99.2/98.7% for Sentinel-2, respectively.  233 

 234 

3.3 Lake area delineation 235 

To derive the lake extent from Landsat 8 and Sentinel-2 images, we employed a pixel-based RF 236 

supervised classification approach on GEE. An overview of the methodology is shown in Figure 237 

3, and the processing steps are introduced in the following sections. 238 

 239 

Table 1. Spectral bands and indices used as predictors to derive training data for Landsat 8 (L8) 240 

and Sentinel-2 (S2).  241 

 242 

 243 

 244 

 245 

 246 

 247 

 248 

 249 

 250 

 251 

 252 

 253 

Predictors Formula 
Satellites 

L8 S2 
 Spectral bands   

blue  ○ ○ 
green  ○ ○ 
red  ○ ○ 
nir  ○ ○ 

swir1  ○  
swir2  ○  

vre (1–4)1   ○ 
 Spectral indices   

NDWIice
2 (blue − red) / (blue + red) ○ ○ 

NDSI3 (green – swir1) / (green – swir1) ○ ○ 

AWEIsh
4 blue + 2.5 × green – 1.5 × (nir + swir1) – 

0.25 × swir2 ○ ○ 

AWEInsh
5 4 × (green – swir1) – 0.25 × nir – 2.75 × swir2 ○ ○ 

TCwet
6 0.1509 × blue + 0.1973 × green + 0.3729 × red + 

0.3406 × nir + 0.7112 × swir1 – 0.4572 × swir2 ○ ○ 

SAVImod
7 (nir – red) / (nir + red + 1) × 2 ○ ○ 

NWI8 (blue – nir – swir1 –swir2) / 
(blue + nir + swir1 + swir2) ○ ○ 

SImod
9 (blue − nir) / (blue − nir) ○ ○ 
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Note: (1) Vegetation Red Edge bands of Sentinel-2 Imagery (band 5, 6, 7 and 8A). (2) Normalized 254 

Difference Water Index (Moussavi et al., 2020; Williamson et al., 2018a; Yang and Smith, 2013). 255 

(3) Normalized Difference Snow Index (Hall et al., 1995; Dozier, 1989). (4) Automated Water 256 

Extraction Index with the option of shadow (Feyisa et al., 2014). (5) Automated Water Extraction 257 

Index with the option of dark area removal (Feyisa et al., 2014). (6) Tasseled Cap for wetness (Crist 258 

and Cicone, 1984). (7) Modified Soil-Adjusted Vegetation Index (Huete, 1988). (8) New Water 259 

Index (Feng, 2012). (9) Modified Shadow Index (Li et al., 2016) 260 

 261 

3.3.1 Training data generation 262 

Training labels are required to support the supervised classification algorithms during the model 263 

training. To identify water pixels within the glacier mask, we created binary training labels as water 264 

and non-water. For each of the Landsat 8 and Sentinel-2 datasets, we selected training images 265 

(Table S1) from the image collections described in 3.2. In order to accurately identify seasonally 266 

changing water surface characteristics, the training images were selected from images covering the 267 

entire melt season (May–September). Furthermore, we deliberately chose typical images 268 

containing cloud and shade within the glacier masks, in order to enrich the training sample of non-269 

water. For each of the training images, training regions were defined manually by drawing 270 

polygons in GEE. The regions were evenly distributed inside the glacier mask and contained 271 

information regarding water and non-water (including snow, ice, cloud, and shade).  272 

Following the method described in Dirscherl et al. (2020), spectral bands and spectral indices were 273 

calculated and used as predictors for the classification process in discriminating between water and 274 

non-water. We employed 14 and 16 predictors for Landsat 8 and Sentinel-2 as listed in Table 1. 275 

Details of the spectral bands of the two satellites are listed in Tables S2 and S3. For the Sentinel-2 276 

imagery, we harmonized the resolution of the spectral index calculation, by resampling data at 10-277 
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m grid points with a bilinear resampling algorithm. All Landsat 8 images were resampled from a 278 

resolution of 30 m to 10 m to match the Sentinel-2 imagery for the time series generation (see 279 

Section 3.4 for details). Lastly, predictor values of the pixels within the pre-defined training regions 280 

were derived and fed into the classifier as training data. The relative importance of each predictor 281 

used for the RF classifier was determined using GEE. 282 

 283 

Figure 3. Flowchart illustrating lake area delineation by the RF method.  284 

 285 

3.3.2 Image classification 286 

We applied the RF classifier (Breiman, 2001) to classify each pixel of the selected satellite images. 287 

The RF algorithm consists of multiple uncorrelated random decision trees, which are bootstrapped 288 

and aggregated to classify a dataset, using the mode of predictions from all decision trees (Pal, 289 
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2005; Belgiu and Drăguţ, 2016). The RF method has been widely applied in satellite remote sensing, 290 

not only due to its robust performance, but also because of its computational efficiency and 291 

relatively easy implementation, compared to other machine learning methods (Belgiu and Drăguţ, 292 

2016; Chan and Paelinckx, 2008; Denisko and Hoffman, 2018). Recent studies used this method 293 

for mapping supraglacial lakes on satellite images (Dell et al., 2021; Dirscherl et al., 2020, 2021b; 294 

Halberstadt et al., 2020). 295 

The classification was carried out in GEE using an RF classifier trained with a built-in algorithm 296 

(ee.Classifier.smileRandomForest). The number of decision trees is an input parameter in the RF 297 

classifier. The overall accuracy of the classification improves as the number of decision trees 298 

increases (Breiman, 2001). However, as the number of trees increases, the computations become 299 

increasingly complex. As a result, there is an increased risk of exceeding computational limits in 300 

GEE and overfitting. We balanced the computational complexity and improved our level of 301 

accuracy, by setting the number of trees at 96 and 128 for Landsat 8 and Sentinel-2 imageries, 302 

respectively, after conducting multiple tests in GEE. Initial binary classification results were 303 

visually compared with the original optical image. For some obvious false classification areas (e.g. 304 

cloud shade, cloud, and water extent under thin cloud), we added or refined the training samples to 305 

improve the accuracy of the classification. This process was repeated until the classification 306 

became stable and a sufficiently high level of accuracy was achieved (Fig. 3).  307 

 308 

3.3.3 Accuracy assessment 309 

The performance of the classification was assessed using independent validation datasets (Fig. 3). 310 

Validation images were selected from the image collections described in Section 3.2, but not from 311 

those used as training images. We selected five pairs of Landsat 8 and Sentinel-2 images, which 312 

were taken within < 10 min of each other (Table S1). The images were visually inspected within 313 
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the glacier masks to confirm that no obvious differences (e.g. fast cloud movement or rapid lake 314 

drainage event) existed between the image pairs.  315 

We manually inspected the image pairs and labeled the water areas with polygon within GEE, 316 

treating the labeled area as the ground truth. The labeled water area was applicable to the Landsat 317 

8 and Sentinel-2 image pairs since the lake conditions are nearly the same. For every validation 318 

scene, we randomly sampled 1500 pixels within the labeled water area, as water pixels.  We also 319 

sampled 1500 pixels randomly from off-water areas within 300 m of the lake margin, as non-water 320 

pixels. These non-water pixels are important for the validation because misclassification tends to 321 

occur in areas surrounding water (Dirscherl et al., 2020). To ensure that the sample pixels 322 

represented various environmental objects, we further selected 1500 non-water pixels randomly 323 

from cloud, shade, and slush areas. The selected water and non-water pixels were taken as a 324 

manually labeled binary result (hereafter, referred to as actual result). As an example, manually 325 

labeled lakes and lakes detected by the RF-based method on 6 August 2021 are compared in Fig. 326 

S1. 327 

The accuracy assessment was performed by comparing the actual result with the prediction by the 328 

RF classifier. It is shown as a confusion matrix (Table 2, Stehman, 1997). Following the methods 329 

employed by Dirscherl et al. (2020) and Teluguntla et al. (2018), we calculated the user accuracy 330 

(UA) and producer accuracy (PA), which were used to evaluate the performance of the RF classifier 331 

for each class. Additionally, overall accuracy (OA) and Cohen’s Kappa (K) were computed to 332 

assess the overall performance of the RF classifier (Dirscherl et al., 2020; Landis and Koch, 1977; 333 

Teluguntla et al., 2018). 334 

 335 

Table 2. A framework of the confusion matrix used for the accuracy assessment. 336 

  Actual UA 
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  water non-water 

Predict water True positive (TP) False negative (FN) TP / (TP + FN) 
non-water False positive (FP) True negative (TN) TN / (FP + TN) 

 PA TP / (TP + FP) TN / (FN + TN)  
 337 

The precision indicators (OA and K) were calculated as follows (EA: expected accuracy, a 338 

parameter used for calculating K): 339 

    
      

TP TNOA
TP FN FP TN

+
=

+ + +
                                 (1) 340 

                                         341 

1
OA EAK

EA
−

=
−

                                           (2) 342 

                                                                 343 

( ) ( ) ( ) ( )
( ) ( )

TN FP TN FN FN TP FP TPEA
TN FN FP TP TN FN FP TP
+ × + + + × +

=
+ + + × + + +

           (3) 344 

 345 

3.4 Time series generation 346 

We obtained two binary data sets from Landsat 8 and Sentinel-2 imageries at a 10 m resolution 347 

through the lake area delineation. Each individual supraglacial lake was identified by grouping 348 

water pixels connected by a common corner (Dell et al., 2020). The MATLAB function 349 

"bwconncomp" was used for this purpose. Small clusters (≤ 18 pixels in total) and linear features 350 

(≤ 3 pixels wide) were removed because these features typically represent slush or supraglacial 351 

streams rather than lakes (Moussavi et al., 2020; Pope et al., 2016; Williamson et al., 2018a).  352 

Benefited from the overlap of satellite tracks in the polar region, a combination of Sentinel-2 and 353 

Landsat 8 imageries enables us to monitor the supraglacial lakes at a sub-week temporal scale. 354 

Moreover, dual-satellite monitoring has been used in recent studies to track the supraglacial lake 355 
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evolution in Greenland (Williamson et al., 2018a) and Antarctica (Dell et al., 2020; Moussavi et 356 

al., 2020). Here, we followed the method of Williamson et al. (2018a) to generate a time series of 357 

the lake area between 2014 and 2021 using Landsat 8 and Sentinel-2 imagery. To test the 358 

correlation between Landsat 8 and Sentinel-2 lake areas, we compared the areas of 1249 lakes 359 

obtained from 21 pairs of Landsat 8 and Sentinel-2 images acquired within < 20 minutes of each 360 

other. The result showed a significant correlation between the two sets of lake areas (r2 = 0.996, p 361 

= 0.000, RMSE = 0.010 km2) (Fig. S2). We then fused the Landsat 8 and Sentinel-2 lake masks 362 

between 2014 and 2021 into one time series. When both Landsat 8 and Sentinel-2 lake masks were 363 

available on the same day, the Sentinel-2 lake mask was preferentially used because of its higher 364 

resolution. In the case of two Sentinel-2 lake masks being available on the same day, we employed 365 

images with a higher non-cloud-percent. 366 

 367 

3.5 Climate data 368 

The formation and development of supraglacial lakes were compared with air temperature, surface 369 

snowmelt, runoff, and surface mass balance (SMB). Air temperature data at Qaanaaq station, 370 

situated approximately 75 km west of the termini of Tracy and Heilprin Glaciers (77.48°N, 371 

69.38°W; 16 m a.s.l., Fig. 1a), is available from NOAA’s National Centers for Environment 372 

Information (https://www.ncei.noaa.gov/). Daily mean temperature from June to August was 373 

utilized to compute the summer positive degree day sum (PDD). Snowmelt, runoff and SMB 374 

modelled by the Regional Atmospheric Climate Model version 2.3p2 (RACMO2.3p2) are provided 375 

as a downscaled dataset with a resolution of 1 km (Noël et al., 2016; 2019). The RACMO2.3p2 376 

product was utilized to compute the three-day moving average surface snowmelt and runoff rates 377 

for three elevation bands (0–400, 400–800, 800–1200 m a.s.l.). The initial dates of snowmelt and 378 

runoff (IDM and IDR) were defined in each elevation band, based on the first observation of 379 

https://www.ncei.noaa.gov/
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snowmelt and runoff greater than 4 mm w.e. d−1 for five consecutive days in each year. The initial 380 

date of lake formation (IDL) was defined in each elevation band and for the whole glacier area, 381 

based on the first observation of lake area greater than 0.2 km2 for three consecutive observations 382 

in each year. 383 

 384 

3.6 Ice speed and topography 385 

We extracted the ice speed of the glaciers from the NASA MEaSUREs ITS_LIVE time-averaged 386 

(1985–2018) velocity mosaic dataset (Gardner et al., 2019). Surface elevation and topography were 387 

analyzed using the ArcticDEM Mosaic dataset (Porter et al., 2018). Additionally, surface 388 

depressions (>0.05 km²) were identified by applying the MATLAB package TopoToolbox 389 

(Schwanghart and Scherler, 2014) on the ArcticDEM. 390 

 391 

4 Results 392 

4.1 Evaluation of the classification method 393 

The RF classifier provides a quantitative measure of each predictor’s contribution to the 394 

classification result. This is useful in evaluating the importance of each predictor. The results 395 

showed that all predictors (spectral bands and spectral indices) contributed toward the classification 396 

of water and non-water features in both satellite imagery datasets (Fig. S3). For the Landsat 8 397 

imagery, NDWIice made the most significant contribution, with a relative importance of over 10% 398 

(Fig. S3a). Spectral bands blue, swir2, swir1, and spectral indices SAVImod, NDSI, also contributed 399 

significantly (> 7%) to the classification (Fig. S3a). For the Sentinel-2 imagery, the most important 400 

contributors were NDSI and NDWIice with a relative importance of 8.1% (Fig. S3b). Spectral bands 401 

vre4 (band 8A), blue, and vre2 (band 6) showed a relative importance of over 6% (Fig. S3b). The 402 
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remaining predictors showed similar importance, ranging between 6.0–6.8% for Landsat 8 (Fig. 403 

S3a) and 5.3–6.0% for Sentinel-2 imagery (Fig. S3b). 404 

The results of the performance assessment showed a similarly high level of overall accuracy, 405 

namely 98.5% and 98.6% for Landsat 8 and Sentinel-2, respectively (Table S4). Another indicator, 406 

Kappa coefficient, also showed similarly high values for Landsat 8 (0.97) and Sentinel-2 (0.97). 407 

As for producer accuracy, the performance was slightly lower for water class than non-water class, 408 

both on Landsat 8 (97.3% vs 99.0%) and Sentinel-2 imageries (96.73% vs 99.46%). However, user 409 

accuracy was similar for water and non-water classes on Landsat 8 (98.1% vs 98.7 %) and Sentinel-410 

2 imageries (98.9% vs 98.4%).  411 

Despite the relatively strict criterion to eliminate the influence of clouds, a small number of the 412 

selected images were extensively covered by thin clouds. This was due to the inability of the 413 

“Cloud Probability” of Sentinel-2 imagery and “simpleCloudScore” for Landsat 8 imagery to 414 

identify thin clouds. In such cases, thin clouds sometimes hindered the discrimination of water as 415 

examples shown in Figure S4. Nevertheless, thin clouds were found mostly over lake-free regions. 416 

Moreover, the could-induced underestimation of a lake area can be realized by analyzing the 417 

continuous time series of the data. Thus, the effect of thin clouds on our study was insignificant.  418 

  419 
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4.2 Spatial extent and distribution of supraglacial lakes 420 

 421 

Figure 4. Spatial distribution of supraglacial lakes on Tracy and Heilprin Glacier. The blue-yellow 422 

color scale shows the recurrence frequency of water pixels between 2014 and 2021. The 423 

background red color scale shows the surface slope. The thick black line shows the glacier 424 

boundary before the introduction of a 300-m marginal buffer described in 3.1. Elevation contours 425 

(thin grey lines) derived from ArcticDEM Mosaic (Porter et al., 2018). 426 
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To understand the maximum lake extent over the eight melt seasons, Figures 4 and 5a show the 427 

lake extent cumulated over the period 2014–2021. Supraglacial lakes were found in every 200 m 428 

elevation band on both Heilprin and Tracy Glaciers (Fig. 4). Although the study areas of the two 429 

glaciers are similar, the lake extent on Tracy Glacier is only one-third of that on Heilprin Glacier 430 

(Table 3). The lake area increased with elevation, reaching the largest area in the elevation band 431 

800–1000 m a.s.l. both at Heilprin (5.94 km2) and Tracy Glaciers (2.28 km2) (Fig. 5a). Despite the 432 

glacier area increases at higher elevation (Fig. 5b), lake area dropped in the elevation band 1000–433 

1200 m a.s.l. at Heilprin (3.66 km2) and Tracy Glaciers (1.37 km2) (Fig. 5a).  434 

 435 

Figure 5. (a) Lake area, (b) glacier area, (c) lake number, and (d) individual lake areas for Heilprin 436 

and Tracy Glaciers in each 200 m elevation band. The lake data are cumulated over the period of 437 
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2014–2021. The glacier areas in (b) are calculated based on the glacier boundary and elevation 438 

contours in Figure 4. In (d), the black circle indicate the mean individual lake area in each 200 m 439 

elevation band for each glacier.  440 

 441 

Based on the maximum lake extent cumulated over the eight melt seasons (Fig. 4), we observed 442 

434 and 215 supraglacial lakes on Heilprin and Tracy Glaciers, respectively (Table 3). On Heilprin 443 

Glacier, the number of lakes increased with altitude, reaching the maximum (118) in the elevation 444 

band 600–800 m, whereas it sharply decreased above 800 m (Fig. 5c). On Tracy Glacier, the 445 

maximum number of supraglacial lakes (67) occurred in the elevation band 200–400 m a.s.l. and 446 

gradually decreased upglacier (Fig. 5c). Mean lake areas were 0.053 km2 and 0.035 km2 for 447 

Heilprin and Tracy Glacier, respectively (Fig. 5c). Only 2% of the lakes were larger than 0.5 km2. 448 

They were mainly distributed in areas higher than 400 m a.s.l. (Fig. 5d). The largest lakes on 449 

Heilprin (2.81 km2) and Tracy Glaciers (1.09 km2) were both located at an elevation of 950 m a.s.l 450 

(Fig. 5d). 451 

 452 

Table 3. Statistics for topography and supraglacial lakes on Heilprin and Tracy Glaciers. 453 

 Heilprin Glacier Tracy Glacier 
Glacier area below 1200 m a.s.l. (km2) 654.15 540.62 
Average surface slope (°) 2.5 2.8 
Maximum lake area (km2) 22.84 7.60 
Total lake number 434 215 
Mean lake area (km2) 0.05 0.04 
Largest lake area (km2) 2.81 1.09 
Fraction of water recurred least (1–2 times) 44.1 % 49.9 % 
Fraction of water recurred most (7–8 times) 13.9 % 9.3 % 

 454 
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 455 

Figure 6. Fractions of water occurrence frequencies over the studied eight years (2014–2021) in 456 

each 200 m elevation band for (a) Heilprin and (b) Tracy Glaciers. 457 

 458 

Table 3 and Figure 6 present the occurrence of lake formation during the eight years of the study. 459 

Over 50% of the water pixels occurred more than twice on both of the glaciers (Table 3). 460 

Furthermore, 13.9% and 9.3% of water pixels on Heilprin and Tracy Glaciers were observed almost 461 

every year (7−8 times) (Table 3). Water pixels were observed more randomly near the glacier 462 

terminus, whilst appearing repeatedly at the same locations upstream (Fig. 6). On Heilprin Glacier, 463 

over 70% of the water pixels in the elevation band 0–200 m a.s.l. appeared only once or twice (Fig. 464 

6a). In the upper reaches, water formed at the same location more frequently, i.e. more than 7% of 465 

the water pixels recurred 7–8 times in the area above 200 m a.s.l. On Tracy Glacier, > 70% of the 466 

water pixels appeared only once or twice in the region below 600 m a.s.l., whereas > 50% of the 467 
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water pixels appeared more than twice in the upper region (Fig. 6b). Water pixels on Tracy Glacier 468 

recurred most frequently in the middle of the glacier. Specifically, 34% of water pixels were 469 

observed at least 7–8 times in the elevation band 600–800 m a.s.l., whereas such pixels represented 470 

only 3% at other elevations (Fig. 6b). 471 

 472 

4.3 Seasonal lake evolutions 473 

 474 

Figure 7. Time series of the total lake area on Heilprin and Tracy Glaciers (black) and daily mean 475 

air temperature at Qaanaaq station (red during the melting seasons from 2014 to 2021).  476 



27 
 

 477 

Figure 8. Time series of total lake areas (×) and 3-day moving average RACMO melt and runoff 478 

rates (bar graph) in low (0–400 m a.s.l.), mid (400–800 m a.s.l.), and high (800–1200 m a.s.l.) 479 

elevation areas on Tracy and Heilprin Glaciers between 2016 and 2021. 480 

 481 

Over the eight melting seasons, the IDL was usually observed in early- to mid-June (days 155–482 

170) (Fig. 7). Nevertheless, the pattern of subsequent lake growth was significantly different each 483 

year. In the years 2014–2016 and 2019–2020, the lake area increased rapidly, peaking in late June 484 

to early July (days 180–190) (Figs. 7a–c, f–h). In 2017 and 2018, the seasonal increase in lake area 485 
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was relatively slow, with the peak occurring in late July or even August (Figs. 7d–e). In 2021, 486 

although lake formation started early and increased substantially by day 170, the growth of the lake 487 

slowed down. The maximum area was not reached until early August (day 216) (Fig. 7h). After 488 

reaching its maximum, the lake area gradually decreased toward the end of the melt season. Most 489 

of the lakes disappeared by the end of August (~day 240), except for a few large lakes in the high-490 

elevation areas on Heilprin Glacier, which lasted until the last available image.  491 

Lakes usually started to form with the first sharp rise in temperature (>5 °C increase within five 492 

days) and lake areas generally fluctuate in accordance with variations in air temperature (Fig. 7). 493 

However, in the years 2015, 2016, 2019, and 2020, the correlation between air temperature and 494 

lake area was observed only until the lake area peaked. (Figs. 7b–c, f–g). Following the peak, the 495 

lake area progressively decreased, regardless of temperature fluctuations. In contrast, variations in 496 

the lake area in the years 2017, 2018, and 2021, did correspond with changes in air temperature, 497 

right until the end of the melt season (Figs. 7d–e, h). The disappearance of the lakes was due to 498 

either surface refreezing, snow cover or drainage into the englacial or subglacial environment. 499 

Surface freezing and snow cover occurred typically in areas higher than 800 m a.s.l. in the late melt 500 

season or after heavy snowfall. Lakes were gradually covered by floes growing from the lake 501 

margin or by a frozen water surface expanding from the lake center (e.g. Fig. S5). Lake drainages 502 

were generally observed prior to August in low and mid-elevation areas. Most of the drainage 503 

events took place over the course of several weeks, but some lakes drained rapidly through moulins 504 

or crevasses within one or two days (e.g. Fig. S7).   505 

Time series of lake area showed significantly different seasonal patterns in low (0–400 m a.s.l.), 506 

middle (400–800 m a.s.l.) and high (800–1200 m a.s.l.) elevation bands (Fig. 8). At low elevation, 507 

the onset of lake formation was the earliest, but the maximum lake area was limited to < 1 km² 508 

throughout all six melt seasons. Lakes in this region were relatively short-lived, i.e. most of the 509 
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lakes disappeared before day 200 (Figs. 8a–f). In the mid-elevation areas, lakes began forming at 510 

a rate similar to that in the low-elevation areas, but the lake area increased at a faster rate and 511 

reached a greater maximum area (Figs. 8g–i). In 2019 and 2020, the lake area declined rapidly after 512 

its peak, losing more than half its area in two days (Figs. 8j, k). Inspection of the images showed a 513 

cluster of drainage events during these periods. Lake formation in high-elevation areas began later 514 

than in the lower reaches (Figs. 8m–r). Specifically, in 2017 and 2018, lake formation began in late 515 

July, >30 days later than the onset in the lower reaches. The maximum lake area in these years was 516 

limited to ~1.5 km², which was less than 40% of those observed at middle elevation (Figs. 8n, o). 517 

In the years 2016, 2019, and 2020, the lake areas in the high-elevation area showed a similar 518 

seasonal variation to those in low- and mid-elevation areas. In these years, the maximum areas in 519 

the high-elevation area exceeded those in the lower areas (Figs. 8m, p, q). 520 

Lake formation started at approximately the same time as the initiation of runoff in low and mid- 521 

elevation areas (Fig. 8a–l). In the high-elevation areas, however, lakes began to form approximately 522 

at melt onset rather than runoff (Fig. 8m–r). Although the melt and runoff rates were greater at 523 

lower elevation, they did not result in a larger lake area in the low-elevation area (Figs. 8a–f). While 524 

the lake area at low elevation was relatively insensitive to melt/runoff, a short spike in melt or 525 

runoff coincided with a significant increase in lake area in the high-elevation area (Figs. 8m–r). 526 

 527 

4.4 Interannual lake evolutions 528 

The maximum lake area showed slightly different interannual variations at Heilprin and Tracy 529 

Glaciers (Fig. 9). On Heilprin Glacier, the lake area varied between 7.45 km2 in 2015 and 12.41 530 

km2 in 2019 (Fig. 9a). The year-to-year variation was more pronounced on Tracy Glacier, where 531 

the lake area in 2017 (1.65 km2) and 2018 (1.75 km2) was only 40% of the lake extent in 2019 532 

(4.05 km2) (Fig. 9b).  533 
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 534 

Figure 9. Maximum lake areas observed each year within individual 200 m elevation bands for (a) 535 

Heilprin and (b) Tracy Glaciers. 536 

 537 

The amplitude of the interannual lake area variations was greater in areas of higher elevation. On 538 

Heilprin Glacier, the lake area below 800 m a.s.l. ranged from −27% (2015) to +23% (2018) of the 539 

mean over the study period, whereas that in the upper reaches ranged from −59% (2018) to +65% 540 

(2019) (Fig. 10a). On Tracy Glacier, the lake area below 800 m a.s.l. varied from −35% (2015) to 541 

+45% (2020), while a more significant variation ranging from −93% (2017 and 2018) to +70% 542 

(2016) was observed above 800 m a.s.l. (Fig. 10b). Supraglacial lakes were most widely distributed 543 

above 800 m a.s.l. (Figs. 4 and 5a), with a mean coverage accounting for 42% and 43% of the 544 

maximum lake areas on Heilprin and Tracy Glaciers, respectively. However, lake extents above 545 

800 m were anomalously small in 2017 and 2018 (Fig. 9), accounting for only ~30% (Heilprin) 546 

and 6% (Tracy) of the maximum lake areas. In these two years, even no lakes were observed in the 547 

1000–1200 m a.s.l. elevation band of Tracy Glacier (Figs. 9b and S6d–e). Relatively high summer 548 
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PDD (561 and 710 °C day) in 2016 and 2019 caused lake extents above 800 m a.s.l. to be at their 549 

highest during the study period. (Fig. 10). In contrast, relatively low summer PDD in 2017 and 550 

2018 (439 and 395 °C day) resulted in the smallest lake extent (Fig. 10). Therefore, year-to-year 551 

variations in the maximum lake area were predominantly affected by lake formation above 800 m 552 

a.s.l., which was controlled by summer PDD. 553 

 554 

Figure 10. Lake extent anomalies above (×) and below 800 m a.s.l. (○) for (a) Heilprin and (b) 555 

Tracy Glaciers. The bar graph denotes the positive degree day sum (PDD) between June–August 556 

at Qaanaaq station each year. 557 

 558 

5 Discussion 559 

5.1 Spatial distribution of supraglacial lakes 560 
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On the Greenland ice sheet, supraglacial lakes are distributed with a significant heterogeneity. The 561 

greatest lake area is reported in southwestern and northeastern Greenland, whereas it is smaller in 562 

southeast Greenland (Selmes et al., 2011; Hu et al., 2021; Zhang et al., 2023). These observations 563 

are consistent with a relatively small extent of bare ice in southeastern Greenland (Ryan et al., 564 

2019). Individual lakes in southwestern, northwestern, and northeastern Greenland are 565 

characterized by relatively large area (0.5–20 km2), whereas lakes in central western, northern, and 566 

southeastern Greenland are smaller (< 10 km2) (Hu et al., 2021). Supraglacial lakes form primarily 567 

in surface depressions. Because supraglacial lakes form in surface depressions generated under the 568 

influence of subglacial topographic undulations, lakes tend to form annually at the same location 569 

(Echelmeyer et al., 1991; Sergienko, 2013). In our study glaciers, we find no obvious evidence of 570 

supraglacial lake migration with ice flow except for some water-filled crevasses near the glacier 571 

fronts. This is in contrast to lakes on floating glacier tongues, where lakes migrate downglacier 572 

with ice flow (e.g. Petermann Glacier, Macdonald et al., 2018; 79° N Glacier, Turton et al., 2021; 573 

Ryder Glacier, Otto et al., 2022). The spatial distribution of lakes on Tracy and Heilprin Glaciers 574 

aligns with those of surface depressions, particularly in higher elevation areas (Fig. 11a). 575 

Throughout the study period, large lakes have formed repeatedly within these depressions (Fig. 4). 576 

These findings are in line with a previous report by Ignéczi et al. (2016), which suggested that 577 

surface depressions provide favorable locations for the development of supraglacial lakes. 578 

Therefore, we assume that surface depressions derived from DEMs have the potential to predict 579 

future lake distributions in high-elevation areas. According to the results of our study, lake 580 

formation at surface depressions is more sporadic in the high-elevation areas as compared to the 581 

mid-elevation areas. However, as climate warming continues, greater amounts of water are 582 

available and bare ice is more exposed in these regions. Therefore, a larger proportion of surface 583 
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depressions will be filled with water in the high-elevation areas and the upper limit of lake growth 584 

is expected to migrate inland (Howat et al., 2013; Leeson et al., 2015; Ignéczi et al., 2016). 585 

 586 

Figure 11. (a) Maximum lake extent observed from 2014 to 2021 (blue patches) and surface 587 

depressions (> 0.05 km2) (red dashed line polygons) on Heilprin and Tracy Glaciers. The color 588 

scale shows ice speed distribution from ITS_LIVE time-averaged (1985–2018) velocity mosaic 589 

dataset. The two magenta curves are flowlines used in (b).  (b) Ice speed and elevation along the 590 

flowlines of Heilprin (solid) and Tracy Glaciers (dashed) shown in (a). (c) Mean surface slope in 591 

each 200 m elevation band for Heilprin (blue) and Tracy Glaciers (red). 592 

 593 

The largest lake extent was observed in the elevation band 800–1000 m a.s.l. for both Heilprin and 594 

Tracy Glaciers (Fig. 5a). Additionally, the largest individual lake occurred in this elevation band 595 

(Fig. 5d). Ice speed in this elevation band was slower than the lower elevation bands both in 596 

Heilprin and Tracy Glaciers (Figs. 11a and b). Moreover, the mean surface slope in this elevation 597 

band was 2.8° and 3.6° in Heilprin and Tracy Glaciers, respectively, indicating the regions are 598 

flatter than the lower elevation bands (Figs. 11b and c). Most likely, the slow movement of ice and 599 
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gentle slope of the surface facilitated the growth of supraglacial lakes in this elevation band. 600 

Although ice velocity and surface slope further decrease in the 1000–1200 m a.s.l. elevation band 601 

and glacier area continues to increase, the lake extent decreases in the highest elevation band (Figs. 602 

5a and b).  We assume that the growth of supraglacial lakes in this elevation range was limited by 603 

the insufficient availability of meltwater, as well as meltwater absorption by snow layers (Koenig 604 

et al., 2015; Ignéczi et al., 2016). On Qaanaaq ice cap, situated 75 km west of the glaciers studied, 605 

the equilibrium line altitude (ELA) ranged from 862–1001 m a.s.l. between 2012 and 2016 606 

(Sugiyama et al., 2014; Tsutaki et al., 2017). Therefore, it is likely that meltwater generated above 607 

800 m a.s.l. was absorbed by snow during the early melt season. In summary, ice surface 608 

topography provides potential locations for supraglacial lake formation, while meltwater 609 

availability controls actual lake formation (Chu, 2014; Arthur et al., 2020). 610 

The results in Section 4.2 reveal that lakes in the low-elevation area are smaller and more randomly 611 

distributed than those at higher elevation (Fig. 6). Crevasses are densely distributed near the front 612 

of calving glaciers (Fig. S9) because of tensile stresses generated by a stretching flow regime (Benn 613 

et al., 2007). Since crevasses are typically narrow, deep, and have a distinctive elongated shape 614 

(Colgan et al., 2016), it is difficult for large supraglacial lakes to form near the glacier front. Lakes 615 

tend to grow larger in relatively flat and crevasse-free areas (Turton et al., 2021; Arthur et al., 2020; 616 

Sundal et al., 2009). Although meltwater-filled crevasses were observed in the early melt season, 617 

the relatively fast ice flow of the studied glaciers (>1000 m a−1 near the terminus) facilitated lake 618 

drainage due to crevasse opening (Colgan et al., 2016). Therefore, formation of new lakes and rapid 619 

drainage in crevasses were frequently observed near the terminus, resulting in random distribution 620 

of lakes in the region. In the more inland areas, on the other hand, relatively flat surfaces and lower 621 

ice speed facilitate the growth of lakes as long as meltwater is available on the glacier surface 622 

(Sundal et al., 2009; Hu et al., 2022; Jiang et al., 2022; Zhang et al., 2023).  623 
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A higher number of lakes and larger lake areas were observed on Heilprin Glacier as compared to 624 

Tracy Glacier (Figs. 5a and c). Ice speed of Tracy Glacier is approximately 1.5 times greater than 625 

that of Heilprin Glacier (Sakakibara and Sugiyama, 2018; 2020), and ice near the front is thinning 626 

at a rate more than five times faster than Heilprin Glacier (Willis et al., 2018; Wang et al., 2021). 627 

Consequently, the glacier surface topography of Tracy Glacier was more prone to change. As a 628 

result of rapidly changing ice conditions, lakes downstream from Tracy Glacier are smaller and 629 

distributed more randomly (Figs. 6 and 8a). Moreover, our observations indicate a more extensive 630 

distribution of surface depressions and flatter surface slopes on Heilprin Glacier (Figs. 11). This, 631 

in turn, facilitated the formation of larger lakes. We, therefore, attribute the more abundant lake 632 

formation on Heilprin Glacier to a combination of glacier dynamics and topographic factors. 633 

 634 

5.2 Seasonal evolution of supraglacial lakes 635 

Lake formation began in low-elevation areas in early June (days 155–165, Figs. 7–8) and 636 

distribution expanded to higher elevation as the melting season progressed. This observation is 637 

consistent with those recorded in northern Greenland on Petermann Glacier (81°N in northwestern 638 

Greenland, Macdonald et al., 2018), 79°N Glacier (79°N in northeastern Greenland, Turton et al., 639 

2021; Sundal et al., 2009), and Ryder Glacier (81°N in northwestern Greenland, Sundal et al., 2009; 640 

Otto et al., 2022). In lower latitude, on Russell Glacier (67°N in western Greenland, Fitzpatrick et 641 

al., 2014; Sundal et al., 2009) and in the Paakitsoq region (69°N in western Greenland, McMillan 642 

et al., 2007), lakes began to form as early as May. Generally, air temperature and winter snowpack 643 

govern surface melt and runoff, which, in turn, control the initiation of lake formation (Arthur et 644 

al., 2020; Fitzpatrick et al., 2014; Macdonald et al., 2018; Tuckett et al., 2021). Our study 645 

demonstrates a close relationship between the occurrence of runoff and the appearance of 646 

supraglacial lakes in the lower reaches of the glaciers (Fig. 8). A significant correlation was found 647 
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between IDL and IDR in low (0–400 m a.s.l.) and middle (400–800 m a.s.l.) elevation areas (Fig. 648 

12a). Typically, there is a 20 to 30-day delay between the onset of surface melt and runoff in these 649 

elevation ranges (Fig. 8). During this period, meltwater runoff is inhibited by percolation into layers 650 

of snow and firn (Harper et al., 2012; Chu, 2014; Tedstone and Machguth, 2022). Supraglacial 651 

lakes form when snow and firn layers are saturated with meltwater, resulting in the onset of runoff. 652 

In contrast to the general agreement between the onset of supraglacial lake formation and runoff, 653 

lake formation at high elevation was significantly earlier than that of runoff, occurring only slightly 654 

after the onset of surface melting (Figs. 8 and 14b). This observation can be explained by the 655 

existence of supraglacial lakes under the snow layer. In low- and mid-elevation areas, lakes 656 

typically fully drain or freeze before the end of the melting season. At high elevation, some large 657 

and deep lakes stay unfrozen over the winter under a layer of snow or thin ice (Koenig et al., 2015; 658 

Dunmire et al., 2021, Figs. S5b–c). In the following melting season, the lakes are exposed as soon 659 

as the snow or ice cover melts, even before the onset of runoff. While some lakes appear 660 

immediately after the onset of surface melt, following the above-mentioned process, a substantial 661 

increase in lake area occurs only after the onset of runoff. This suggests that most of the lakes in 662 

high-elevation areas follow the formation pattern observed at middle or low elevation. 663 
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 664 

Figure 12. Correlation between the initial date of lake formation (IDL) and those of (a) runoff (IDR) 665 

and (b) surface melt (IDM). Each marker shows the observation in the period 2016 to 2021. The 666 

marker colors indicate the elevation bands. Data from 2018 is excluded, since runoff observations 667 

did not satisfy the conditions used to define the start day as described in Section 3.5. 668 

 669 

Seasonal variations in lake area showed significantly different patterns in the three elevation ranges. 670 

Lakes in the low-elevation area formed early in the melt season, but the lake area remained small 671 

(Figs. 8a–f). This is because most of the lakes formed in crevasses and drained frequently. In the 672 

mid-elevation area, the lake area increased rapidly immediately after the onset of the formation. It 673 

subsequently dropped in July and August when air temperature, melt and runoff rates were still 674 

high. For example, more than 50% of the lake area was lost within a week or less in the years 2019 675 

and 2020 (Figs. 8j and k). These rapid changes were induced by one or more drainage events which 676 

were commonly observed in the Greenland ice sheet (e.g. Selmes et al., 2011; Williamson et al., 677 

2018b). In the high-elevation area, the lake area increased under the condition of relatively low 678 
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melt and runoff rates (Figs. 8m–r). The large lake area typically lasted until the end of the melt 679 

season, suggesting that only a few lakes drain into the subglacial drainage system. 680 

Rapid lake drainage occurs when surface water penetrates the ice, establishing a surface-to-bed 681 

connection via hydraulic fractures (Das et al., 2008; Stevens et al., 2015; Chudley et al., 2019). 682 

During our observations, the most pronounced rapid lake drainage occurred at 474 and 436 m a.s.l. 683 

on Heiprin Glacier on 29–30 June 2019 and 2–4 July 2020 (Fig. S8). The supraglacial lakes lost 684 

nearly all of their area in one or two days, as seen from satellite images, but the actual drainage 685 

time may have been shorter as observed previously (Bartholomew et al., 2012; Chudley et al., 686 

2019). Several lakes located within a distance of 10 km simultaneously drained during the events 687 

(Fig. S8), suggesting that drainage of a lake triggered cascaded drainage events through short-term 688 

stress/strain perturbations transmitted over a distance (Christoffersen et al., 2018; Fitzpatrick et al., 689 

2014). Alternatively, the simultaneous lake drainage events might have been triggered by seasonal 690 

speed up of the glacier. Flow acceleration near the glacier front enhances a stretching flow regime, 691 

which facilitates crevasse formation and lake drainage. In either case, complex interactions are 692 

expected between lake drainage and glacier dynamics (e.g., Chudley et al., 2019; Fitzpatrick et al., 693 

2014; Poinar and Andrews, 2021). To understand the triggering mechanism and to forecast the 694 

timing of the lake drainage, further investigation is required on the lakes (depth, volume, 695 

morphology), glacier dynamics (ice velocity, strain), and meteorological conditions (Williamson 696 

et al., 2018b). Furthermore, meltwater input to the glacier bed was suggested as the trigger of the 697 

summer speedup observed on Tracy and Heilprin Glaciers (Sakakibara and Sugiyama, 2019). Thus, 698 

further investigation on the location and timing of the lake drainage sheds light on the mechanism 699 

of seasonal glacier speed variations in Greenland. 700 

The Landsat-8 and Sentinel-2 data sets enabled us to investigate the seasonal evolution of 701 

supraglacial lakes with a sub-weekly resolution for most of the study period. However, cloud cover 702 
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resulted in data gaps longer than ten days (e.g., days 209–227 in 2017, days 214–225 in 2018, days 703 

187–204 in 2021, Fig. 7). Supraglacial lakes might have expanded or even drained after a 704 

precipitation event during the cloud cover (Andrews et al., 2018). Furthermore, optical sensors are 705 

not able to capture lake conditions during the polar night when water storage and lake drainage are 706 

still possible (Benedek and Willis, 2021). The use of Sentinel-1 SAR imagery may fill the gaps in 707 

optical imagery and help us more continuous monitoring of supraglacial lake evolutions. 708 

 709 

5.3 Annual evolution of supraglacial lakes 710 

Annual variations in the maximum lake area were consistent with those observed above 800 m a.s.l. 711 

(Figs. 9–10). This is because the lake area was predominantly controlled by large lakes formed in 712 

the high-elevation area. The development of supraglacial lakes at higher elevation is largely 713 

dependent on year-to-year variations in climatic conditions. For example, lake areas above 800 m 714 

a.s.l were notably smaller in 2017 and 2018 (Fig. 9). In these two years, the PDDs during June–715 

August were 440 and 395 ℃ day, which were substantially lower than the mean over the other 716 

years (548 ℃ day, Fig. 10). Conversely, PDD exceeded 700 ℃ day in 2019, the year with the 717 

greatest lake extent above 800 m a.s.l. The annual lake development above 800 m a.s.l. of the two 718 

glaciers showed significant correlations with the summer PDD (Fig. 13). In contrast to the large 719 

variations in the upper reaches, lake extent below 800 m a.s.l. showed only small annual variations 720 

(< 25% in Heilprin and < 50% in Tracy Glaciers, Fig. 10). Meanwhile, no significant correlation 721 

was obtained between the lake area and PDD in the regions (Fig. 13).  722 
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 723 

Figure 13. Correlation between summer PDD and lake extent above (blue) and below (red) 800 m 724 

a.s.l. in (a) Helprin Glacier and (b)Tracy Glacier. 725 

 726 

This result is consistent with previous studies of northern Greenland, which reported the formation 727 

of lakes in low-elevation areas, even in relatively cold years (Macdonald et al., 2018; Turton et al., 728 

2021). The clear contrast above and below 800 m a.s.l. is attributed to glacier surface conditions. 729 

Based on the SMB computed by RACMO, ELA of the studied glaciers in 2018 and 2019 were 730 

600–800 and 1000–1200 m a.s.l., respectively (Fig. 14). The elevations are similar to the upper 731 

limit of surface water availability in northwestern Greenland in 2018 (897 m) and 2019 (1245 m) 732 

(Zhang et al., 2023). The ELAs in 2018 and 2019 are also consistent with the upper limits of 733 

supraglacial lakes observed in other years (2016–2017 and 2020–2021, Figs. S7), implying that 734 

lake formation was facilitated by bare ice exposed on the glacier surface below ELA. Turton et al. 735 

(2021) reported a similar observation in northeastern Greenland, where the development of 736 

supraglacial lakes was controlled by SMB and the upper limit of lake formation coincided 737 

approximately with ELA. Total glacier area over the entire Greenland ice sheet was significantly 738 
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smaller in 2018, the year characterized by colder summer than in 2019 (Zhang et al., 2023) and 739 

2016–2017 (Hu et al., 2021). The elevation limit of surface meltwater availability was about 140 740 

m lower in 2018 (1407 m a.s.l. in 2018, 1545 m a.s.l. in 2019) (Zhang et al., 2023). 741 

 742 

Figure 14. The annual surface mass balance in the study area computed by RACMO (Noël et al., 743 

2019) for the periods (a) from September 2017 to August 2018, and (b) from September 2018 to 744 

August 2019. The blue patches represent the maximum lake extent each year. The black lines are 745 

glacier boundaries and the gray lines are elevation contours at every 200 m, with 800 m a.s.l. 746 

highlighted in magenta.   747 
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6. Conclusion 748 

In this study, we applied a machine learning method for mapping supraglacial lakes using satellite 749 

imagery. Two medium-resolution optical satellite datasets (Sentinel-2 and Landsat 8) were 750 

processed within GEE to generate a high spatial and temporal resolution record of lake area on 751 

Heilprin and Tracy Glaciers in northwestern Greenland over the period 2014–2021. We trained RF 752 

classifiers by using 14 and 16 predictors selected from spectral bands and indices of Landsat 8 and 753 

Sentinel-2 imageries, respectively. The glacier area was classified into two classes (water and non-754 

water) with an overall accuracy greater than 98% for both satellite datasets. Because a good 755 

agreement was obtained in the lake areas between the two datasets (r2 = 0.996, p = 0.000, RMSE 756 

= 0.010 km2), the datasets were merged into a series that covers the two glaciers over eight melt 757 

seasons. 758 

The maximum extent of the lake in Heilprin Glacier (22.84 km2) was three times greater than that 759 

of Tracy Glacier (7.60 km2). The greater lake area in Heilprin Glacier can be attributed to slower 760 

ice flow and more frequent surface depression on a relatively flat surface. The formation of 761 

supraglacial lakes in regions below 800 m a.s.l. was triggered by the initiation of runoff, while it 762 

coincided with the onset of surface melt in higher elevations due to the presence of ice/snow-buried 763 

lakes. At low elevations (0–400 m a.s.l.), relatively small supraglacial lakes formed at random 764 

locations with little influence of annual climatic variations. These lakes are usually drained by 765 

crevasse opening before the middle of the melting season. At mid-elevations (400–800 m a.s.l.), 766 

larger supraglacial lakes developed annually at the same locations within surface depressions. 767 

Cascading lake drainage events sometimes occurred in this area. At high elevations (800–1200 m 768 

a.s.l.), the mean individual lake areas were the largest. The lake development was correlated with 769 

the summer PDD, and the upper limit of the lake formation coincided approximately with ELA. 770 
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Most of the lakes in this area remained without drainage and frozen lakes were buried by snow at 771 

the end of the melting season.  772 

Our study demonstrated that our RF-based machine learning method is an effective method for 773 

mapping supraglacial lakes on medium-resolution optical satellite datasets. This method has the 774 

potential to monitor surface water features over a greater spatial scale. The study results suggest an 775 

inland expansion of supraglacial lakes under a warming climate in Greenland and highlight the 776 

possible interaction between draining lake water and glacier dynamics. 777 

 778 

 779 

 780 

 781 

 782 

 783 

 784 

 785 

 786 
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