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A B S T R A C T

Temporarily impounded liquid water on the surface of the Greenland Ice Sheet (GrIS), prominently represented 
as supraglacial lakes (SGLs), may enhance ice flow and modulate surface meltwater runoff, serving as a dynamic 
indicator of the cryohydrologic cycle. Despite their importance in understanding glacier mass balance and 
regional climate change, a detailed description of SGLs and their intra-annual fluctuations across the entire GrIS 
remains understudied. Here, we present a deep learning-based approach to automatically map SGLs from passive 
optical satellite imagery across the entire GrIS during the melt seasons of 2017–2022. Approximately 150,000 
Sentinel-2 and Landsat 8/9 images were utilized, each representing a 5-day average composite at a 10 km × 10 
km grid resolution, with the Landsat images used as possible supplements. SGL predictions by the proposed 
method demonstrate high performance, achieving an F1-score of up to 0.959 compared to the independent test 
dataset. This high accuracy enables a detailed analysis of the key role SGLs play in enhancing surface ablation by 
absorbing solar radiation and delivering meltwater. The SGL-driven ablation effect was most pronounced in the 
South-West basin of the GrIS, where the peak lake area in July accounted for 44.9 % of the total GrIS-wide lake 
area. In contrast, the lowest magnitude (4.2 %) was observed in the South-East basin, despite similarly strong 
ablation in this region. Among all the generated SGL occurrence grids, peak SGL areas in certain grids (~14 % of 
the total) were observed in May or September, rather than exclusively during the typical high-ablation months of 
June to August, reflecting regional and elevation-dependent variations. Grids further from the ice sheet margin 
generally showed peak SGL areas later in the melt season, which is evident in the western part of the GrIS. 
Monthly SGL peak areas shift dramatically from 253.18 ± 123.94 km2 to 5084.90 ± 1043.26 km2, with the 
lowest in May 2018 and the highest in August 2021. An extraordinary area spike occurred in September 2022 
and was particularly monitored in the South-West basin, where abnormally intense rainfall and runoff simulated 
by the Modèle Atmosphérique Régional (MAR) model were recorded. Our study highlights the significance of 
examining SGL area changes at short temporal intervals to understand the dynamics of cryospheric hydrology 
under future climate scenarios.

1. Introduction

Surface melting of the Greenland Ice Sheet (GrIS) has garnered sig
nificant scientific attention in recent years due to its potential implica
tions for both global sea level rise and ocean thermohaline circulation 

(Stevens et al., 2015; van den Broeke et al., 2016; Smith et al., 2017; Ran 
et al., 2018; Banwell et al., 2019; van den Berk et al., 2021; Ran et al., 
2024). Given the ongoing climate warming, compounded by the Arctic 
amplification effect, the mass imbalance of the GrIS has continued due 
to intensifying surface melting, with record-high losses in 2019 (− 532 

☆ This article is part of a Special issue entitled: ‘Cryosphere remote sensin’ published in Remote Sensing of Environment.
* Corresponding author.

E-mail address: ranjj@sustech.edu.cn (J. Ran). 
1 Present address: Water, Energy and Environmental Engineering Research Unit, University of Oulu, Oulu 90014, Finland.

Contents lists available at ScienceDirect

Remote Sensing of Environment

journal homepage: www.elsevier.com/locate/rse

https://doi.org/10.1016/j.rse.2025.114896
Received 27 October 2023; Received in revised form 25 June 2025; Accepted 30 June 2025  

Remote Sensing of Environment 328 (2025) 114896 

Available online 4 July 2025 
0034-4257/© 2025 Elsevier Inc. All rights are reserved, including those for text and data mining, AI training, and similar technologies. 

mailto:ranjj@sustech.edu.cn
www.sciencedirect.com/science/journal/00344257
https://www.elsevier.com/locate/rse
https://doi.org/10.1016/j.rse.2025.114896
https://doi.org/10.1016/j.rse.2025.114896


± 58 Gt yr− 1) and 2012 (− 464 ± 62 Gt yr− 1), highlighting the increasing 
severity of ice sheet mass loss in recent decades (Hanna et al., 2008; 
Fettweis et al., 2011; Nienow et al., 2017; Sasgen et al., 2020; Previdi 
et al., 2021).Widely dispersed meltwater is ephemerally impounded 
within surface depressions at the periphery of the ice sheet during the 
melt seasons, manifesting as supraglacial lakes (SGLs), supraglacial 
rivers, water-filled crevasses and moulins, as well as slushes, among 
others, collectively forming a complex cryohydrologic system (Chu, 
2014; Yang and Li, 2014).

SGLs are a significant component of the total accumulated melt
water, densely clustered in the ablation zone across the GrIS, and play a 
crucial role in the drainage system, acting as key indicators of the 
cryohydrologic processes (Sundal et al., 2009; Ignéczi et al., 2016). The 
formation, drainage, and refreezing of SGLs influence surface runoff and 
glacial sliding, making them critical to understanding the dynamic mass 
loss from the ice sheet. Specifically, meltwater of certain SGLs could 
transport into the ocean through surface runoff, resulting in direct 
glacier mass loss (Colgan et al., 2011; Pitcher and Smith, 2019). Addi
tionally, a portion of the surface meltwater infiltrates the ice sheet’s 
interior via crevasses, reaching the ice-bedrock interface and enhancing 
basal lubrication, which leads to temporary acceleration in glacial 
sliding before subglacial drainage efficiency increases and moderates ice 
velocity (Zwally et al., 2002; Andrews et al., 2014; Dow et al., 2015; 
Chudley et al., 2019; Williams et al., 2020). The melting of the ice front 
also triggers calving events, which further contribute to mass loss 

through iceberg calving (van de Wal et al., 2008; Benn et al., 2017). 
Additionally, the contrast in surface albedo between SGLs and the sur
rounding ice surface facilitates marginal ice melting through positive 
feedback mechanisms, further amplifying meltwater production (Lüthje 
et al., 2006; Tedesco et al., 2012).

Multi-modal space-borne sensors, including passive and active mi
crowave systems, along with sparse in situ measurements, have been 
employed to monitor large-scale melt processes and SGL dynamics, 
including the detection of lake extent, depth, and temporal evolution. 
One of the key challenges in tracking SGL evolution throughout the melt 
season is obtaining comprehensive and reliable satellite observations 
from multiple sensors. Passive optical satellite sensors can capture im
ages with multiple spectral channels, and their relative ease of inter
pretation and valuable historical archives have led to the widespread 
utilization of optical imagery for SGL mapping. Specifically, using daily 
MODerate-resolution Imaging Spectroradiometer (MODIS) data and 
various band thresholding techniques, Selmes et al. (2011) mapped SGLs 
across the entire GrIS and quantified the proportion of suddenly drained 
lakes in each basin. Williamson et al. (2017) focused on two glaciers in 
West Greenland, developing an effective “FAST” algorithm to calculate 
the area and volume of SGLs. However, MODIS’s inherent 250 m reso
lution is unlikely sufficient for capturing the intricate details of small 
and irregularly shaped SGLs. To address this limitation, advanced spatial 
resolution imagery from Landsat 8, Advanced Spaceborne Thermal 
Emission and Reflection Radiometer (ASTER), and Sentinel-2 were 

Fig. 1. a) 10-km SGL occurrence grid partition over the GrIS used as spatial constraints for satellite imagery archiving. A total of 3006 grids (blue-orange) were 
retained from an initial 21,799 grids (gray) generated by ArcGIS, based on manual visual discrimination using historical Landsat mosaic imagery from Chen et al. 
(2020). Gray lines outline six drainage basins, namely North (NO), North-East (NE), South-East (SE), South-West (SW), Center-West (CW), and North-West (NW), 
which are simply modified from Rignot and Mouginot (2012). b) Spatial distribution of training (gray-blue) and test (red) rectangular sites across the GrIS for 
selecting the optimal semantic segmentation model. The star indicates regions where both training and test data are available. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the web version of this article.)
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further used to extract SGLs at higher resolutions (up to 30 m, 15 m, and 
10 m, respectively, for the Visible and Near-Infrared bands), based on a 
variety of water indices with different threshold constraints (Bell et al., 
2017; Chen et al., 2017; Stokes et al., 2019; Moussavi et al., 2020;). In 
contrast, cloud-penetrating synthetic aperture radar (SAR) images were 
utilized in conjunction with different classification algorithms to detect 
perennial SGLs and winter drainage events in West Greenland (Miles 
et al., 2017; Benedek and Willis, 2021) and Northeast Greenland 
(Schröder et al., 2020). Though SAR-based approaches offer the 
advantage of being able to operate in all weather conditions for 
retrieving both supra- and sub-glacial lakes, the relatively low quality of 
imagery presents a formidable challenge in delineating SGLs accurately. 
Additionally, laser altimetry data from ICESat-2 photon clouds enable 
retrievals of SGL depth and volume (Fair et al., 2020; Datta and Wouters, 
2021; Fricker et al., 2021), offering further insights into lake dynamics.

Conventional band ratio thresholds or machine learning methods, as 
applied in previous studies, may yield satisfactory results in particular 
regions. However, these approaches may lack the robustness and 
transferability required to map SGLs across the entire GrIS due to the 
complex and heterogeneous geometries of surface meltwater features, 
whereas CNN-based methods have demonstrated improved accuracy 
and adaptability across diverse glacial environments (Yuan et al., 2020; 
Jiang et al., 2022). In contrast, deep learning techniques, such as con
volutional neural networks (CNNs), show great potential for accurately 
detecting SGL features from spaceborne imagery (Reichstein et al., 
2019; Weiss et al., 2020). CNNs have proven effective in identifying 
cryohydrologic elements, including pro-, supra-, or sub-glacier lakes, 
across vast polar regions from both remotely sensed optical and SAR 
images (Dirscherl et al., 2020; Yuan et al., 2020; Hu et al., 2022; Jiang 
et al., 2022). Classical machine learning methods, such as Random 
Forest and Support Vector Machines, primarily rely on spectral infor
mation and may be simpler and more accessible through platforms like 
Google Earth Engine (Dell et al., 2021; Halberstadt et al., 2020). How
ever, CNNs provide significant advantages by learning complex spatial 
and semantic patterns, producing outputs with less noise and fewer 
omission errors, particularly in outlining SGL bodies (Yuan et al., 2020). 
Despite these benefits, CNNs require more computational resources and 
training data, potentially increasing implementation costs. Neverthe
less, an attempt to map dynamically changing SGLs across the entire 
GrIS with state-of-the-art algorithms is still warranted to better elucidate 
SGL distribution and its influence on mass balance. Furthermore, intra- 
annual and even subseasonal (with monthly peak values analyzed in this 
study) changes in SGL area variability at large scales have been inade
quately constrained. A spatially and temporally explicit elaboration of 
SGL evolution is nontrivial but critically urgent for assessing the po
tential impacts on hydrological and ecological changes associated with 
the GrIS mass loss (Colgan et al., 2011).

Up to now, no dataset has described the highly dynamic fluctuations 
of SGL area across the entire GrIS at subweekly frequency. The primary 
aim of this study is to fill that gap by understanding SGL evolution at 
large spatial scales with high temporal resolution. To achieve this, we 
have set the following specific objectives: (1) Develop the best- 
performing semantic segmentation model through a series of sensi
tivity analyses on various in-house and classical CNN models; (2) map 
the extent of all SGLs across the entire GrIS at 5-day intervals from 
149,055 processed 10 × 10 km image chunks derived from optical sat
ellite scenes using the optimal model; (3) quantify both inter- and intra- 
annual changes in SGL peak area across the entire GrIS and within in
dividual basins; and (4) analyze SGL dynamics from 2017 to 2022, 
incorporating simulated regional climate model outputs both spatially 
and temporally.

2. Study area

As the largest ice mass in the northern hemisphere, the GrIS is 
currently undergoing intensifying surface melting (Yang et al., 2018). In 

this study, we consider the entire GrIS for SGL mapping. Given the 
persistent cold conditions in the interior region of the GrIS, where any 
meltwater percolates into the snow and firn and refreezes, preventing 
the formation of SGLs, and considering the immense volume of remote 
sensing imagery, we applied spatial constraints to enhance computa
tional efficiency. Specifically, we generated 10-km SGL occurrence grids 
based on historical cloud-free Landsat mosaic imagery to represent the 
potential extent of ponds. These grids were extended inward or outward, 
depending on geographic location, to minimize the risk of missing any 
potential SGLs and are primarily distributed along the periphery of the 
GrIS (Fig. 1a).

Morphologically diverse SGLs are distributed across all basins of the 
GrIS, and the presence of certain negative samples can interfere with the 
extraction accuracy as well as transferability of deep learning-based 
methods. In this regard, we ensured a geographically uniform distribu
tion of training and test samples (Fig. 1b), taking into account various 
typical surface features, including lakes, streams, firns, crevasses, and 
bare ice. These samples were carefully selected to represent a broad 
range of glacier types from all drainage basins, ensuring comprehensive 
coverage of both positive examples (containing SGL pixels) and negative 
examples (consisting solely of background features without SGLs).

3. Data

3.1. Optical satellite imagery for SGL extraction

Passive optical images from the Sentinel-2 and Landsat 8 & 9 satellite 
missions were utilized to extract all SGL features across the entire GrIS. 
The wide swath Sentinel-2 constellation, equipped with Multi-Spectral 
Instrument (MSI) sensors, consists of two identical satellites, namely 
Sentinel-2A and Sentinel-2B, providing a high spatial resolution of 10 m 
and a revisit frequency of 5 days. To ensure sufficient orbit coverage 
over the GrIS region, we selected Sentinel-2 data from 2017 onwards 
(when Sentinel-2B became operational along with Sentinel-2A). Spe
cifically, 308,534 images of MSI band-8 (Near-infrared band) Level-1C 
Top-of-Atmosphere Reflectance products were downloaded through 
Google Earth Engine (https://earthengine.google.com/), with original 
image tiles split into 10 × 10 km gridded images, to examine changes in 
SGL area during the melt season from 2017 to 2022 (Gorelick et al., 
2017). We performed large-scale filtering based on imaging conditions, 
excluding images with invalid pixel counts greater than 20 % and those 
with overall dark tones that made discrimination impossible. Addi
tionally, redundant images without lake pixels were removed at the 
beginning and end of the ablation season (May and September), 
retaining only one valid record per month in such cases. These filtering 
criteria resulted in a total of 149,055 images used in the analysis.

A carefully curated collection of Landsat 8 & 9 images (totaling 415) 
from Operational Land Imager (OLI) and OLI-2 sensors were purpose
fully selected to complement the Sentinel-2 archives, particularly in 
regions where SGLs were visually inspected to be prevalent. Landsat 8 
data were used before 2022, while both Landsat 8 and Landsat 9 were 
incorporated during the summer of 2022 to improve coverage. Although 
these images have a slightly lower 30-m spatial resolution and a 16-day 
revisit frequency for each Landsat satellite, their combined use further 
reduces the revisit interval to 8 days, enhancing temporal coverage.

3.2. Auxiliary remote sensing products

We used the cloudless Landsat mosaic of Greenland obtained from 
Chen et al. (2020) as historical evidence of widespread and dynamic 
SGLs to constrain the number of 10-km grid cells that are computa
tionally feasible with our limited resources. A total of 3006 SGL occur
rence grids were generated using the “Create Fishnet” tool in ArcGIS, 
followed by thorough visual inspection and manual feature editing to 
remove redundant grids, with the majority located in the peripheral 
areas of the GrIS (Fig. 1a). Time averaged ArcticDEM (mosaic) data with 
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a high spatial resolution (2 m) acquired from the Polar Geospatial Center 
(https://www.pgc.umn.edu/data/arcticdem/) were utilized for addi
tional slope mask derivation to mitigate the effect of bedrock topog
raphy (Porter et al., 2018). Greenland Ice Mapping Project (GIMP) Ice & 
Ocean Mask obtained from Byrd Polar and Climate Research Center 
(https://byrd.osu.edu/research/groups/glacier-dynamics/data/icema 
sk/) provides a binary raster of ice sheet mask at 15-m resolution (Howat 
et al., 2014), which can eliminate the issue of misclassifying ice- 
marginal ocean areas. Note that both the ArcticDEM-derived slope and 
the GIMP ice mask were cropped to the same 10 × 10 km grids as the 
satellite imagery.

Widely used six-basin division products developed by Rignot and 
Mouginot (2012) with slight modifications to make them compatible 
with grid outlines were then applied to gain a comprehensive under
standing of the SGL area change within each drainage unit. Table 1 lists 
all the remotely sensed datasets used in this study.

3.3. Regional climate model simulations

Regional climate models play a crucial role in understanding the 
complex climatic processes that influence ice sheet dynamics, snow 
accumulation, and glacier mass balance, which are key factors in SGL 
formation. The Modèle Atmosphérique Régional (MAR) is a regional 
atmospheric model specifically designed for high-latitude regions like 
the GrIS. It serves as a valuable tool for simulating regional climate and 
generating multi-resolution meteorological data, aiding in the investi
gation of these processes in polar environments (Fettweis et al., 2017, 
2020; Haacker et al., 2024). Here, a variety of daily outputs from MAR 
simulations (version 3.14, run at a spatial resolution of 15 km) were 
utilized to analyze the potential factors influencing SGL changes. These 
outputs include near-surface temperature (T2M), meltwater production 
(ME), rainfall (RF), runoff (RU), and surface mass balance (SMB). The 
simulations were forced every six hours by the ERA5 reanalysis to 
explain the correlation between SGL dynamics and atmospheric varia
tions (Hersbach et al., 2020). MAR datasets can be accessed at http://ftp. 
climato.be/fettweis/MARv3.14/Greenland/.

4. Methods

4.1. Deep learning-based model for lake extraction

4.1.1. Pre-processing workflow
Similar to most classical semantic segmentation tasks and previous 

studies conducted (Dirscherl et al., 2020, 2021; Yuan et al., 2020; Hu 
et al., 2022; Jiang et al., 2022), we performed a series of procedures to 
prepare the satellite imagery data. We acquired all available Red-Green- 
Blue (RGB) composite and Near-Infrared (NIR) Sentinel-2 images during 
the melt seasons from 2017 to 2022, along with a small number of 
Landsat 8 & 9 images, based on the shapefiles of the designated training 

and test sites. When composited in true colour, SGLs exhibit a bluish or 
turquoise hue, contrasting sharply with the surrounding white ice/snow 
background. In contrast, in a single NIR band, SGL water bodies appear 
darker due to their strong absorption of longer-wavelength radiation, 
making them easily distinguishable from the brighter ice/snow surface. 
A stringent cloud cover threshold of 5 % was consistently enforced to 
minimize the impact of cloud shadows on the misidentification of lake 
water. To align Landsat images with Sentinel-2 image resolution, the 
native 30-m resolution was resampled to 10-m using the nearest 
neighbor sampling method. It is recommended to perform bulk cropping 
of larger-sized raw images when applying deep learning-based ap
proaches, where different patch sizes have been employed in previous 
studies (Dirscherl et al., 2021; Jiang et al., 2022). In this study, we 
adopted subdivided 256 × 256 pixels patches to enhance the delineation 
of relatively small SGLs, considering the tradeoff between extraction 
effectiveness and data volume.

Both the RGB and NIR datasets contain 6057 patches, which were 
subsequently subjected to data augmentation, including rotation, flip
ping, and mirroring. This process yielded two final datasets, each con
taining 24,228 patches, for training and testing the model. In these 
datasets, 80 % of the samples were randomly assigned to the training set, 
while the remaining 20 % were reserved for the test set. Similar to Jiang 
et al. (2022), the entire dataset comprises a ratio of 1:2 between positive 
samples and negative samples. The corresponding ground truth labels 
were generated using the modified Normalized Difference Water Index 
(NDWIice) (Yang and Smith, 2013), combined with Otsu’s auto- 
thresholding method (Otsu, 1979), which selects a threshold that min
imizes intra-class variance. The SGL labels were further refined through 
detailed manual editing and visual interpretation to ensure accuracy.

4.1.2. Training semantic segmentation models
To evaluate the best semantic segmentation model for our task, we 

tested several models using two training-test datasets: one based on 
multi-band RGB data and another using single-band NIR data. The 
models included both our in-house network (LaeNet) and several 
widely-used architectures, namely Cloud-Net, U-net, UNet++, Deep
UNet, SegNet, AttResUNet, and AttSEResUNet (Ronneberger et al., 
2015; Badrinarayanan et al., 2017; Li et al., 2017; Mohajerani and 
Saeedi, 2019; Zhou et al., 2019; Liu et al., 2021; Ouyang and Li, 2021; 
Wang et al., 2022).

These models differ in their architecture and approach to handling 
image features. For instance, U-net and its variants (UNet++, Deep
UNet) are popular for their use of skip connections, which allow the 
model to retain detailed spatial information (Ronneberger et al., 2015; 
Li et al., 2017; Zhou et al., 2019). The decoder in SegNet uniquely uti
lizes pooling indices from the max-pooling step of the corresponding 
encoder for efficient non-linear upsampling, optimizing computational 
resource usage (Mohajerani and Saeedi, 2019). Cloud-Net, on the other 
hand, is originally tailored for cloud detection in satellite images but was 
adapted for our SGL mapping task due to its robustness in identifying 
irregular shapes (Mohajerani and Saeedi, 2019). The attention-based 
models (AttResUNet, AttSEResUNet) incorporate attention mecha
nisms to focus on important image regions and feature channels, which 
improves accuracy when dealing with complex structures like SGLs 
(Ouyang and Li, 2021; Wang et al., 2022).

We adjusted three critical hyperparameters—learning rate (0.001), 
batch size (16), and epoch number (200)—to ensure optimal model 
performance. The learning rate controls how much the model weights 
change during training, while the batch size defines how many images 
are processed at once, and the epoch number indicates how many times 
the model processes the entire training set. To prevent overfitting and 
enhance model convergence, we also applied early stopping and 
learning rate decay. Detailed hyperparameter settings are provided in 
Table A1.

Among all the models tested, the AttSEResUNet model (Fig. A1), 
developed based on Wang et al. (2022), outperformed others in mapping 

Table 1 
Summary of remotely sensed datasets used in this study.

Satellite/ 
product

Time Spatial 
resolution

Purpose

Sentinel-2 MSI 2017–2022 10 m Map all SGL features using a 
single NIR band

Landsat 8 OLI 
& 9 OLI2

2017–2022 30 m Complement for potential 
missing valid records of Sentinel- 
2 mission during the study period

ArcticDEM 
Version 3

released in 
2018

2 m Generate a slope mask and then 
apply it to mitigate the 
topographical impacts

GIMP Version 
1.2

released in 
2021

15 m Apply GIMP ice masks at a 
gridded scale to accurately 
extract lakes on glaciers

Greenland 
mosaic

released in 
2020

30 m Generate SGL occurrence grids 
across the entire GrIS
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SGLs due to the use of both spatial and channel attention mechanisms. 
Its ResUNet-based structure, with skip connections and residual blocks 
(Diakogiannis et al., 2020), captures both local and global contextual 
information. The self-gated attention module assigns varying weights to 
different spatial regions of interest, enhancing feature extraction. 
Additionally, the Squeeze-Excitation (S-E) block consists of a squeeze 
operation, which generates channel-wise statistics via global average 
pooling, and an excitation operation that learns their interdependencies 
(Hu et al., 2020). This allows the model to better detect subtle features, 

like pond water, at the pixel level.

4.1.3. Post-processing workflow
After the tuned model was established, over 2,390,000 patches were 

incorporated into the well-trained deep learning network for automatic 
prediction. All predicted outputs are grayscale images spanning a 
continuous range, devoid of geographic coordinates or projection in
formation, requiring additional post-processing procedures. Initially, 
georeferencing was applied to align the predicted images with the 
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Fig. 2. Flowchart of automated SGL mapping from satellite imagery using a deep learning approach. Satellite imagery was archived on the Google Earth Engine 
platform. Model training was conducted in a GPU-accelerated environment, while image processing was implemented using Python programming.
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original spatial reference of the input patches. Subsequently, these im
ages were mosaicked into 10-km scenes corresponding to the generated 
SGL occurrence grids. To quantify the number of SGL pixels for lake area 
estimation, a fixed threshold value of 125 was employed to binarize the 
continuous grayscale predictions. This threshold corresponds to the 
widely adopted practice of applying a 0.5 threshold when binarizing 
predicted probability maps.

In addition, slope masks derived from ArcticDEM were applied to 
mitigate the impacts of steepness. Zones with slopes greater than 15◦, as 
recommended by Jiang et al. (2022), were excluded to reduce shadow 
interference in the SGL mapping process. Moreover, ice masks provided 
by GIMP Ice & Ocean Mask were utilized to accurately extract lakes on 
glacier ice by disregarding non-ice pixels. To ensure consistency with the 
predicted results, the nominal spatial resolution of the applied GIMP ice 
mask (15 m) was further enhanced to 10 m using nearest neighbor 
sampling. The slope and ice masks were cropped into 10 km gridded 
products that coincided geographically with the generated SGL occur
rence grids. Ultimately, the identified water pixels were tallied to 
quantify the SGL area within each grid, enabling us to estimate the SGL 
dynamics across the entire GrIS as well as the basin scale (as detailed in 
Fig. 2).

4.2. Accuracy assessment and uncertainty estimation

4.2.1. Accuracy assessment
Due to the scarcity of an independent SGL area dataset based on 

Sentinel-2 data, we used our manually refined, high-precision labeled 
test dataset, derived from the NDWIice and Otsu thresholding process, to 
assess the performance of the different models. By applying performance 
criteria such as accuracy, precision, recall, F1-score, and mean Inter
section over Union (mIoU), we were able to quantitatively evaluate the 
capabilities of different semantic segmentation models (Zhao et al., 
2021). Moreover, both commission (i.e., non-SGL pixels identified as 
SGLs) and omission (i.e., SGL pixels identified as non-SGLs) errors were 
considered together to aid assessment (Pi et al., 2022). These metrics 
were calculated as follows: 

Accuracy =
TP + TN

TP + TN + FP + FN
(1) 

Precision =
TP

TP + FP
(2) 

Recall =
TP

TP + FN
(3) 

F1–score =
2 × Precision × Recall

Precision + Recall
(4) 

mIoU =
1
2
×

(
TP

TP + FP + FN
+

TN
TN + FN + FP

)

(5) 

Commission =
FP

FP + TP
(6) 

Omission =
FN

FN + TP
(7) 

where True Positive (TP), True Negative (TN), False Positive (FP), and 
False Negative (FN) are four components of the confusion matrix, which 
is a table that records the model’s performance by comparing the pre
dictions with the corresponding labeled masks for binary classification 
tasks.

Among these four components, TP and TN represent correct pre
dictions, while FP and FN indicate incorrect predictions. In this study, 
TP refers to instances that were correctly predicted positive (SGL water), 
i.e., both the model predictions and the actual labels are positive classes. 
Similarly, TN denotes correctly predicted negative (all background) in
stances. In contrast, FP represents negative instances that were incor
rectly predicted as positive, while FN represents positive instances that 
were incorrectly predicted as negative.

4.2.2. Uncertainty of the derived SGL area
Uncertainties in SGL mapping can be attributed to a variety of fac

tors, including satellite imagery quality, deep learning algorithm reli
ability, auxiliary datasets accuracy, and post-processing procedures. 
These factors make it challenging, if not impossible, to provide a precise 
quantitative assessment of the uncertainties involved. In this study, we 
estimated the uncertainty of SGL area as the outer contour perimeter 
multiplied by half the image pixel size as eq. (8), a simple but feasible 
approach outlined by previous studies on area uncertainty estimation of 
glacial lake in the High Mountain Asia (Salerno et al., 2012; Zhang et al., 
2023). Notably, certain morphological operations (i.e., majority 
filtering and boundary cleaning) were employed when deriving the SGL 
perimeter using the Zonal Geometry as Table function in ArcGIS. These 
operations help alleviate the effects of fine-grained plaques on contour 
extraction, which may lead to significant errors in calculating the SGL 
perimeter. 

∂Ai = Pi ×
G
2

(8) 

where ∂Ai is the uncertainty of SGL area, Pi is the corresponding 
perimeter, and G is the spatial resolution of satellite images (10 m pixel 
size here).

5. Results

5.1. Automatic SGL mapping from AttSEResUNet

We performed a series of experiments with two types of datasets (i.e., 
NIR and RGB datasets) to determine the optimal network for automat
ically extracting SGL from satellite images. As shown in Tables 2 & A2, 
AttSEResUNet consistently outperformed other networks for both NIR 
and RGB datasets, especially in terms of F1-score, which is of particular 
importance for binary classification scenarios. Nevertheless, the ulti
mate adopted strategy was to extract SGLs from NIR images using Att
SEResUNet, given the comparable metrics conducted on both NIR and 
RGB datasets, as well as the immense data volume (approximately 

Table 2 
Summary of evaluation metrics for all deep learning architectures tested.

Accuracy Precision Recall F1-Score mIoU Commission Omission

U-net 0.996 0.899 0.971 0.933 0.936 0.004 0.029
LaeNet 0.982 0.830 0.528 0.634 0.729 0.003 0.467
SegNet 0.996 0.931 0.932 0.931 0.939 0.002 0.056

UNet++ 0.994 0.921 0.884 0.901 0.908 0.002 0.116
DeepUNet 0.996 0.916 0.948 0.931 0.934 0.003 0.052
Cloud-Net 0.996 0.955 0.933 0.942 0.945 0.001 0.067

AttResUNet 0.997 0.951 0.943 0.947 0.948 0.002 0.057
AttSEResUNet 0.997 0.957 0.961 0.959 0.959 0.001 0.039

All the metrics listed here are derived from NIR datasets. For RGB dataset results, see Table A2.
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150,000 images for NIR alone, with the RGB composite requiring three 
times the storage space due to its three image channels). Furthermore, 
an additional evaluation using entirely independent datasets from the 
year 2023—outside the training period and covering all representative 
regions, including both the red and black boxes in Fig. 1b—was con
ducted. The results further demonstrate the model’s robustness and 
transferability across different temporal and spatial domains (see eval
uation metrics in Tables A3 & A4).

SGLs can take on a variety of shapes, including arc-shaped (circular 

or oval), jagged, or elongated forms, which can be influenced by local 
topography, ice flow dynamics, and the underlying ice surface (Chu, 
2014; Jiang et al., 2022). These lakes also vary in size from small ponds 
with diameters of a few dozen meters to large bodies of water spanning 
several kilometers in length. These variations in shape and size can 
impact the accuracy of lake identification, as the CNN algorithm must be 
able to recognize and delineate lakes in diverse forms. Nevertheless, the 
algorithm showed notable capabilities in SGL extraction, effectively 
handling variations in lake characteristics due to specific locations and 

Fig. 3. The SGL extents mapped by AttSEResUNet model across six drainage basins. a1)-f1) illustrate SGL extraction at a 10 km gridded scale, corresponding to the 
large solid circles in each basin. a2)-f2) provide a detailed delineation of various SGL types under different conditions by outlining the predicted boundaries, cor
responding to the small hollow circles in each basin.
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hydrological conditions. These capabilities are highlighted through the 
SGL delineation results within six basins, presented at both a large scale 
(10 km grid cells) and pixel level (several tens of meters), as shown in 
Fig. 3.

Specifically, we identified 6 SGL grids that span the entire study 
period, are evenly distributed across all drainage basins, and exhibit 
distinct morphological features varying across different temporal and 
spatial contexts (Figs. 3 a1-f1 & A2). To provide a more detailed illus
tration, we employed a zoomed-in perspective to delineate the lake 
boundaries in 6 representative scenarios, which are SGLs with intricate 
shapes, affected by topographic shadows or wet slushes, located on 
floating ice tongues, contaminated by clouds, and with shallow lake 
beds, respectively (Fig. 3 a2-f2). Despite these challenges, the lake 
boundaries delineated by our deep learning-based method are well 
aligned with the actual shoreline, mitigating the potential effects of 
misclassification.

5.2. Drastic subseasonal fluctuation of SGL dynamics

To ensure the reliability of the area data and remove potential out
liers caused by misclassification, we applied the three-sigma rule. Spe
cifically, records that deviated beyond three standard deviations (μ ±
3σ) from the mean were excluded, assuming a near-normal distribution 
of area changes over time. Due to inconsistencies in image density and 
occasional gaps within certain months of the derived SGL area datasets, 

we focused on monthly peak area (hereafter simply area unless specified 
otherwise) for those SGL occurrence grids with continuous area records 
throughout the melt season. The monthly peak area represents the 
maximum total SGL area observed within each month for the respective 
SGL grids. For months lacking any valid records, the monthly peak value 
was defaulted to 0 to maintain data consistency.

To illustrate noticeable subseasonal changes in SGLs, we quantita
tively evaluated the dynamics of number and area of SGL grids within 
each basin from May to September, as detailed in Fig. 4. Specifically, we 
presented the total number of SGL occurrence grids that reached area 
peaks, as well as the sum of long-term mean monthly SGL areas (aver
aged over 2017–2022), within each basin (Fig. 4a & b). The temporal 
changes in grid number and area exhibit a consistent pattern, with 
emergence in May, a surge in July, and nearly vanishing in September. 
Among all the drainage basins, the SW basin demonstrated the most 
pronounced changes in area, followed by the NE basin, while the SE 
basin exhibited the smallest changes despite exhibiting similar dynamic 
behavior (Fig. 4c).

The spatial distribution of grids with peak SGL area was mapped at 
both monthly and annual scales, and their corresponding frequencies 
were analyzed (Fig. 5). As shown in Figs. 5a & 6, peak SGL areas tend to 
occur later in the melt season as their location shifts further into the ice 
sheet interior at higher elevations. This pattern is particularly pro
nounced in the western basins (NW, CW, and SW), whereas greater 
stochasticity is observed in the eastern GrIS (Fig. A3). The observed 
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relationship between peak area timing and ice surface elevation aligns 
with previous regional studies (Sundal et al., 2009) that reported similar 
trends in specific parts of the GrIS. However, our study extends these 
findings by providing a more comprehensive spatiotemporal perspective 
across the entire ice sheet. Additionally, Fig. 5b & d highlight 2019 and 
2021 as the years with the most significant ablation effects, with peak 
SGL areas increasing by 47.43 % and 20.73 %, respectively, relative to 
the previous year, reaching 4588.01 km2 and 5084.90 km2. Notably, in 
approximately 14 % of the total grids, the peak month occurred in May 
or September, which typically marks the beginning or end of the melt 
season (Fig. 5a & c). The total SGL area in certain basins in September 
2022 even exceeded that of August, an unexpected phenomenon in the 
time series that will be discussed later in Sect. 6.1.

The dynamics of SGLs within each grid were further assessed using 
two area thresholds: 1 km2 and 5 km2. Specifically, we categorized all 
SGL grids into two groups (i.e., small and medium) using a 1 km2 

threshold (see Fig. 7a & b). Medium SGLs (≥1 km2), although less 
frequent than small SGLs (<1 km2) throughout the study period, played 
a significant role in driving the overall change in area across the entire 
GrIS. When a larger threshold of 5 km2 was applied, a different variation 

pattern emerged (Fig. 7c & d). Moderate SGLs (<5 km2) outnumbered 
large SGLs (≥5 km2) and demonstrated dominance in both area and 
particularly number. This pattern suggests a magnitude/frequency 
relationship, where smaller SGLs are more frequent but contribute less 
individually to the total area, while larger, less frequent SGLs have more 
significant impact on the overall area.

5.3. Comparison of remotely sensed SGL area with simulated MAR 
outputs

We quantified the subseasonal variability in SGL area at both 
regional (the entire GrIS) and local (individual drainage basin) scales. 
Additionally, we analyzed the daily outputs obtained from MAR simu
lations, which included key variables such as near-surface temperature, 
meltwater production, rainfall, runoff, and surface mass balance (Fig. 8). 
Due to the significant daily fluctuations of the MAR simulation, we 
further averaged the outputs to a monthly scale to better capture sub
seasonal variations. In general, meltwater production, near-surface 
temperature, rainfall, and runoff from the MAR simulations closely 
corresponded with SGL area variability. Notably, runoff showed a 
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particularly strong correlation with SGL area, with a Pearson correlation 
coefficient (r) of up to 0.92, indicating a robust positive relationship 
(Fig. 9). In contrast, surface mass balance displayed an almost inverse 

connection with SGL area, though less pronounced than that of -RU 
(negative runoff), with a Pearson correlation coefficient (r) of − 0.90. 
This may be because SMB in summer is dominated by runoff and close to 
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-RU except inland (in the dry snow zone) where snowfall occurs, those 
snow accumulation however does not impact on SGLs (Fettweis et al., 
2020). We note that the aforementioned lower correlations may also be 
attributed to the challenge of reasonably characterizing the highly dy
namic daily outputs using monthly substitution.

The spatial distribution of monthly anomalies (relative to the melt 

season May to September from 2017 to 2022 period) were mapped for 
both observed SGL area and simulated RU from MAR to further examine 
the spatiotemporal characteristics (see Figs. 10 & 11). Additionally, the 
correlations between SGL area anomalies and anomalies in RU (Fig. 12), 
as well as other MAR variables (Fig. A4), have been analyzed across 
different years and months. It is important to note that RU represents the 
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effective runoff of liquid water from meltwater, which can potentially 
fill the lakes. While liquid water from rainfall is not included in ME, and 
a portion of both ME and RF may be retained by the snowpack (Fettweis 
et al., 2020). Therefore, we exclusively used simulated RU for compar
ison with monitored lake area, rather than other water-related variables. 
Throughout the six-year ablation period, both SGL area and RU exhibit 
consistent spatial and temporal patterns, with a Pearson correlation 
coefficient (r) reaching up to 0.92, albeit with certain slight discrep
ancies observed. Eliminating potential calculation errors in both prod
ucts, this consistency suggests that surface runoff plays a pivotal role in 
the formation and development of SGLs, with additional contributions 
from meltwater generated within the lake basins due to localized ice 
melting. Furthermore, it should be noted that the simulated runoff 
shown in Fig. 11 is constrained to be within SGL occurrence grids. While 
considering the potential impacts of spatially continuous MAR simula
tions on SGL evolution, we also assessed the related variables on a 
broader, regional scale (across the entire GrIS, not limited to SGL 
occurrence grids) and illustrated the anomalies for each component, as 
detailed in Figs. A5-A9.

The years 2019 and 2021 stand out as high melt years, as evidenced 
by the distribution of anomalies in the SGL area and the simulated runoff 
(Figs. 10 & 11). Remarkable positive anomalies were detected as early as 
June in 2019, with mean values of 0.43 km2 for the SGL area anomaly 
and 4.27 mmWE/month for the RU anomaly. In contrast, similar posi
tive anomalies emerged later in 2021, persisting until August, with mean 
values of 1.24 km2 and 1.68 mmWE/month, respectively. The extended 
melt duration anomaly led to a greater total SGL area during the ablation 
period in these two years compared to others, reaching 4588.01 km2 in 
2019 and 5084.90 km2 in 2021, as also evidenced by the concurrent 
increase in the number of SGL grids reaching their peak areas (Fig. 5d). 
High temperature anomalies through 2019 (Fig. A6) and heavy rainfall 
anomalies in 2021 (Fig. A7) are likely to be the main contributors to the 
increase in SGL impoundments in these two years, respectively. The high 
temperature anomaly in July 2019 reached up to 8.38 ◦C locally, while 
heavy rainfall anomalies in June, July, and August 2021 were as high as 

6.60 mmWE locally. Exceptionally high amounts of melted water 
additionally contribute to the development of surface runoff, signifi
cantly impacting the mass balance of the ice sheet (Figs. A8 & A9).

The spatial distribution of each anomaly exhibits a distinct sub
seasonal (monthly scale in this study) pattern. Overall, for the SGL area, 
meltwater production, near-surface temperature, rainfall, and runoff, 
positive anomalies are predominantly observed during the high melt 
season, from June to August (Figs. 10, A5, A6, A7 & A8). In contrast, 
negative anomalies during this period are primarily found in surface 
mass balance (Fig. A9). These most significant anomalies generally 
occur in mid-melt season, particularly in July, which aligns with the 
peak in the SGL area time series. Subseasonal anomalies in near-surface 
temperature (Fig. A6) are more pronounced in the northern GrIS, 
whereas more conspicuous are observed in the southern GrIS for rainfall 
anomalies (Fig. A7). These results suggest that drivers behind SGL 
evolution are multifaceted and vary across different hydrologic regions, 
indicating a complex interplay of factors.

6. Discussion

6.1. Spatiotemporal characteristics of dynamic SGLs

Previous studies have examined some rapidly changing SGLs expe
riencing sudden drainage events, primarily using MODIS or Landsat 
imagery (Williamson et al., 2017; Christoffersen et al., 2018). However, 
these studies are limited to local scales or specific case studies, often 
covering only short melt periods. To date, no study has analyzed sub
seasonal changes in SGL area across the entire GrIS. Most related 
research focuses on interannual variations, providing only a single 
annual area estimate (Hu et al., 2022; Zheng et al., 2023). However, 
such yearly area may not be properly represented, given the rapid 
changes many SGLs undergo and the potential meltwater transportation 
through surface runoff or subglacial channels (Smith et al., 2017; Li 
et al., 2022). This complexity poses challenges for accurately calculating 
annual SGL areas using multi-phase satellite imagery mosaics. Besides, 
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we here assumed that SGLs consist of at least 10 pixels at a 10-m spatial 
resolution, enabling the detection of even the smallest lakes, with areas 
as small as 0.001 km2. This approach addresses the potential underes
timation of SGL area in previous research.

Unlike the dominant pattern of SGL area variation (Fig. A10a), which 

generally peaks during the mid-melt season from June to August, fluc
tuations in ice surface elevation, drainage dynamics (Christoffersen 
et al., 2018), and abrupt climatic or hydrological shifts can lead to de
viations from this regime (Fig. A10b & c). Particularly, an unprece
dented late-season melt event was observed in September 2022, which, 

Fig. 10. Spatial distribution of observed SGL peak area anomalies across multiple melt seasons. a1)-a5) Monthly SGL peak area anomalies from May to September 
2017. b1)-f5) Corresponding anomalies for the subsequent five years (2018–2022).
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however, typically marks the end of the melt season. The melt spike was 
substantiated not only by the in situ meteorological observation records, 
as the Summit Station in Greenland experienced its first instance of 
exceeding the freezing point in September, but also by our findings that 
an unexpected increase of 105.16 km2 in SGL area was observed in 

September 2022 in SW basin, rather than the anticipated decrease (refer 
to Figs. 5a, b, & 8a). Such late-season melt event may increase surface 
runoff the following summer, as refrozen water lenses can impede the 
infiltration of meltwater into the ice surface, potentially redirecting it 
toward the ocean (Moon et al., 2022).

Fig. 11. Spatial distribution of simulated runoff anomalies from MAR. a1)-a5) Monthly runoff anomalies from May to September 2017. b1)-f5) Corresponding 
anomalies for the subsequent five years (2018–2022). To facilitate direct comparison with SGL area anomalies, the spatial extent is restricted to regions where SGL 
occurrence grids are present.
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Intensive clustering of small-sized SGLs with rapid changes in extent 
was primarily observed in the vicinity of the Nioghalvfjerdsfjorden 
glacier (also known as 79 N Glacier) and Zachariae Isstrøm glacier (ZI 
Glacier) in the NE basin, which represent as the most significant region 
of ice discharging in northern Greenland (Beyer et al., 2018; Turton 
et al., 2021). This phenomenon was particularly prominent on the 
floating ice tongue, which efficiently drains meltwater through rivers or 
crevasses, and it was also accompanied by rift formation at the terminus 
of marine-terminating glaciers, as shown in Fig. 13. Meanwhile, this 
may also be the reason why, during the high ablation months of July and 
August, the NE basin has a comparable or even higher number but a 
significantly smaller total area of lakes (794.30 km2 in July and 831.46 
km2 in August) —about half that of the SW basin (1806.58 km2 in July 
and 1335.77 km2 in August), which experiences the most pronounced 
thawing effect, as illustrated in Fig. 4. Moreover, the density and in
tensity of SGL observed in the SE basin are relatively less pronounced, 
accounting for only 4.58 % of the total GrIS, despite the region 
contributing a substantial proportion (29.74 %) of the simulated melt
water production (Fig. 14) compared to other basins. This can likely be 
attributed to the heavy runoff (Fig. A11) and rapid drainage events 
prevalent within this locality, as the SE basin is characterized by a 
relatively steep ice surface, a relatively narrow ablation zone, and its 
proximity to the ocean (Sundal et al., 2009). This leads to the formation 
of subglacial drainage systems and, on average, rapid water release into 
the ocean, despite the widespread presence of firn aquifers (Ran et al., 
2024). Further research is needed to shed more light on these regional 
hydrological differences.

6.2. Validation against previous studies and operational datasets

After establishing the significant spatiotemporal correlation between 
SGL area and multiple MAR simulations, we further validated the reli
ability of our results by comparing the monthly SGL peak area with 
previous research and related operational datasets (Fig. A12). Specif
ically, two relevant studies (Hu et al., 2022; Zheng et al., 2023) provide 
annual estimates of SGL extent across the entire GrIS. For the years 
directly comparable to this study, our monthly area estimates are of a 
similar magnitude to the annual estimates reported by Hu et al. (2022). 
However, Zheng et al. (2023) reported significantly smaller summer SGL 
areas, averaging only about one-third of those estimated in this study.

Additionally, we compared the monthly SGL area with the Joint 
Research Centre’s (JRC) Global Surface Water (GSW) dataset, which is 
derived from 30 m resolution Landsat imagery and provides global 
surface water extent from 1984 to 2021 (Pekel et al., 2016). Notably, the 
JRC Monthly Water History dataset derived from GSW does not differ
entiate between proglacial and supraglacial lakes and primarily captures 
surface water near the ice sheet margins, particularly in the south
western basin, while offering limited valid data for the ice sheet interior. 
Consequently, the JRC Monthly Water History dataset tends to under
estimate the total SGL area during the melt season compared to our SGL 
area dataset. Nevertheless, the JRC Monthly Water History dataset re
mains a valuable global reference for monthly surface water extent, and 
its relatively lower performance in SGL mapping is understandable 
given its broader scope.

We also incorporated the MEaSUREs Polar EASE-Grid 2.0 Daily 6 km 
Land Freeze/Thaw (F/T) Status dataset from AMSR-E and AMSR2, 
Version 2, which provides global daily F/T status at a 6 km resolution 
(Kim et al., 2021). For our analysis, we examined the once-per-day 
composite (CO) classification data from May to September during the 
2017–2021 period (with data available until the end of 2021). To enable 
a direct comparison with our monthly SGL peak area, we extracted the 
monthly peak thawed area within the study period. Both datasets exhibit 
distinct subseasonal variability, with peak areas occurring during the 
high melt season (July or August). However, due to the coarser 6 km 
resolution of the F/T dataset, its estimated thawed area is, on average, 
approximately 70 times larger than the SGL area derived from Sentinel-2 
at a 10 m resolution.

Despite these differences, the SGL area estimated in this study 
demonstrates a strong correlation with both operational datasets. The 
Pearson correlation coefficient (r) and coefficient of determination (R2) 
are 0.83 and 0.68, respectively, when compared with the JRC Monthly 
Water History dataset, and 0.83 and 0.69 when compared with the F/T 
dataset, both of which are statistically significant (p < 0.01).

6.3. Limitations and prospects

Automatic mapping SGLs from gridded passive remotely sensed 
imagery using a deep learning approach yields promising results (see 
Sect. 5.1). Compared to traditional machine learning methods like 
Random Forests or Support Vector Machines, CNNs demonstrate supe
rior performance, producing less noise and fewer omission errors due to 
their ability to capture complex spatial and semantic patterns (Yuan 
et al., 2020). However, some limitations remain, including difficulties in 
distinguishing SGLs from spectrally similar features, such as slush or 
blue ice, challenges in the CNN model’s ability to learn spectral and 
semantic information, and inconsistencies in reflectance caused by 
variations in solar illumination.

Misidentifications of certain linear features (e.g., supraglacial rivers 
and their tributaries) persist, likely due to the presence of an insufficient 
number of negative examples or incorrectly labeled samples (Zhang 
et al., 2021). Adding more accurate training samples and corresponding 
ground truth labels may help mitigate these issues and further reduce 
the relatively high omission error (3.9 %). Considering the tradeoff 
between extraction accuracy and limited computational and storage 
capacity, the SGL mapping strategy in this study was established by 
utilizing AttSEResUNet and single-band NIR imagery. However, this 
approach may not fully exploit the potential of AttSEResUNet’s differ
ential sensitivity to each channel. Therefore, considering the integration 
of multi-band imagery and other information, such as DEM, is a prom
ising enhancement (Zhang et al., 2021).

Furthermore, setting a stringent cloud cover threshold may lead to 
the potential absence of valid optical imagery during overcast condi
tions, complicating time series analysis on a sub-monthly scale. To 
address this, incorporating cloud-penetrating SAR imagery could 
expand the dataset and improve temporal coverage (Benedek and Willis, 
2021; Jiang et al., 2022). Despite the current data sampling density 
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(averaged over 5 days), certain rapidly evolving and short-lived SGLs, 
which may drain within hours to days, remain difficult to capture 
(Christoffersen et al., 2018; Li et al., 2022). Additionally, averaging over 
5-day periods can introduce blurring effects in fast-flowing areas (e.g., 
floating ice tongues and particularly tabular icebergs) and topographi
cally influenced regions. Utilizing scene-by- scene SGL mapping, given 
the relatively short revisit time of satellites, would reduce these blurring 
effects (Christoffersen et al., 2018).

The formation and development of SGLs are primarily controlled by 
localized topography and surface melting, with the latter being modu
lated by atmospheric circulation patterns. However, when further 
quantifying SGL water mass changes—encompassing both storage and 
drainage processes—and comparing them with satellite gravity-based 
measurements, impoundment depth information is the prerequisite for 
SGL volume or mass estimation (Lampkin et al., 2020). While ICESat-2 
photon clouds can measure supraglacial pond depth with high preci
sion, this method is limited to the satellite’s ground track (Datta and 
Wouters, 2021; Fricker et al., 2021). Alternatively, both physically 
based (Pope, 2016) and empirical power-law-based methods 
(Williamson et al., 2018) offer the ability to estimate lake depth for all 
water pixels, though accuracy challenges may exist. Nonetheless, these 

approaches provide a viable attempt for regional assessment of lake 
depth or volume across the entire GrIS.

7. Conclusion

A meticulous characterization of subseasonal SGL area dynamics 
across the entire GrIS is important yet remains limited in investigation. 
In this study, we utilized approximately 150,000 passive remote sensing 
images from multi-source satellite observations, specifically Sentinel-2 
and Landsat 8/9, spanning the 2017–2022 melt seasons. To automati
cally map SGLs, we employed a dual attention-based convolutional 
neural network (AttSEResUNet), which achieved high validation accu
racy with an F1-score of 0.959 against independent test labels. We 
conducted a comprehensive analysis of monthly subseasonal variations 
in SGL areas across the entire GrIS and spatiotemporally examined 
relevant MAR model simulations, including near-surface temperature, 
rainfall, runoff, surface mass balance, and other variables to explain the 
SGL evolution patterns.

More than half of SGL occurrence grids (a total of 3006) recorded 
peak lake areas of less than 1 km2, even on a 10 km × 10 km grid scale. 
Only a small portion (approximately 10 %) of these grids exhibited peak 

Fig. 13. Extensively distributed and fast-changing SGLs in the NE basin. a) Zoomed-in view of two significant floating ice tongues in the NE basin: 79 N Glacier and 
ZI Glacier. The inset in the top-right corner displays mean ice flow velocities from 1985 to 2018 (Gardner et al., 2018). b) Map showing intensive clustering of small 
SGLs on the ice tongue, which is attached to the front of marine-terminated ZI Glacier, corresponding to the black dashed box in a). c) and d) Evolution of fast- 
changing SGLs and the terminus glacier mass loss at the front of 79 N Glacier, corresponding to the blue dashed box in a). (For interpretation of the references 
to colour in this figure legend, the reader is referred to the web version of this article.)
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SGL area greater than 5 km2. Each drainage basin experiences signifi
cant subseasonal variations, with peak areas predominantly occurring in 
the mid-melt season of July. The SW basin exhibited the largest 
magnitude, accounting for 44.9 % of the total SGL peak area, followed 
by the NE basin, with the NW and CW basins trailing closely behind. In 
contrast, the SE basin contributed only 4.2 % to the total peak SGL area, 
despite MAR simulations indicating similar levels of meltwater pro
duction as in the SW basin. These SGL area fluctuations were largely 
driven by atmospheric forcing, as evidenced by the concurrent anoma
lous changes in the SGL area and several MAR variables, along with their 
high correlations.

Our study provides a large-scale, high-spatial-resolution, and short- 
time-interval SGL area dataset from the recent 6 years, capable of 
measuring ponds as small as 0.001 km2 and capturing significant 
changes in SGL area, which potentially alleviates concerns of previous 
underestimations (Hu et al., 2022; Zheng et al., 2023). Most impor
tantly, it serves as a gateway to improved understanding of SGL dy
namics across the GrIS at the subseasonal scale. Further work through 
interdisciplinary collaboration is needed to investigate subseasonal mass 
changes of SGL-included surface meltwater in order to forecast the 
future behavior of the GrIS and its contribution to sea level rise, espe
cially under future high-emissions scenarios.

CRediT authorship contribution statement

Jiahui Qiu: Writing – original draft, Visualization, Software, Meth
odology, Investigation, Formal analysis, Data curation, Conceptualiza
tion. Jiangjun Ran: Writing – review & editing, Supervision, Resources, 
Funding acquisition, Formal analysis, Conceptualization. Natthachet 
Tangdamrongsub: Writing – review & editing. Xavier Fettweis: 
Writing – review & editing, Resources. Shoaib Ali: Writing – review & 
editing. Wei Feng: Writing – review & editing. Xiaoyun Wan: Writing – 
review & editing.

Declaration of competing interest

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this manuscript. All the authors listed have 
approved the manuscript that is enclosed.

Acknowledgments

We would like to thank the editors and all the anonymous reviewers 
for their constructive and insightful comments on the earlier drafts of 
this manuscript. This study was supported by the National Natural Sci
ence Foundation of China (Grant Nos. 42174096, 42322403) and the 
Asian Institute of Technology (AIT) Research Initiation Grant (No. SET 
2023-006). We also acknowledge the support from Center for Compu
tational Science and Engineering at Southern University of Science and 
Technology.

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.rse.2025.114896.

Data availability

All remotely sensed datasets used in this study are open access (see 
Sect. 3). SGL area time series with uncertainty in this study can be found 
at https://zenodo.org/record/13924069. Deep learning-based archi
tecture code and JavaScript code processed on GEE will be made 
available on request.

SG
L 

ar
ea

 p
ro

po
rti

on
 (%

)
SG

L 
ar

ea
 p

ro
po

rti
on

 (%
)

SG
L 

ar
ea

 p
ro

po
rti

on
 (%

)

Si
m

ul
at

ed
 M

E 
pr

op
or

tio
n 

(%
)

SG
L 

ar
ea

 p
ro

po
rti

on
 (%

)
Si

m
ul

at
ed

 M
E 

pr
op

or
tio

n 
(%

)
SG

L 
ar

ea
 p

ro
po

rti
on

 (%
)

Si
m

ul
at

ed
 M

E 
pr

op
or

tio
n 

(%
)

SG
L 

ar
ea

 p
ro

po
rti

on
 (%

)a) NW basin b) NO basin

c) CW basin d) NE basin

e) SW basin f) SE basin

2017-05 2018-05 2019-05 2020-05 2021-05
Melt season (month)

2022-05 2017-05 2018-05 2019-05 2020-05 2021-05
Melt season (month)

2022-05

Si
m

ul
at

ed
 M

E 
pr

op
or

tio
n 

(%
)

Si
m

ul
at

ed
 M

E 
pr

op
or

tio
n 

(%
)

Si
m

ul
at

ed
 M

E 
pr

op
or

tio
n 

(%
)

Fig. 14. Proportion of observed SGL area (blue) and simulated ME (red) within each basin relative to the total across the entire GrIS. Proportions in NW, NO, CW, 
NE, SW, and SE basins are shown in a) to f), respectively. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version 
of this article.)

J. Qiu et al.                                                                                                                                                                                                                                      Remote Sensing of Environment 328 (2025) 114896 

17 

https://doi.org/10.1016/j.rse.2025.114896
https://doi.org/10.1016/j.rse.2025.114896


References

Andrews, L.C., Catania, G.A., Hoffman, M.J., Gulley, J.D., Lüthi, M.P., Ryser, C., 
Hawley, R.L., Neumann, T.A., 2014. Direct observations of evolving subglacial 
drainage beneath the Greenland ice sheet. Nature 514, 80–83.

Badrinarayanan, V., Kendall, A., Cipolla, R., 2017. SegNet: a deep convolutional encoder- 
decoder architecture for image segmentation. IEEE Trans. Pattern Anal. Mach. Intell. 
39, 2481–2495.

Banwell, A.F., Willis, I.C., Macdonald, G.J., Goodsell, B., MacAyeal, D.R., 2019. Direct 
measurements of ice-shelf flexure caused by surface meltwater ponding and 
drainage. Nat. Commun. 10, 1–10.

Bell, R.E., Chu, W., Kingslake, J., Das, I., Tedesco, M., Tinto, K.J., Zappa, C.J., 
Frezzotti, M., Boghosian, A., Lee, W.S., 2017. Antarctic ice shelf potentially 
stabilized by export of meltwater in surface river. Nature 544, 344–348.

Benedek, C.L., Willis, I.C., 2021. Winter drainage of surface lakes on the Greenland ice 
sheet from Sentinel-1 SAR imagery. Cryosphere 15, 1587–1606.

Benn, D.I., Cowton, T., Todd, J., Luckman, A., 2017. Glacier calving in Greenland. Curr. 
Clim. Chang. Rep. 3, 282–290.

van den Berk, J., Drijfhout, S.S., Hazeleger, W., 2021. Circulation adjustment in the 
Arctic and Atlantic in response to Greenland and Antarctic mass loss. Clim. Dyn. 57, 
1689–1707.

Beyer, S., Kleiner, T., Aizinger, V., Rückamp, M., Humbert, A., 2018. 
A confined–unconfined aquifer model for subglacial hydrology and its application to 
the Northeast Greenland ice stream. Cryosphere 12 (12), 3931–3947.

van den Broeke, M.R., Enderlin, E.M., Howat, I.M., Kuipers Munneke, P., Noël, B.P.Y., 
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