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Abstract. Supraglacial lakes (SGLs) are widely distributed across Antarctica and play an important role in modulating surface 

energy balance through albedo feedback, promoting ice-shelf disintegration via hydrofracture, and influencing ice dynamics. 

Existing SGL monitoring studies mainly rely on narrow-swath satellite data, such as Landsat and Sentinel-2, resulting in 10 

discontinuous observations with relatively long revisit intervals and limiting the ability to capture the rapid evolution of 

supraglacial hydrological processes. Here, an 8-day Antarctic SGL fraction dataset spanning 2000–2023 is presented. The 

dataset is generated by integrating high-temporal-resolution Moderate Resolution Imaging Spectroradiometer (MODIS) 

imagery with high-spatial-resolution Sentinel-2 data within a machine-learning framework. The dataset reveals that Antarctic 

SGLs are highly dynamic and short-lived, with approximately 83% of lakes exhibiting mean persistence rates below 5%. The 15 

multi-year mean maximum SGL area is estimated at 4,103 ± 1,479 km2. Clear spatial heterogeneity in peak timing is further 

revealed, with SGL extent peaking approximately one week earlier in West Antarctica than in East Antarctica and about two 

weeks earlier than on the Antarctic Peninsula. Spatially, approximately 65% of SGLs are located within 10 km of grounding 

lines and are closely associated with blue-ice and exposed rock areas. These long-term, high-temporal-resolution observations 

provide a valuable basis for investigating the spatiotemporal variability of Antarctic SGLs and their associated impacts. The 20 

dataset is publicly available at  https://doi.org/10.5281/zenodo.19936100. 

1 Introduction 

Polar ice sheets are subject to accelerated mass loss (Mouginot et al., 2019; Rignot et al., 2019; Shepherd et al., 2012; van et 

al., 2016; Velicogna et al., 2014). Accounting for approximately 91% of Earth’s ice mass, the Antarctic Ice Sheet is the primary 

potential contributor to global sea-level rise (The IMBIE Team, 2018). As global warming accelerates, rising air temperatures 25 

can directly enhance surface melting of the Antarctic Ice Sheet, leading to the formation of supraglacial lakes (SGLs) within 

topographic lows over impermeable snow and ice surfaces (Echelmeyer et al., 1991). 

Once formed, SGLs can substantially influence the energy budget and mass dynamics of the Antarctic Ice Sheet via a range 

of processes. SGLs lower surface albedo, enhance melting, and warm the adjacent ice column (Hubbard et al., 2016; Lüthje et 

al., 2006; Tedesco et al., 2012). When lake water drains to the glacier bed, it enhances basal sliding and accelerates ice flow, 30 
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as observed in both Greenland and the Antarctic Peninsula (Bartholomew et al., 2010; Das et al., 2008; Shepherd et al., 2009; 

Tedesco et al., 2013; Zwally et al., 2002). Rapid lake drainage can also induce ice-shelf collapse through flexure and 

hydrofracture, leading to substantial mass loss (Banwell et al., 2013; Scambos et al., 2000). Antarctic-wide melt rates are 

projected to double by 2050, increasing both the extent and the frequency of SGLs (Arthur et al., 2020; Trusel et al., 2015). 

Systematic quantification of the spatiotemporal evolution of SGLs is therefore critical for assessing their role in ice-sheet 35 

stability and future sea-level rise. 

Remote sensing provides an effective approach for investigating the spatial distribution and temporal evolution of SGLs in 

Antarctica (Niu et al., 2023). High-spatial-resolution optical satellite data, such as Landsat, Sentinel-2, and WorldView, are 

widely used for SGL monitoring (Jiang et al., 2022; McMillan et al., 2007; Safarov et al., 2024; Shu et al., 2023). However, 

despite their fine spatial detail, the effective temporal resolution of these data over Antarctica is often limited by revisit 40 

frequency, cloud cover, and illumination conditions, resulting in discontinuous observations. These limitations hinder the 

capture of the rapid evolution of SGLs, thereby limiting the understanding of their short-term dynamics. To improve temporal 

coverage, medium- to low-resolution satellite imagery, such as data from the Moderate Resolution Imaging Spectroradiometer 

(MODIS), has been used for SGL monitoring due to its high revisit frequency (Hubbard et al., 2016; Kingslake et al., 2015; 

Lenaerts et al., 2017; Selmes et al., 2011). However, these datasets are typically combined with hard classification approaches 45 

that assign each pixel to a discrete class. Under these conditions, a substantial proportion of pixels represent mixtures of surface 

types (e.g., water, ice, and slush). This mixed-pixel effect introduces significant bias in lake extent estimates, reduces the 

detectability of small or narrow water bodies, and ultimately restricts monitoring to larger lakes (Hubbard et al., 2016; 

Kingslake et al., 2015; Lenaerts et al., 2017). Consequently, trade-offs between revisit frequency and swath width have 

prevented existing monitoring products from achieving both frequent observations and applicability to lakes of different sizes 50 

(Leeson et al., 2013). 

In this study, a new Antarctic SGL fraction dataset derived from MODIS imagery is presented. This dataset contains SGL 

fraction estimates at 8-day temporal and 1 km spatial resolutions, covering Antarctic melt seasons between 2000 and 2023. 

The SGL fraction retrieval is achieved by integrating moderate-resolution observations (MODIS) with high-resolution data 

(Sentinel-2) within a machine-learning–based soft classification framework. By combining high temporal resolution with sub-55 

pixel characterization, the dataset enables high-frequency monitoring of SGL area variations across a wide range of lake sizes. 

This long-term record facilitates the investigation of the rapid spatiotemporal evolution of Antarctic SGLs and supports studies 

of their driving mechanisms, interactions with ice-shelf stability, and implications for ice-sheet energy and mass balance. 

2 Data 

2.1 MODIS surface reflectance data 60 

Due to its wide swath, high temporal resolution, and long-term continuity, MODIS imagery from the Terra satellite is used for 

Antarctic SGL monitoring in this study. MOD09GA and MOD09A1 are two MODIS surface reflectance products used in this 
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study. Both products provide seven spectral bands spanning the visible to infrared range, include a quality assurance layer, and 

are atmospherically corrected (Justice et al., 2002). The MOD09 product is available at a native spatial resolution of 500 m. 

To improve retrieval robustness and reduce sensitivity to noise and residual cloud contamination, both MOD09GA and 65 

MOD09A1 are resampled to a common spatial resolution of 1 km. Compared with the native 500 m resolution, the new grid 

provides more stable spectral signals and reduces sub-pixel variability, thereby improving the reliability of SGL fraction 

estimates (Markham et al., 2023; Wu and Li, 2009). 

The MOD09GA product, available at daily resolution, is used to construct temporally matched observations with Sentinel-2 

imagery (Fig. 1) and to provide high-temporal-resolution input for developing the SGL fraction retrieval algorithm. MOD09A1 70 

is an 8-day composite derived from MOD09GA with substantially reduced cloud contamination and improved radiometric 

consistency. It is employed to generate the final 8-day SGL fraction dataset across Antarctica. Both products can be obtained 

from the Google Earth Engine (GEE) data catalog. 

 

Figure 1: Representative SGL samples derived from MODIS and Sentinel-2 imagery across the Antarctic Ice Sheet. 75 

(a)–(l) True-color composite images from Sentinel-2 and MODIS. (m) Geographic distribution of sample locations 

across Antarctica. 
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2.2 Sentinel-2 surface reflectance data 

Owing to its 10 m spatial resolution, Sentinel-2 imagery provides detailed observations of lake extents and serves as a reliable 

reference for sub-pixel lake characterization. Sentinel-2 data, available via the GEE data catalog, include 13 spectral bands 80 

covering the visible to shortwave-infrared wavelengths, including the red-edge region (Drusch et al., 2012). This study uses 

Level-1C products, with details of the selected imagery listed in Table S1. To capture the wide range of SGL morphologies 

and evolutionary stages across Antarctica, Sentinel-2 images are selected from multiple regions and periods throughout the 

melt season (Fig. 1). The selection of these regions is guided by previously reported SGL distributions and representative lake-

forming zones (Dell et al., 2020; Kingslake et al., 2015, 2017; Stokes et al., 2019). Quality control criteria are applied to ensure 85 

reliable lake extraction, including cloud coverage below 20% and a solar elevation angle greater than 20° (Williamson et al., 

2018). 

2.3 Auxiliary data 

Several auxiliary datasets are employed to improve the reliability of SGL mapping across Antarctica. The ice-covered domain 

of Antarctica is delineated using high-resolution coastline vector polygons from the Antarctic Digital Database (ADD), 90 

provided by the Scientific Committee on Antarctic Research (SCAR). To minimize misclassification between SGLs and other 

surface features, exposed bedrock polygons from the ADD are applied as a spatial mask. Surface slope is calculated from the 

CryoSat-2 digital elevation model (DEM) at 1 km spatial resolution (Slater et al., 2018). This dataset is available from the 

Centre for Polar Observation and Modelling (CPOM) at the University of Leeds and can be accessed via the GEE data catalog. 

In addition, two independent datasets are incorporated to further constrain the SGL mapping results: (1) a daily Antarctic melt-95 

flux dataset (Zheng et al., 2025), which provides information on surface melting conditions, and (2) an existing Antarctic SGL 

dataset (Tuckett et al., 2025). 

The presence of mixed pixels makes it essential to estimate the fraction of SGLs within each pixel to accurately characterize 

lake extent across Antarctica. To address this issue, the dataset is generated using a two-stage machine-learning framework, 

in which a Random Forest classification (RFC) model and a Random Forest regression (RFR) model are applied to lake 100 

detection and fraction retrieval, respectively. The RF algorithm is an ensemble learning approach that builds on multiple 

decision trees and is well known for its strong generalization ability (Breiman, 2001). Surface reflectance from MODIS 

imagery is used as the primary input to the RF models, while ground-truth data are derived from Sentinel-2 imagery. Sentinel-

2 data are processed using supervised classification to obtain lake class labels and lake fractions (Fig. 2). 

3 Methods 105 

The presence of mixed pixels makes it essential to estimate the fraction of SGLs within each pixel to accurately characterize 

lake extent across Antarctica. To address this issue, the dataset is generated using a two-stage machine-learning framework, 

in which a Random Forest classification (RFC) model and a Random Forest regression (RFR) model are applied to lake 
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detection and fraction retrieval, respectively. The RF algorithm is an ensemble learning approach that builds on multiple 

decision trees and is well known for its strong generalization ability (Breiman, 2001). Surface reflectance from MODIS 110 

imagery is used as the primary input to the RF models, while ground-truth data are derived from Sentinel-2 imagery. Sentinel-

2 data are processed using supervised classification to obtain lake class labels and lake fractions (Fig. 2). 

 

Figure 2: Workflow of the Antarctic SGL fraction dataset generation from Sentinel-2 and MODIS imagery. 

https://doi.org/10.5194/essd-2026-353
Preprint. Discussion started: 16 June 2026
c© Author(s) 2026. CC BY 4.0 License.



6 

 

The production workflow, which is divided into several stages, is shown in Fig. 2. First, masks are applied to exclude bare 115 

rock and cloud-covered areas, and candidate lake pixels are identified from MOD09GA surface reflectance product using a 

threshold-based approach. Subsequently, a two-stage machine-learning soft classification framework (RFC and RFR) is 

implemented, consisting of lake classification followed by fraction estimation. Finally, auxiliary datasets, including melt flux 

data and existing Antarctic SGL datasets, are incorporated to constrain the retrieval results and improve their physical 

consistency. 120 

3.1 Extraction of SGLs from Sentinel-2 imagery 

High-resolution Sentinel-2 data are used to construct a reference SGL dataset (Fig. 2). Sentinel-2 image selection is guided by 

known lake locations and manual visual interpretation. This selection ensures broad spatial coverage across Antarctica and 

representation of multiple melt seasons (Kingslake et al., 2015, 2017; Stokes et al., 2019). Each selected image is processed 

using a supervised classification algorithm to derive a single-band surface class map, where water is labeled as 1 and non-125 

water as 0 (Niu et al., 2023). Only images meeting the classification accuracy threshold (> 95%) are selected for the final 

dataset. 

Classification results at 10 m resolution are resampled to 1 km using two different strategies. First, max pooling is applied to 

generate binary SGL labels at MODIS pixel scale. Second, mean aggregation is used to derive lake fraction values at 1 km 

resolution (Liang and Liu, 2021; McKenna et al., 2025). These two datasets are used as ground-truth data for the MODIS-130 

based RFC and RFR models. Following quality assessment, a total of 26 regional sample areas are retained, comprising 

approximately 5,000 lake samples and 10,000 non-lake samples. Among these regions, 19 regions are used for model training 

and parameterization, whereas 7 spatially independent regions are reserved for validation, allowing an unbiased assessment of 

model performance (Fig. 1 and Table S1). 

3.2 Extraction of SGLs from MODIS imagery 135 

Reliable estimation of SGL fractions depends on accurate identification of MODIS SGL pixels. In this study, any MODIS 

pixel with a lake fraction greater than 0 is defined as an SGL pixel. While this definition facilitates the detection of small lakes, 

it also increases the risk of misclassification due to mixed surface signals within individual pixels. To address this challenge, 

a two-stage hierarchical classification approach is adopted (Fig. 2). 

In the first stage, potential lake pixels are identified using a multi-threshold approach that exploits spectral contrasts between 140 

water, snow, and ice. Following Corr et al. (2022), two normalized difference water indices (NDWI and NDWI ice) are used to 

identify candidate SGL pixels in MODIS data. NDWI enhances open water signals by contrasting water with surrounding land 

or ice surfaces (McFeeters, 1996), while NDWIice is specifically designed to improve the discrimination of meltwater from 

high-reflectance snow and ice backgrounds (Yang et al., 2013). By combining these two indices, lake pixel detection is 

enhanced, as their complementary sensitivities help reduce spectral ambiguity and misclassification under varying surface 145 

conditions. 
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NDWI =
B3 − B1

B3 + B1
(1) 

NDWIice = 
B4 − B2

B4 + B2
(2) 

Because MODIS pixels often contain mixed surface types, threshold values are empirically calibrated using reference lake 

samples derived from high-resolution Sentinel-2 imagery, as described in Text S1. The thresholds for NDWI (0.04) and 150 

NDWIice (0.08) are shown in Fig. S1. 

Additional thresholds based on visible bands (B4 − B1 > 0.06 and B3 > 0.3) are applied to further refine the candidate pixels 

(Moussavi et al., 2020). These thresholds increase the spectral separability of water from surrounding ice or snow surfaces, 

thereby improving SGL pixel identification. However, NDWI-based classification may still lead to the misclassification of 

rock shadows and cloud-contaminated pixels as water. To address this issue, the Automated Water Extraction Index for shadow 155 

areas (AWEIsh (< 1.8), Eq. (3)) is introduced in combination with surface slope (> 4°) to better distinguish SGL from 

shadowed surfaces (Feyisa et al., 2014). 

AWEIsh = B3 + 2.5 × B4 − 1.5 × (B2 + B6) − 0.25 × B7 (3) 

In addition, cloud and cloud-shadow contamination are mitigated using the quality assurance bands provided with MODIS 

surface reflectance products, which have been shown to be effective in Antarctic environments (Ackerman et al., 1998, 2008). 160 

In the second stage, candidate pixels are refined using machine learning to determine the final set of SGL pixels. The RFC 

model uses seven MODIS surface reflectance bands (B1–B7) as input features (Fig. 3). Binary SGL labels are based on 

Sentinel-2 imagery (Sect. 3.1). Model performance, including robustness and generalization, is assessed via five-fold cross-

validation (Wong, 2015). Key RFC hyperparameters are optimized using a grid search strategy to balance model accuracy and 

the risk of overfitting (Kuhn and Johnson, 2013). 165 
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Figure 3: Architecture of the two-stage (RFC and RFR) model for MPF estimation. 

3.3 Estimation of SGL fraction from MODIS imagery 

Lake fraction retrieval is conducted using an RFR model. Its model architecture is similar to that used in lake pixel 

identification, with seven MODIS surface reflectance bands serving as input features (Fig. 3). Model parameters are also 170 

optimized using a grid search strategy, and performance is evaluated using five-fold cross-validation (Kuhn and Johnson, 2013; 

Wong, 2015). Unlike the RFC model, the RFR model produces continuous lake fraction estimates. 

The regression model is trained using the daily MOD09GA surface reflectance product to maximize spatial and temporal 

consistency in the training samples. For operational product generation, the 8-day composite MOD09A1 product is adopted, 

as it effectively reduces cloud contamination and improves the stability of the retrieved lake fraction estimates. The trained 175 

RFR model is applied to retrieve lake fraction values for all MODIS pixels identified as containing SGLs, forming the basis 

of the Antarctic SGL fraction dataset 
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3.4 Post-processing 

Surface melt is widely recognized as a prerequisite for supraglacial meltwater accumulation (Leeson et al., 2012; Stokes et al., 

2019). An independent Antarctic melt flux dataset derived from SSM/I observations is used as an auxiliary constraint to 180 

improve the physical consistency of the retrieved SGL dataset (Zheng et al., 2025). Melt masks are constructed for each 8-day 

SGL fraction image when the melt criterion exceeds a threshold corresponding to a volumetric liquid water content of 

approximately 0.04 (Mätzler, 1996; Ulaby et al., 1981; Tedesco, 2007; Fig. 2). 

In addition to the physical constraint imposed by surface melt, a historical spatial constraint is applied to reduce 

misclassification caused by noise in MOD09A1 observations (Gignac et al., 2021). A historical SGL distribution dataset 185 

derived from Landsat imagery for 2006–2021 (Tuckett et al., 2025) is used to generate a maximum historical lake extent mask. 

Given the high temporal sampling frequency of MODIS observations, lake pixels outside the historical maximum extent are 

not automatically removed. Instead, they are conditionally retained when both spatial and temporal consistency criteria are 

satisfied (Fig. 2). 

4 Results and discussion 190 

4.1 Accuracy assessment 

The performance of SGL classification and fraction retrieval is evaluated using common metrics, including overall accuracy 

(OA), precision, recall, F1-score (F1), the correlation coefficient (r), and root mean square error (RMSE) (Foody, 2002; Legates 

and McCabe, 1999; Mountrakis et al., 2011; Willmott, 1981). 

The performance of RFC and RFR models is initially evaluated through five-fold cross-validation. The samples are divided 195 

into five equal subsets. In each iteration, four subsets are used for training and the remaining one is used for evaluation. For 

SGL classification, all metrics are around 0.90, with F1-scores consistently exceeding 0.93 across all folds (Table 1). The 

small variation among folds indicates stable model behavior and demonstrates that lake pixels can be reliably identified even 

under relatively inclusive lake definitions.  

Table 1. Accuracy of SGL extraction and fraction estimation. 200 

Fold OA Precision Recall F1 r RMSE 

1 0.90 0.92 0.94 0.93 0.85 0.12 

2 0.91 0.93 0.95 0.94 0.86 0.12 

3 0.90 0.91 0.95 0.93 0.84 0.13 

4 0.90 0.92 0.93 0.93 0.85 0.12 

5 0.89 0.92 0.93 0.93 0.85 0.12 

All 0.90 0.92 0.94 0.93 0.85 0.12 
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Figure 4: Validation of MODIS-derived SGL fractions against Sentinel-2 reference fractions. The black line indicates 

the 1:1 relationship, whereas the fitted regression is indicated by the red dashed line. 

To further assess model transferability, independent validation is conducted using samples from seven spatially distinct regions 

covering multiple melt seasons from 2017 to 2024 (Fig. 1). Model performance varies due to differences in surface conditions, 205 

illumination geometry, and atmospheric variability among the validation samples (Table 2). Nevertheless, the independent 

tests consistently yield OA > 0.82 and r > 0.73, indicating stable performance across diverse Antarctic environments. Figure 

5 illustrates representative validation examples, covering the full workflow from lake detection to fraction retrieval. 

Comparison with 10 m Sentinel-2 imagery shows that the retrieved SGL fractions remain spatially consistent under varying 

temporal and environmental conditions. This supports the applicability of the dataset for Antarctic analyses. 210 

 

 

 

 

 215 
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Table 2. Classification and regression accuracy of independent test samples. 

Region data OA r RMSE 

Amery 01/27/2017 0.90 0.79 0.13 

Nivl 01/26/2017 0.88 0.74 0.14 

Amery 01/02/2019 0.85 0.74 0.13 

Amery 01/03/2019 0.86 0.76 0.14 

Tracy Tremenchus 01/29/2019 0.82 0.75 0.14 

Voyeykov 12/28/2019 0.82 0.73 0.15 

Nivl 01/26/2020 0.85 0.75 0.14 

 

 220 

Figure 5: Lake extraction and fraction retrieval for representative independent test samples. (a) Amery Ice Shelf, 27 

January 2017; (b) Nivl Ice Shelf, 26 January 2020; (c) Tracy Tremenchus Ice Shelf, 29 January 2019. 
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4.2 Occurrences of Antarctic SGLs 

Time-series analyses show the evolution of SGL fractions on the Amery Ice Shelf from early December to early March across 

three periods (2008–2009, 2013–2014, and 2018–2019; Fig. 6). Peak SGL extent and the timing of peak development vary  225 

among the three periods, highlighting pronounced interannual variability in SGLs. Despite this variability, all periods exhibit 

a consistent seasonal pattern. In addition, rapid decreases can occur even during overall growth phases, as illustrated by a 

decline of 119 km2 in SGL area on the Amery Ice Shelf during 9–16 January 2019 compared with the previous 8-day period. 

This rapid fluctuation demonstrates the dataset's ability to capture strong temporal variability in SGLs. Such transient dynamics 

are difficult to resolve using low-frequency optical observations but are clearly captured by this dataset, demonstrating the 230 

value of the 8-day temporal resolution for characterizing short-term variability in Antarctic SGLs. 
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Figure 6: Evolution of SGLs on the Amery Ice Shelf from early December to early March: (a) 2008–2009; (b) 2013–

2014; (c) 2018–2019. 
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Based on the 23-year 8-day SGL fraction dataset, SGL persistence is defined as the ratio of lake-detected observations to the 235 

total number of observations within each melt season (early November to early April, approximately 20 observations). The 

multi-year mean persistence is calculated by averaging these seasonal values over the 23-year study period (Fig. 7). Overall, 

Antarctic SGLs exhibit low persistence (Fig. 7). The mean persistence rate across all lakes is 2.5%. Although the maximum 

persistence reaches 30%, lakes with such high persistence are extremely rare and account for less than 0.01% of all lakes. In 

contrast, lakes with persistence rates below 5% dominate the distribution, representing approximately 83% of all lakes. These 240 

persistence statistics demonstrate that Antarctic SGLs are predominantly characterized by intermittent occurrence and low 

persistence. 

 

Figure 7: Multi-year mean persistence of SGLs across Antarctica (2000–2023). (a) Amery Ice Shelf; (b) Nivl Ice Shelf; 

(c) Tracy Tremenchus Ice Shelf; (d) Riiser-Larsen Ice Shelf; (e) Baudouin Ice Shelf; (f) Thwaites Ice Shelf; (g) Voyeykov 245 
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Ice Shelf; (h) George VI Ice Shelf; (i) Regional summary of multi-year mean SGL persistence. The radius of each pie 

chart represents the multi-year mean maximum SGL area of the corresponding region. 

Regionally, central and southwestern Antarctica including the Ross Embayment (RE), Ronne Embayment (REF), and the 

Amundsen–Bellingshausen (AB) sectors, exhibit relatively sparse SGL occurrence, with nearly all lakes showing persistence 

rates below 5% (Fig. 7i). In contrast, the Antarctic Peninsula shows higher persistence, with more than 10% of lakes exceeding 250 

5%. In East Antarctica, including the Amery–Shackleton (AS), Maud–Enderby (ME), and Wilkes–Adélie (WA) sectors, nearly 

20% of lakes have persistence rates above 5%, and about 5% exceed 10% in the ME and AS sectors (Fig. 7i). Nevertheless, 

low-persistence lakes (< 5%) account for 81%–86% of the total and remain the dominant persistence class. 

Spatial patterns of SGL persistence across representative ice shelves (Fig. 7a–h) reveal strong heterogeneity in both magnitude 

and spatial organization. On the Amery, Nivl, Tracy Tremenchus, and Baudouin Ice Shelves, lakes with persistence rates 255 

exceeding 10% form narrow, elongated bands aligned with grounding lines and adjacent blue-ice regions. In contrast, ice 

shelves such as Riiser-Larsen and Voyeykov exhibit low persistence rates (1%) and sparse spatial distributions. On the 

Antarctic Peninsula, lakes on the George VI Ice Shelf show relatively high persistence (4%) and extensive spatial coverage, 

whereas the Thwaites Ice Shelf in West Antarctica exhibits lower persistence (1.5%) and reduced spatial continuity. 

Overall, this long-term dataset, generated at an 8-day temporal resolution, provides a more detailed characterization of 260 

Antarctic SGL persistence and highlights pronounced regional differences that are less apparent in coarser monthly-scale 

observations. East Antarctica and the Antarctic Peninsula exhibit more coherent persistence patterns, whereas West Antarctica 

shows greater spatial variability. 

4.3 Spatial distribution of Antarctic SGLs 

Based on the 23-year dataset, the multi-year mean maximum SGL fraction across Antarctica is presented (Fig. 8). It is defined 265 

as the mean of the annual maximum SGL fraction over the 23-year period. Estimates of the average maximum SGL area for 

the continent and its subregions are also provided. Overall, SGLs are primarily distributed near grounding lines of ice shelves, 

particularly in regions associated with blue-ice and bare rock (Fig. 8). Quantitatively, within 10 km of the grounding line, 

SGLs occupy an area of 2,683 km2, accounting for 65% of the multi-year mean maximum Antarctic SGL area (4,103 km2, Fig. 

S2). Most SGLs occur on ice shelves, which account for 60% of the total SGL area, approximately 1.5 times that on grounded 270 

ice (Fig. S2). In addition, 85% of Antarctic SGLs are located within 10 km of blue-ice and bare-rock regions, and nearly all 

SGLs (99%) occur at elevations below 1 km (Fig. S2).  
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Figure 8: Mean annual SGL fraction across Antarctica (2000–2023). (a) Amery Ice Shelf; (b) Nivl Ice Shelf; (c) Tracy 

Tremenchus Ice Shelf; (d) Riiser-Larsen Ice Shelf; (e) Baudouin Ice Shelf; (f) Thwaites Ice Shelf; (g) Voyeykov Ice 275 

Shelf; (h) George VI Ice Shelf; (i) Regional statistics of multi-year mean maximum SGL area. Each pie chart radius 

represents the multi-year mean maximum SGL area. 

Regionally, East Antarctica contributes the majority of SGL coverage, with an area of approximately 3,285 km2, far exceeding 

the values for West Antarctica (130 km2) as well as the Antarctic Peninsula (688 km2). Within East Antarctica, the AS, ME, 

and WA sectors together account for more than 77% of the total Antarctic lake area, contributing 47%, 27%, and 3%, 280 

respectively. In addition, the Antarctic Peninsula accounts for 17% of the total Antarctic SGL area. In contrast, the AB sector 

in West Antarctica, together with the RE and REF regions spanning East and West Antarctica, collectively contribute less 

than10% of the Antarctic SGL area. 
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Spatial patterns of SGL fraction across representative ice shelves reveal pronounced variability in spatial extent (Fig. 8). On 

the Antarctic Peninsula, the George VI Ice Shelf exhibits relatively high lake fractions with extensive coverage, forming a 285 

dense and heterogeneous spatial distribution of SGLs across the central ice shelf. In West Antarctica, the Thwaites Ice Shelf 

is characterized by low lake fractions and a fragmented spatial pattern, with SGLs occurring mainly as small and isolated 

patches. In contrast, several ice shelves in East Antarctica exhibit substantially higher lake fractions and more coherent spatial 

organization. High-fraction regions on the Amery, Nivl, Tracy Tremenchus, and Baudouin Ice Shelves form broad and 

continuous zones with diverse spatial structures. 290 

Overall, the dataset provides a continent-wide characterization of Antarctic SGL distribution and demonstrates the capability 

to resolve complex spatial patterns of SGLs. East Antarctica contains the most extensive and spatially coherent SGL 

distributions, while the Antarctic Peninsula exhibits locally enhanced lake coverage, and West Antarctica is characterized by 

limited and fragmented SGL occurrence. 

4.4 Interannual and seasonal changes in Antarctic SGL area 295 

The 23-year SGL dataset shows pronounced interannual variability, clear regional contrasts, and consistent seasonal cycles in 

the Antarctic SGLs area. Figure 9 illustrates the temporal evolution of the SGL area across Antarctica and its major subregions 

from 2000 to 2023. Antarctic SGL area exhibits a distinct annual peak during the austral summer, with a mean peak area of 

approximately 1,286 km2 (Fig. 9a). Substantial interannual variability is also observed. Peak lake areas in high-area years 

(mean = 1,774 km2) are more than twice those in low-area years (mean = 798 km2). This variability corresponds to a coefficient 300 

of variation (CV) of 0.48, defined as the ratio of the standard deviation to the mean. 
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Figure 9: Changes in SGL area across Antarctica and its subregions, 2000–2023. (a) Antarctica; (b) East Antarctica; 

(c) West Antarctica; (d) Antarctic Peninsula; (e) Maud–Enderby region; (f) Amery–Shackleton region; (g) Wilkes–305 

Adélie region; (h) Amundsen–Bellingshausen region; (i) Ross Embayment; (j) Ronne Embayment. 
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East Antarctica is consistently the dominant contributor to Antarctic SGL area, with mean peak area and mean annual 

accumulated area exceeding 1,100 km2 and 3,200 km2, respectively (Fig. 9b). Within East Antarctica, the AS and ME 

subregions exhibit the largest SGL extents, with mean peak areas of around 500 km2, exceeding the combined total of West 

Antarctica and the Antarctic Peninsula (Fig. 9c, d). Compared with East Antarctica, the Antarctic Peninsula shows a mean 310 

peak area of approximately one-third of that in East Antarctica, while peak lake area in West Antarctica is generally below 

100 km2 (Fig. 9d). Subregions spanning East and West Antarctica, including RE and REF, contribute relatively small lake 

areas, with peak extents rarely exceeding 100 km2 (Fig. 9i, j). 

Across all regions, the dataset captures a pronounced seasonal cycle in the SGL area, with a progressive increase toward a 

seasonal maximum followed by a rapid decline (Fig. 10). 315 

 

Figure 10: Seasonal dynamics of SGL area in Antarctica and regional sectors. The values represent the 23-year mean 

SGL area for each observation period. The bar charts show the proportional contribution of the seven subregions to 

the total SGL area in each period. 

At the continental scale, SGL area is minimal during 31 October–1 December, with only limited SGL coverage observed 320 

during this period. A gradual increase occurs during 24 November–9 December, followed by a rapid increase in SGL area 

from 10 December to 16 January. The Antarctic-wide peak occurs between 17 and 24 January. After this peak, SGL area 
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declines rapidly and approaches near-zero levels by 6 March–6 April. Peak SGL extent shows strong regional variability in 

timing. In West Antarctica, SGL area reaches its maximum earlier, typically during 1–8 January. In contrast, East Antarctica 

exhibits a later peak, with the ME and WA regions reaching their maxima during 9–16 January, followed by the AS region 325 

during 17–24 January. The Antarctic Peninsula shows the latest peak timing, with maximum lake extent generally occurring 

during 25 January–1 February. 

Regional contributions vary systematically over the season. During the early melt season (31 October–9 December), SGLs are 

primarily concentrated in East Antarctica, particularly in the AS and ME regions (39.80%–82.68%). During the period of rapid 

SGL area increase (10 December–16 January), East Antarctica remains dominant, with the AS region contributing the largest 330 

share (48.50%–57.54%) at the seasonal peak. Following the peak, the SGL area decreases across all regions. During the mid-

to-late observation period (17 January–5 March), the Antarctic Peninsula maintains a relatively high proportional contribution 

(17.67%–41.47%), coinciding with the period when maximum SGL extent is observed in this region. In contrast, East 

Antarctica shows a more rapid decline after reaching its maximum extent, while West Antarctica remains characterized by 

consistently low lake coverage throughout the season.  335 

Overall, the long-term, continent-wide dataset reveals pronounced interannual variability and persistent seasonal cycles in 

Antarctic SGL dynamics. Its 8-day temporal resolution further captures fine-scale differences in the timing and magnitude of 

peak SGL area, which are not readily resolved by observations with coarser temporal resolution. 

4.5 Uncertainty analysis 

Despite the overall good retrieval performance, uncertainties remain and should be considered when interpreting the results. 340 

These uncertainties primarily arise from limitations in optical observations, ground-truth errors, structural assumptions of the 

model, and the inherently complex environmental conditions of Antarctica. 

First, the inherent limitations of optical remote sensing introduce observational uncertainties. Clouds and cloud shadows 

frequently obscure the ice-sheet surface, potentially leading to underestimation or temporal gaps in SGL fraction retrievals 

(Arthur et al., 2020; Husman et al., 2023; Moussavi et al., 2020). To mitigate this issue, the 8-day composite MOD09A1 345 

product is employed, as it preferentially retains higher-quality observations (Xiang, 2013). However, residual cloud 

contamination may still persist even in the composited product, and its impact is difficult to quantify, introducing additional 

uncertainty into the retrievals.  

Second, uncertainties in the reference data propagate into the modeling process. The lake fraction data derived from Sentinel-

2 imagery for model training inevitably contain classification errors (Elmes et al., 2020; Pelletier et al., 2017). To reduce this 350 

impact, only samples with classification accuracies exceeding 95% are retained, and all results are further verified through 

manual visual inspection. Under these strict criteria, errors introduced by the ground-truth data are considered negligible at the 

1 km scale. 

Third, structural uncertainty arises from the two-stage framework adopted in this study, in which lake classification is followed 

by fraction regression. Errors introduced during the initial lake extraction stage may propagate to the subsequent fraction 355 
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estimation. To alleviate this effect, a hybrid strategy combining threshold-based constraints and machine learning is applied. 

This approach reduces misclassification under relatively relaxed lake identification criteria. 

Finally, additional uncertainty arises from the complex and heterogeneous environmental conditions across Antarctica, which 

result in substantial variability in surface properties and observation conditions. As a result, applying a single model across the 

entire continent cannot fully capture all regional differences, leading to unavoidable performance limitations. This pronounced 360 

spatiotemporal heterogeneity further results in discrepancies between validation and independent testing results, with OA 

decreasing to 0.86 and r to 0.76. Nevertheless, the overall performance remains within an acceptable range and is sufficient to 

support large-scale analyses of Antarctic SGL dynamics. 

Future improvements to the dataset will focus on reducing cloud-related data gaps and enhancing model generalization. This 

may be achieved by integrating higher-frequency observations or complementary data sources, as well as developing region-365 

specific models. These improvements will further enhance the representation of short-lived SGL events and enable more 

temporally continuous estimation of lake fractions. 

5 Data and code availability 

The Antarctic SGL fraction dataset and all source code developed in this study are publicly available through Zenodo 

(https://doi.org/10.5281/zenodo.19936100; Wei et al., 2026). The repository provides permanent access to both the dataset and 370 

the scripts required to reproduce the processing workflow described in this paper. 

The dataset contains Antarctic SGL fraction maps for melt seasons from 2000 to 2023 (early November to early April), 

covering the entire Antarctic Ice Sheet at a spatial resolution of 1 km and a temporal resolution of 8 days. Two product levels 

are provided: Level 0 and Level 1. Level 0 represents the direct output of the SGL fraction retrieval model. Level 1 products 

are generated by applying additional physical constraints based on melt flux observations and historical SGL occurrence 375 

information, thereby improving physical consistency. 

All products are distributed in GeoTIFF format as floating-point raster datasets, where each pixel value represents the estimated 

fraction of supraglacial lake coverage within the corresponding 1 km grid cell. The data are provided in the Antarctic Polar 

Stereographic projection (EPSG:3031; WGS 84 datum). File names follow a standardized convention: Level 0 products are 

named LF_yyyymmdd.tif, whereas Level 1 products are named LF_yyyymmdd_L1.tif, where yyyy, mm, and dd indicate the 380 

acquisition date of the corresponding 8-day composite period. 

The code package consists of two GEE scripts written in JavaScript. The first script generates the training and validation 

datasets used for SGL classification and fraction retrieval. For a selected observation period, the script produces an eight-band 

GeoTIFF image, where Bands 1–7 correspond to MODIS surface reflectance and Band 8 contains the reference SGL fraction 

derived from Sentinel-2 imagery. The second script implements the complete Antarctic SGL fraction retrieval workflow, 385 

including candidate lake identification, random forest classification, random forest regression, and final fraction generation. 
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Together, these scripts enable full reproduction of the dataset generation process. Users can apply the workflow to any available 

MODIS observation period to generate Antarctic-wide SGL fraction maps. 

6 Conclusions 

The dataset is generated by integrating high-temporal-resolution MODIS imagery with high-spatial-resolution Sentinel-2 data 390 

within a machine-learning framework and validated against Sentinel-2 observations, showing good agreement (r = 0.85). 

Analysis of the dataset shows that Antarctic SGLs are highly dynamic, with approximately 83% of lakes exhibiting persistence 

rates below 5%, indicating that most lakes are short-lived. Spatially, approximately 65% of Antarctic SGLs are located within 

10 km of grounding lines and are closely associated with blue-ice and exposed rock areas, with more than 85% of lakes 

occurring within 10 km of these features. East Antarctica dominates total SGL coverage, contributing approximately 80% of 395 

the mean maximum SGL area, particularly in the AS and ME sectors, whereas West Antarctica shows sparse and fragmented 

lake development. Over the 23-year period, Antarctic SGL area shows strong interannual variability (CV  = 0.48) while 

maintaining a consistent seasonal cycle characterized by rapid expansion in early austral summer, a peak in January, and 

subsequent decline. The dataset further reveals clear spatial heterogeneity in peak timing, with SGL extent peaking 

approximately one week earlier in West Antarctica than in East Antarctica and about two weeks earlier than on the Antarctic 400 

Peninsula. 

Overall, this dataset provides a high-frequency, sub-pixel-scale, and continent-wide record of Antarctic SGL dynamics, 

substantially improving the capability to capture short-lived and rapidly evolving meltwater processes compared with existing 

products. By integrating long-term MODIS observations with high-resolution Sentinel-2 data within a consistent and 

automated framework, the dataset enables continuous monitoring and ensures temporal consistency across the full record. It 405 

bridges the gap between spatial detail and temporal continuity, offering new opportunities to investigate SGL variability across 

multiple timescales and regions. Resolving both the rapid changes and spatial heterogeneity of supraglacial lakes, it provides 

a robust foundation for advancing the understanding of Antarctic meltwater processes and their implications for ice-sheet 

stability, surface energy balance, and future sea-level change. 
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