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Abstract Supraglacial lakes on the Greenland Ice Sheet (GrIS) can impact both the ice sheet surface mass
balance and ice dynamics. Thus, understanding the evolution and dynamics of supraglacial lakes is important to
provide improved parameterizations for ice sheet models to enable better projections of future GrIS changes. In
this study, we utilize the growing inventory of optical and microwave satellite imagery to automatically
determine the fate of Greenland-wide supraglacial lakes during 2018 and 2019; low and high melt seasons
respectively. We develop a novel time series classification method to categorize lakes into four classes: (a)
Refreezing, (b) rapidly draining, (c) slowly draining, and (d) buried. Our findings reveal significant interannual
variability between the two melt seasons, with a notable increase in the proportion of draining lakes, and a
particular dominance of slowly draining lakes, in 2019. We also find that as mean lake depth increases, so does
the percentage of lakes that drain, indicating that lake depth may influence hydrofracture potential. We further
observe rapidly draining lakes at higher elevations than the previously hypothesized upper-elevation
hydrofracture limit (1,600 m), and that non-draining lakes are generally deeper during the lower melt 2018
season. Our automatic classification approach and the resulting 2-year ice-sheet-wide data set provide new
insights into GrIS supraglacial lake dynamics and evolution, offering a valuable resource for future research.

Plain Language Summary Lakes form on the surface during the summer months along the margins
of the Greenland Ice Sheet. Throughout the summer, these lakes can drain rapidly over a few hours or days
through cracks in the ice, delivering water to the base of the ice sheet and influencing ice flow speed. At the end
of the summer, remaining surface meltwater refreezes, or can sometimes remain liquid buried just beneath the
surface. The varying impact that meltwater lakes can have on the ice sheet underscores the importance of
understanding their seasonal evolution in different regions of the ice sheet. Here, we develop a new method to
automatically categorize lakes that drain, refreeze, or become buried during a relatively low (2018) and high
(2019) melt season. We find that a higher percentage of lakes drain during a higher melt year, a finding that has
important implications in a warming climate. We also find that deeper lakes were more likely to drain, but that
non-draining lakes were also deeper during a low melt year, suggesting that other factors also contribute to lake
drainage. Our new method and unique data set provide new insight into Greenland Ice Sheet surface lake
dynamics and evolution.

1. Introduction

Meltwater features on the Greenland Ice Sheet (GrIS) impact ice sheet mass balance directly by removing mass
via drainage and runoff, and indirectly by influencing ice sheet dynamics (Chu, 2014). Supraglacial lakes form
during the summer months along low-elevation margins of the ice sheet in persistent topological depressions
driven by bed topography (Echelmeyer et al., 1991; Ignéczi et al., 2018; McMillan et al., 2007; Sundal
et al., 2009). Summer near-surface air temperature is non-linearly related to surface meltwater production due to
the positive melt-albedo feedback (Trusel et al., 2015) and in recent years, supraglacial lakes and runoff have been
observed at increasing elevations across the ice sheet (Howat et al., 2013; Leeson et al., 2015; Tedstone &
Machguth, 2022), a trend that is expected to continue in a warming climate.

Supraglacial lakes can impact the ice sheet in a variety of ways. As temperatures drop below 0°C at the end of the
melt season, remaining surface meltwater typically refreezes (Johansson et al., 2013; Selmes et al., 2011). In the
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percolation zone, this refrozen meltwater can create solid, impermeable ice layers, thereby increasing firn density,
decreasing available firn air content, and impacting future meltwater percolation. During future melt seasons,
these ice layers merge and thicken as meltwater percolates and refreezes around them, resulting in expansive ice
slabs that inhibit downward percolation of meltwater (Jullien et al., 2023; MacFerrin et al., 2019) and limit future
meltwater storage capacity within the firn (Machguth et al., 2016). The formation of expansive ice slabs in
Greenland's accumulation zone has led to increased surface runoff (MacFerrin et al., 2019; Mikkelsen
et al., 2016).

In some cases however, supraglacial lakes do not refreeze entirely and meltwater can remain liquid insulated
beneath the ice surface throughout the winter in features known as “buried lakes” (Dunmire, Banwell, Lenaerts, &
Datta, 2021; Koenig et al., 2015; Law et al., 2020; Schroder et al., 2020). Buried lake meltwater storage may
mitigate the ice sheet's contribution to sea level rise by storing water that might otherwise runoff (Forster
et al., 2014; Harper et al., 2012); however, once meltwater fills firn pore space, this pore space cannot be re-
generated quickly (Harper et al., 2012).

Supraglacial lakes can also drain throughout the melt season. These drainages can be slow, as meltwater over-
flows lake basins and routes through surface channels (Banwell et al., 2012; Catania et al., 2008), or rapid, as
meltwater drains vertically over several hours to days through fractures, a process known as hydrofracture (Das
et al., 2008; Tedesco et al., 2013). Hydrofracture events inject meltwater to the bed of the ice sheet which reduces
basal friction and temporarily increases ice velocity (Bartholomaus et al., 2008; Bartholomew et al., 2010;
Hoffman et al., 2011; Zwally et al., 2002). Moulins formed via hydrofracture can persist throughout the melt
season and continually deliver meltwater to the base of the ice sheet, further affecting basal friction and ice
velocity throughout the remainder of the melt season (Banwell et al., 2016; Catania & Neumann, 2010).

Given the substantial and varied impact of supraglacial lakes on the GrIS, it is important to understand when,
where, and how drainage and refreezing events occur to provide improved parameterizations for ice sheet models
and to better project future ice sheet changes. Previous work has detected GrIS supraglacial lakes and channels
using a variety of multi-spectral satellite images including the Moderate Resolution Imaging Spectroradiometer
(MODIS; Box and Ski (2007); Sundal et al. (2009); Johansson and Brown (2013); Williamson et al. (2017)), the
Land Remote-Sensing Satellite System (Landsat satellites; Banwell et al. (2014); Macdonald et al. (2018)),
Sentinel-2 (Hochreuther et al., 2021; Zhang et al., 2023), WorldView (Daneshgar et al., 2019; Yang &
Smith, 2013), or a combination of these various satellites (Wang & Sugiyama, 2024; Williamson, Banwell,
et al., 2018). More recently, Sentinel-1 Synthetic Aperture Radar (SAR) observations have been used to detect
supraglacial and buried meltwater features across the GrIS (Benedek & Willis, 2021; Dunmire, Banwell,
Lenaerts, & Datta, 2021; Miles et al., 2017; Schroder et al., 2020; Zheng et al., 2023). SAR can be used year
round, regardless of the weather, and can penetrate the surface and detect meltwater buried several meters beneath
the surface (Rignot et al., 2001).

Previous work investigating the seasonal evolution of GrIS supraglacial lakes has mostly been limited to a
regional or individual drainage basin scale (Glen et al., 2024; McMillan et al., 2007; Morriss et al., 2013; Otto
et al., 2022; Sundal et al., 2009; Turton et al., 2021; Wang & Sugiyama, 2024), or is more than a decade old and
relies on low-resolution MODIS imagery for lake tracking (Selmes et al., 2011, 2013). Here, we develop and
present a novel classification method that utilizes time series of features from both optical and microwave im-
agery to automatically classify GrIS supraglacial lakes into four behavioral categories: (a) Refreezing, (b) rapidly
draining, (c) slowly draining, and (d) those that transition to buried lakes by the end of the melt season. We apply
our classification method to supraglacial lakes previously identified during the 2018 and 2019 melt seasons,
which were relatively low and high melt seasons respectively (GrIS-wide surface water volume of 3.546 km? in
2018 and 6.835 km? in 2019; Zhang et al. (2023)). In doing so, we provide a comprehensive data set of ice-sheet-
wide lake drainage events and new insight into lake drainage and refreeze that will aide future GrIS supraglacial
lake and hydrofracture research.

2. Data
2.1. Greenland Supraglacial Lake Data Set

To train and apply our classification method which automatically distinguishes the behavioral characteristics of
supraglacial lake seasonal evolution, we used the pan-Greenland supraglacial lake data set from Dunmire,
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Banwell, Lenaerts, and Datta (2021). This data set contains high-resolution (30 m) outlines for supraglacial lakes
with a surface area > 0.05 km? from the 2018 and 2019 melt seasons across the 6 major GrlS drainage basins,
defined by Rignot and Mouginot (2012) (SW, CW, NW, NO, NE, and SE). The data set additionally provides lake
surface area information and the elevation for each supraglacial lake from the Greenland Ice Mapping Project
(GIMP) elevation data set (Howat et al., 2015). We chose this data set, which consists of 3,846 supraglacial lakes
in 2018 and 6,146 in 2019, because it covers the entire ice sheet and is available at a high spatial resolution. The
remainder of the data pre-processing and methodology in the current study is distinct from Dunmire, Banwell,
Lenaerts, and Datta (2021).

2.2. Satellite Imagery

We obtained imagery from three different satellites on the Google Earth Engine (GEE) platform (Gorelick
et al., 2017): Sentinel-1 (S1, microwave), Sentinel-2 (S2, optical), and Lansdat 8 (L8, optical). We utilized
available imagery from these satellites between 1 January 2018 and 31 December 2019.

The S1 satellite provides C-band SAR backscatter imagery over the entire GrIS. For 2018 and 2019, the dual S1A
and S1B satellites provided a maximum 6-day repeat observation cycle. We used the horizontally-transmitted,
vertically-received (HV) band of the Interferometric Wide swath mode, which is available at a 10 m horizontal
resolution.

For optical imagery, we used the S2 Level-1C orthorectified top-of-atmosphere reflectance. Of the 13 spectral
bands available from the S2 data, we used Band 2 (Blue, 10 m horizontal resolution), Band 3 (Green, 10 m), Band
4 (Red, 10 m), Band 10 (Cirrus, 60 m) and Band 11 (SWIR 1, 20 m). We also obtained optical imagery from the
Landsat 8 calibrated top-of-atmosphere reflectance collection, utilizing Band 2 (Blue, 30 m), Band 3 (Green,
30 m), Band 4 (Red, 30 m), and Band 6 (SWIR 1, 30 m).

2.3. Regional Climate Modeling Data

We obtained near-surface (2 m) air temperature data from the west-domain of the Copernicus Arctic Regional
Reanalysis product (CARRA-West; Schyberg et al. (2020)). This product provides 3-hourly analyses at a 2.5 km
spatial resolution over the GrlIS and is forced at the boundaries with ERAS for the period of 1991—present. For
each supraglacial lake outline in 2018 and 2019, we obtained an annual time series of mean daily near-surface air
temperatures from the CARRA-West grid cell containing the lake.

3. Methodology
3.1. Satellite Imagery Preprocessing
3.1.1. S1 Imagery Time Series

S1 imagery available on GEE is already preprocessed with the following steps: (a) Thermal noise removal, (b)
radiometric calibration, (c) terrain correction using ASTER DEM, and (d) values converted to decibels via log
scaling. For each supraglacial lake outline, we utilized all available S1 imagery from January 1 through December
31 of the year the lake was detected. Then, from every available S1 image, we computed the average HV value
within each lake outline (HV,,) and the average HV value within 750 m outside the lake bounds (HVjackgrounda) -
We then computed a backscatter anomaly for the lake (HV,,,,,,) following Equation 1:

Hvanom = Hvlake - Hvbackgraund (1)

By computing a backscatter lake anomaly, we can better compare imagery between orbits with different incidence
angles. To obtain a complete annual time series of HV,,,,,, for each lake, we linearly interpolated between all
observations. We then further smoothed variability between observations from different S1 orbits by applying a
12-day smoothing filter (e.g., Figure S1 in Supporting Information S1).

3.1.2. Optical Imagery Time Series

S2 images with <90% cloud coverage were obtained for each lake between May 1 and October 15 during the year
that the lake was detected. From this step, ~25% of the total available S2 images were removed due to their near-
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complete cloud cover. Because top-of-atmosphere S2 imagery in GEE is scaled by a factor of 10,000, we first
divided all spectral bands by 10,000. For each image we then created a cloud pixel mask and a water pixel mask.
Clouds in S2 imagery were masked following Moussavi et al. (2020) where SWIR (B11) >0.1 or Cirrus (B10) >
0.1. Water was masked where the Normalized Difference Water Index (NDWI, Equation 2) >0.18 (Moussavi
et al., 2016, 2020; Pope et al., 2016; Yang & Smith, 2013). We did not use the Green - Red >0.09 threshold for
masking water from Moussavi et al. (2020) because we found that this excluded parts of lakes with deep water.

We performed a similar cloud and water masking procedure for L8 imagery. Following Moussavi et al. (2020), we
masked pixels as clouds where the Normalized Difference Snow Index (NDSI, Equation 3) <0.8 or where SWIR
(B6) >0.1. Water in L8 images was masked where NDWI >0.19 and where Blue - Green >0.7. Again, we did not
use the Green - Red >0.7 from Moussavi et al. (2020) because this threshold excluded deeper water.

NDWI = Blue — Red @)
" Blue + Red
Green — SWIR
NDSI = ———— 3
Green + SWIR 3)

For both S2 and L8 imagery, we did not compute a Rock/Seawater mask because we had pre-defined supraglacial
lake outlines. After creating the cloud and water pixel masks for all S2 and L8 image, for each lake we then
removed images with pixels inside the lake's bounds masked as clouds. We then computed the percentage of
pixels within the lake bounds masked as water (pwa,e,) . We determined p,,,,, for each lake individually and from
every non-cloudy optical image. We also obtained the average solar zenith angle (SZA) within each of the lake
bounds from every optical image.

After combining p,,,., from S2 and L8 imagery for a lake, the following steps were taken at each time step ¢ to
remove outlier observations:

1. The observation was removed if:
*  Pyater(®)>0.05, and
o SZA(t)>75°

This was often the case before (April, May) or after (September, October) the melt season when shadows were
misclassified as water (e.g., Figure S2a in Supporting Information S1).

2. The observation was removed if:
*  Puarer(®)>0.4, and
° pwater(t - 1) <%pwater(t)’ and
* Puaer(t + 1)< %Pwater(l)’ and
e ata previous time step (tyrer.) : Prater (tprev.) > 0.8

This was often the case if there were cloud shadows within the lake bounds or for shadows not removed in Step 1
(e.g., Figure S2b in Supporting Information S1). The specification that the lake previously had to have water
(pwa,e, (tprer.) > 0.8) was applied so that observations where the lake filled and drained rapidly were not excluded.

3. The observation was removed if:
° pwater(l - 1) - pwater(t) > 02, and
o pwuter(t + 1) - pwuter(t) > 02

These outliers existed if clouds were missed by the cloud mask (e.g., Figure S2c in Supporting Information S1).

After cloud masking and outlier removal, the average temporal resolution of the optical imagery between June 1
and October 1 for all GrIS supraglacial lakes was 1 image every 3.2 days. The SW region had the lowest temporal
resolution (average 1 image every 4.2 days), while the NW region had the highest temporal resolution (average 1
image every 2.4 days). Finally, we linearly interpolated all observations to obtain an annually complete time
series of p,,..., for each lake.
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Figure 1. Example optical and microwave time series for each supraglacial lake class. (a) Map of Greenland Ice Sheet with lakes in b-e indicated with red dots,
(b) refreeze (class 0), (c) rapidly drains (class 1), (d) slowly drains (class 2), and (e) becomes buried (class 3). Light blue lines indicate p,,,.,, with dots for each optical
image of the lake (left y-axis) and dark blue lines represent time series of HV,,,,,, (left y-axis).

3.2. Supraglacial Lake Classification
3.2.1. Supraglacial Lake Classes

Here, we classify supraglacial lakes into four categories based on their evolution throughout the melt season.
These lake classes are: (a) Refreezes, (b) rapidly drains, (c) slowly drains, and (d) becomes buried (Figure 1). To
create the training data set for our model, which automatically classifies supraglacial lakes into these four classes,
we manually labeled 1,000 lakes, with 250 for each class. For this manual labeling, we defined rapidly draining
lakes to be where p,,,,, decreases to 20% of the lake's maximum value in a period shorter than 6 days, following
Morriss et al. (2013). While rapid drainage events can be defined over periods shorter than this (i.e., 2 days (Das
et al., 2008; Selmes et al., 2011; Tedesco et al., 2013): or 4 days (Doyle et al., 2014; Williamson, Willis,
et al., 2018):), we use a more relaxed threshold to accommodate the sometimes limited temporal resolution of
clear-sky optical imagery (Morriss et al., 2013). Slowly draining lakes were labeled as such if they drained during
aperiod longer than 6 days, and contained several p,,,,., points between the times when full and empty. This 6-day
rapid drainage threshold was only applied for the creation of the training data set. After model training, the time
series classification model then makes the decision between rapidly and slowly draining for the lakes on which the
model is applied.

Supraglacial lakes were labeled from all 6 GrlS regions and confirmed using GEE optical and microwave im-
agery. Figure 1 shows example time series of p,,,,, and HV,,,,, for a lake from each class. From our labeled lakes
data set, we used 80% for training our model, and set aside the remaining 20% for final model testing.

3.2.2. Time Series Classification Model Selection

Various deep learning techniques have been proposed for time series classification including recurrent neural
network-based models, distance-based models, feature-based models, interval-based models, and kernel-based
models. To classify supraglacial lakes using the p,,.., and HV,,,, time series, we utilized the sktime Python
time series classification package (Loning et al., 2019). From sktime, we explored the recurrent neural network-
based algorithm LSTMFCNClassifier (Karim et al., 2019), distance-based algorithm KNeighborsTimeSerie-
sClassifier, feature-based algorithm RandomlIntervalClassifier, kernel-based algorithm RocketClassifier
(Dempster et al., 2020), and three interval-based algorithms CanonicallntervalForest (Middlehurst et al., 2020),
SupervisedTimeSeriesForest (Cabello et al., 2020), TimeSeriesForestClassifier (Deng et al., 2013).

Before training the models, we normalized the timeseries data into the range of [0,1]. The aforementioned models
are evaluated with two different feature sets: one with only HV,,,,,,, and one with both HV,,,, and p,.., to
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determine the added benefit of including time series from optical imagery, which typically has more limited
temporal coverage than microwave imagery. We did not train a model with only p,..., because the optical imagery
alone is insufficient to identify buried lakes. To avoid overfitting, we applied a k-fold cross-validation with 5
folds, where the model is alternatively tested on one fold and trained on the other 4 folds. We trained the models
using the previously mentioned 1,000 manually labeled supraglacial lakes, with 250 for each class (refreeze, rapid
drain, slow drain, and buried).

Table S1 in Supporting Information S1 summarizes the resulting accuracy from this cross-validation for the
different time series classification techniques. We observe that the performance of all models improved sub-
stantially when p,,,, is incorporated, which is understandable given that p,,., provides additional useful in-
formation for the lake classifications. Moreover, out of the 7 classification techniques, RocketClassifier achieved
the most consistently high accuracy in all scenarios (with and without p,,,,,. and using cross-validation). In
addition, RocketClassifier has a significant computational advantage over the other complex architectures of the
other models. Therefore, we used RocketClassifer for the remainder of this study.

3.2.3. Time Series Classification With ROCKET

RocketClassifier (ROCKET, RandOM Convolutional KErnal Transform; Dempster et al. (2020)) has previously
been evaluated on benchmark data sets in the UCR Archive (Dau et al., 2018) and can achieve the same accuracy
as competing state-of-the-art algorithms in a fraction of the training time. ROCKET applies random convolutional
kernels to transform the time series into features and then uses a linear classifier trained with the features. We used
10,000 convolutional kernels and the linear Ridge Classifier from the scikit learn python package (Pedregosa
etal.,2011). We trained two separate ROCKET models: one that classifies lakes using the optical p,,., lake time
series (ROCKET,,) and one that classifies lakes using the microwave HV,,,, lake time series (ROCKET,,;.) .
Using these two separate models allows us to classify lakes using one imagery source if the other is inadequate
(i.e., limited availability of cloud-free optical images for a lake, Figure S3b in Supporting Information S1).
Because buried lakes are invisible in optical imagery, ROCKET,, will never be able to classify buried lakes
correctly. As such, ROCKET,

,p Was only trained to classify lakes into classes 0, 1 and 2.

3.2.4. End-Model to Resolve Classification Discrepancies

In some cases, the time series created from microwave and optical imagery do not agree, resulting in different lake
classifications from the ROCKET,, and ROCKET,,. models (Figure S3 in Supporting Information S1). To
resolve discrepancies between ROCKET,, and ROCKET,,;. classifications, we further trained an end-model that

uses the following features to make a final classification for the lake:

* ROCKET,, prediction (categorical)

e ROCKET,, class 0 (refreeze) confidence score(numerical)

* ROCKET,, class 1 (rapid drain) confidence score(numerical)
e ROCKET,, class 2 (slow drain) confidence score(numerical)

e ROCKET,,. prediction (categorical)

e ROCKET,,. class O (refreeze) confidence score(numerical)

e ROCKET,,. class 1 (rapid drain) confidence score(numerical)

e ROCKET,,,. class 2 (slow drain) confidence score(numerical)

e ROCKET,,, class 3 (buried) confidence score (numerical)

e lake elevation (numerical)

e lake area (numerical)

e maximum p,,,., during the season (numerical)

o number of days it takes for p,,.., to decrease to 20% of the lake's maximum value (“drain time,” numerical)
o temporal resolution of S1 observations during drain time (numerical)

¢ temporal resolution of optical observations during drain time (numerical)

e Average HV,,,,, for the lake between October 15 and November 1 (numerical)

The confidence score for each class comes from the sklearn RidgeClassifier model output and is proportional to
the signed distance of that sample to the hyperplane. We trained the end-model using the PyCaret python package
for automating machine learning workflows (Moez, 2020). Numerical features were normalized and categorical
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features were one-hot encoded. We used 5-fold cross-validation to compare PyCaret classification models and to
tune our model with a grid search of 500 iterations. With a cross-validation F1 score of 0.9543, the optimal end-
model was a CatBoost classifier (Prokhorenkova et al., 2018).

This end-model was only applied when discrepancies between ROCKET,,, and ROCKET,,;. exist. Examples of
such discrepancies are for buried lakes (because ROCKET,, will never be able to classify buried lakes, e.g.,
Figure S3b in Supporting Information S1), lakes at low elevation where the HV,,,,,,,, time series is similar to that of
buried lakes (e.g., Figure S3c in Supporting Information S1), or lake drainage events where the HV,,,,,,,, time series
does not capture the drainage in the same way as the p, ., time series (e.g., Figure S3d in Supporting Infor-
mation S1). If, for a given lake, the classifications from ROCKET,, and ROCKET,,. were the same, then this
classification was the final label given to the lake, and the end-model was not utilized.

After training ROCKET,,, ROCKET,,., and the end-model, we tested our entire pipeline on 200 independent
samples (~50 per class). On this test sample, our model had 98% accuracy and an F1 score of 0.98, with confusion

for 4 lakes between the refreeze and slow drain classes (Figure S4 in Supporting Information S1).

3.3. Supraglacial Lake Analysis

After training and testing our approach, we applied our model on all 2018 and 2019 supraglacial lakes, giving
each lake a label based on its evolution throughout each melt season.

3.3.1. Lake Depth

For each lake with a maximum p,,,, > 0.5 and no greater than a 31 days gap between optical observations, we
calculated the mean lake depth at the time when p,,,., was at its maximum. First, we found the date of maximum
Dwaer Tor the lake. Then, using GEE, we retrieved either the S2 or L8 image from this date, preferring to use S2
where possible due to S2's higher spatial resolution. To compute lake depth for each pixel (z,;,), we followed
Williamson, Banwell, et al. (2018), which uses Equation 4 below, developed by Pope et al. (2016) based on the
attenuation of optical light in a water column:

g = 100~ )~ s = ) @

where A is the lake-bottom albedo, R, is the reflectance for optically deep water, and R,,;, is the pixel reflectance,
and g is the coefficient for the losses in upward and downward travel through a water column. For both S2 and L8
imagery, we averaged depths calculated using the red (B4) and green (B3) top-of-atmosphere reflectance data. A,
was calculated as the average reflectance of the relevant band for the ring of pixels immediately surrounding the
lake (ring of 3 pixels for S2; Williamson, Banwell, et al. (2018)) and R,, was approximated as 0 (Banwell
etal., 2019; Dell et al., 2020). For L8 imagery, we used g = 0.7507 for the red band and g = 0.1413 for the green
band (Pope et al., 2016). We used S2 g values determined by Williamson, Banwell, et al. (2018) (g = 0.8304 for
the red band and g = 0.1413 for the green band). We determined the mean lake depth for all water pixels (NDWI
> 0.18) within the lake bounds after calculating z,,, for each pixel.

3.3.2. Drainage Date

For each supraglacial lake that was labeled to have undergone rapid drainage, we also determined the drainage
date. To do this, we found the last time step ¢ where p,,qz, (1) < 0.8 and py,(£) < max(p,,q,) - Even though this
time step is before the respective lake drainage event, we label it as the “drainage date” as it is the last available
optical image where the lake is full of water.

4. Results

Comparing our results for the relatively low melt 2018 and high melt 2019 seasons, we observe a shift in
supraglacial lake dynamics beyond interannual variability in surface meltwater production and total number of
supraglacial lakes (Figure 2, Table S2 in Supporting Information S1). In the supraglacial lake data set from
Dunmire, Banwell, Lenaerts, and Datta (2021), the total number of lakes increases by 60% from 2018 (3,846
lakes) to 2019 (6,146 lakes). Correspondingly, there was a substantial expansion in supraglacial lake area,
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Figure 2. (a) The percentage of lakes that refreeze, drain rapidly, drain slowly, or become buried in 2018 and 2019 for each
Greenland Ice Sheet region (as indicated in Figure 1). The numbers at the top of the bar chart represent the total number of
lakes analyzed in that specific region and year. For lakes that appear in the same topographical depression in both 2018 and
2019 (b—e) show how the ice-sheet-wide lake classifications change between the two years.

increasing from 1242 km? in 2018-2569 km? in 2019 (+107%). In this current study we find that, despite a more
than doubling of supraglacial lake area between the two years, refrozen lake area increases by only 7.6% and the
total number of refreezing lakes actually decreases from 1330 lakes (34% of all 2018 lakes) to 1096 lakes (18% of
all 2019 lakes). We find that the proportion of refreezing supraglacial lakes changes the most drastically in the
Northern GrIS regions. For example, in NO Greenland, more than 50% of identified supraglacial lakes refreeze in
2018 while only 21% refreeze in 2019, with the total refrozen lake area actually diminishing by 27% relative to
2018.

Coincident with the observed decrease in the proportion of refreezing lakes in 2019, we observe a substantial rise
in the proportion of lakes that drain slowly, increasing from 26% of all GrIS supraglacial lakes in 2018 to 40% in
2019. Figure 2b indicates that the majority of 2018 refreezing lakes are classified as slowly draining lakes in 2019,
with only 19.1% refreezing again in 2019. Again, the substantial rise in slowly draining lakes is most prominent in
the Northern GrIS regions, where the incidence of slowly draining lakes increases by 190%, 269%, and 334% in
the NW, NO, and NE, respectively.

Figure 3 illustrates this shift from predominately refreezing lakes in 2018 to draining lakes in 2019 for a small,
approximately 20 X 15 km? case study area located within NE Greenland. Within this subarea, 16 distinct lakes
were detected in 2018 (Figures 3b and 3c) and 15 were detected in 2019 (Figures 3d and 3e). As 2 m air tem-
perature is the dominant control on ice sheet surface melt (Ryan et al., 2023), here, we use it to explore changes in
supraglacial lake evolution and behavior between the 2 years. The onset of above-freezing mean daily air tem-
peratures for this subarea in 2019 occurs on June 11 (Figure 3h). Over the ensuing week (June 11-June 17), the
mean 2019 air temperature is 6.7 °C higher compared to the corresponding period in 2018, during which the mean
daily air temperature remains below freezing until June 25. During July and August, mean air temperatures remain
2.7 °C cooler in 2018 relative to 2019.

We suggest that this interannual variability in air temperature results in differences in surface meltwater pro-
duction between the two melt seasons, further manifesting as a shift in supraglacial lake dynamics. For example,
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Figure 3. Example supraglacial lake changes for a case study area in NE Greenland, indicated by the red dot in panel (a). (b—e)
S2 imagery from 2 July 2018 (b), 25 August 2018 (c), 2 July 2019 (d) and 25 August 2019 (e). 2018 (b, ¢) and 2019 (d, e)
Detected lakes from 2018 (b, ¢) and 2019 (d, e) are outlined and colored corresponding to their evolution classification
throughout the melt season. (f—g) Time series of p,., for each lake in 2018 (f) and 2019 (g). Time series are colored
corresponding to the each lake's evolution classification. (h) Time series of mean daily air temperature for this region in 2018
(blue) and 2019 (red). The colored bar at the top of the plot represents the difference in 7-day mean air temperatures between the
two years (2019-2018).

in this subarea of NE Greenland, 11 of 16 (69%) lakes refreeze during the 2018 melt season (Figure 3f). In
contrast, in 2019 (Figure 3g), nearly all the lakes drain either slowly (9 of 15, 60%) or rapidly (4 of 15, 27%).
Despite late August 2018 experiencing average air temperatures nearly 4 °C cooler than the same period in 2019,
we observe a greater presence of ponded meltwater during this period in the 2018 melt season (Figures 3c—3e).
The absence of ponded meltwater in late August 2019 is attributed to the lakes in this area having previously
drained.

The proportion of lakes that rapidly drain also increases between the two years, from 18% of all GrIS lakes in 2018
to 23% in 2019. The relative increase in rapid lake drainage events is most substantial in Western Greenland.
While the total number of supraglacial lakes increases by 41%, 47%, and 64% in the SW, CW, and NW regions
respectively, the percentage increase in rapid lake drainages is much higher across these regions (+93%, +141%,
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Figure 4. Example supraglacial lake changes for a region in CW Greenland (a). (b—d) S2 imagery from 20 August 2018 (b),
23 July 2019 (c), and 26 July 2019. Detected lakes from 2018 (b) and 2019 (c, d) are outlined and colored corresponding to
their evolution classification throughout the melt season. (f—g) Time series of p,,,,, for each lake in 2018 (e) and 2019 (f).
Time series are colored corresponding to the lake's evolution classification. (g) Time series of mean daily air temperature for this
region in 2018 (blue) and 2019 (red). The colored bar at the top of the plot represents the difference in 7-day mean air
temperatures between the two years (2019-2018).

and +217%, respectively). Figure 4 demonstrates this shift for a case study area in CW Greenland. Within this
area, 4 of the 18 (22%) identified supraglacial lakes refreeze in 2018, with the remaining lakes transitioning to
buried lakes at the end of the melt season (4b, e). There are no lake drainage events in this area in 2018. In contrast,
in 2019, 9 of the 17 (53%) identified lakes drain rapidly, with a multi-lake hydrofracture event occurring
sometime between July 23 and 26, 2019 (4c.d,f). In this area, early season (May 1-June 15) average daily air
temperatures are substantially warmer (4+5.9 °C) in 2019 relative to 2018. Despite the daily mean air temperature
rising above freezing for the first time earlier during the 2018 melt season (June 4), throughout the remainder of
June and July 2019, daily mean air temperatures remain 2.1 °C warmer than in 2018. Much of this area in the CW
region is located relatively far inland, and the 2019 rapidly draining lakes here have an average elevation of
1,490 m, higher than the 99th percentile elevation for rapidly draining lakes in CW Greenland in 2018.

In accordance with Selmes et al. (2013), we observe, across all regions of the GrIS and over both years, that
draining lakes are located at lower elevations than lakes that refreeze or become buried (Figure 5). In the Northern
GrIS regions (NW, NO, and NE), where lakes typically form at lower elevations, rapid lake drainages occur at a
mean elevation of 641 £+ 361 m (£ 1 standard deviation) and slow lake drainages occur at a mean elevation of 752
+ 346 m. In contrast, lakes that do not drain, but either refreeze or become buried, are located at mean elevations
0f 939 £ 381 m and 1,099 £ 390 m, respectively. In Southern Greenland (SW, CW, SE), rapid and slow drainage
events occur at mean elevations of 1,159 £ 323 m and 1,199 £ 298 m, respectively, while refreezing and buried
lakes are located at average elevations of 1,408 £ 267 m and 1,544 + 227 m.

Figure 5 also demonstrates that, in both years, draining lakes are typically deeper than non-draining lakes. During
both years, the mean depth for all rapidly draining lakes is 3.27 &+ 0.99 m and varies about 35% between the six
regions, with a minimum mean depth of 2.81 m in NO Greenland and a maximum mean depth of 3.62 m in SE
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Figure 5. 2D histograms of mean lake depth versus elevation for each region of the Greenland Ice Sheet (includes both 2018
and 2019 lakes). The distribution for lakes that drain (either rapidly or slowly) is shown in red-orange while the distribution
for lakes that do not drain (refreezing or buried lakes) is shown in blue-green.

Greenland. The regional variability in mean lake depth for other types of lakes is slightly larger, from 1.80 m (NO)
to 2.99 m (SE) for refreezing lakes (47% of the mean), 2.06 m (NO) to 3.32 m (SE) for slowly draining lakes (43%
of the mean), and 1.78 m (NO) to 3.12 m (SE) for buried lakes (54% of the mean).

Across the entire ice sheet, and for both years, 56% of lakes drain either rapidly or slowly. However, for lakes with
amean depth < 2 m, only 35% drain, with proportionally more refreezing or becoming buried (36% refreeze, 29%
buried). In addition, most lakes that drain with mean depths shallower than 2 m drain slowly (27%), as opposed to
rapidly (8%). As lakes deepen, there appears to be an increasing likelihood that they will drain, particularly
rapidly, and a decreasing likelihood of refreezing (Figure 6). For example, above 4 m depth, 70% of lakes drain
(35% rapidly and 35% slowly).

Surprisingly, we find that lakes are deeper on average during the low melt 2018 season (Figure 7). The ice-sheet-
wide mean lake depth in 2018 is 3.06 m, compared to 2.66 m in 2019, an approximate 13% reduction in mean lake
depth. The depth reduction from 2018 to 2019 is greatest in NO Greenland, where the 2018 mean depth (2.36 m) is
21% deeper than in 2019 (1.87 m), and smallest in SW Greenland, where the 2018 mean depth (3.00 m) is only 3%
deeper than in 2019 (2.91 m). The mean lake depth difference between 2018 and 2019 is also substantially larger
for lakes that do not drain rapidly (Figure 7). For example, refreezing lakes have a mean depth of 2.87 m in 2018
and 2.11 m in 2019, a 26% reduction. The reduction in mean depth from 2018 to 2019 is only 2.7% for rapidly
draining lakes.

Finally, we observe that rapid lake drainages occur earlier across the entire ice sheet during the 2019 melt season
compared to 2018. The mean drainage date across all regions during the 2019 melt season (June 22 + 20 days) is
17 days earlier than in 2018 (July 9 + 15 days); a difference that is fairly consistent across all 6 regions. Figure 8
demonstrates a major change in the timing of lake drainage for a case study area in NE Greenland. Within the
black box in Figure 8, lakes form and rapidly drain in same locations in both years. In 2019, these lakes drain
between June 13 and 18, an average of 44 days earlier than in 2018. This 2019 drainage period is also even before
meltwater begins to pond on the surface during the 2018 melt season. In 2018, lakes in this subarea form after July
1 and drain primarily between July 28 and August 1. Also notable is that before draining, these lakes in 2018 have
a larger surface area compared to in 2019 (mean of 0.48 km? in 2018 compared to 0.28 km? in 2019) and remain
full for a longer period of time before draining (Figure 8c). After a supraglacial lake undergoes rapid drainage, the

DUNMIRE ET AL.

11 of 20

d ‘T *STOT ‘¥80SEEET

:sdpy woiy papeoy:

ASUAIIT SUOWWIO)) dANRALY) d[qeatjdde oy £q PauIeA0S aIe Sa[O1IE V() (ash JO SN 10} AIeIqI] SUI[UQ) AS[IA\ UO (SUOHIPUOD-PUL-SULIA) W0 AS[IM AIRIQI[DUI[UO//:sd)Y) SUONIPUO)) pue SWLS, 3y} 93§ *[$70T/€0/1€] U0 Areiqr auruQ A9[IA ‘PuejAIeiy JO ANSIAIUN Aq €6LE00VALTOT/6T01 01/10P/WOd AS[IM"



V od |
AGU

Earth and Space Science 10.1029/2024EA003793
(a)
:H: 500 A
0__.-‘-_
"T(b) Ref
o (b) Refreeze g\\;\/v
© N ' NW
5.7 o
251 / X3 SR
X : SE
‘ — All lakes
0 T T r - - ;
0 1 2 3 4 5 6
75

% of lakes

% of lakes

% of lakes

0 | | I ; ] |
3

2 4
Mean depth (m)

Figure 6. Percentage of lakes classified into each class with mean lake depth. (a) Histogram distribution of mean lake depths,
including both 2018 and 2019 lakes. (b—d) The percentage of all lakes that refreeze (a), drain rapidly (b), drain slowly (c), or
become buried (d) with increasing mean lake depth. Data is only plotted for each region if there are 5 or more lakes with that
mean depth.

lake typically remains near-empty for the remainder of the melt season, with only 4% of rapidly draining lakes in
both years refilling to > 50% of their previous surface area, suggesting that melt water continues to exit through
developed moulins for the remainder of the melt season.

5. Discussion

After applying our novel time series classification model, utilizing time series of both optical and microwave
imagery, to a data set of supraglacial lakes across the entire GrlIS, we find that 18% and 23% of all lakes drain
rapidly in 2018 and 2019, respectively. These proportions are larger than the 13% reported by Selmes et al. (2011),
in which 2600 lakes were mapped over 5 different years (2005-2009). The 2018 summer (JJA) was relatively

DUNMIRE ET AL.

12 of 20

d ‘T *STOT ‘¥80SEEET

:sdpy woiy papeoy:

ASUAIIT SUOWWIO)) dANRALY) d[qeatjdde oy £q PauIeA0S aIe Sa[O1IE V() (ash JO SN 10} AIeIqI] SUI[UQ) AS[IA\ UO (SUOHIPUOD-PUL-SULIA) W0 AS[IM AIRIQI[DUI[UO//:sd)Y) SUONIPUO)) pue SWLS, 3y} 93§ *[$70T/€0/1€] U0 Areiqr auruQ A9[IA ‘PuejAIeiy JO ANSIAIUN Aq €6LE00VALTOT/6T01 01/10P/WOd AS[IM"



I ¥edl

M\I Earth and Space Science 10.1029/2024EA003793
AND SPACE SCIENCES
2018
32019
2500 2500
(a) Refreeze (b) Rapid drain

2000 2000

E 1500 E 1500
S s

5 1000 g 1000
w w

500 =4 500

[} 0

i 2 4 < 6 7 1 2 3 4 5 6 g
Mean lake depth (m) Mean lake depth (m)
2500 2500
(c) Slow drain (d) Buried

2000 2000

E 1500 E 1500
S S

% 1000 ) g 1000
w w

500 500

00 1 6 b 2 00 1 7

2 3 4 5 2 3 4 5
Mean lake depth (m) Mean lake depth (m)

Figure 7. 2D histograms of maximum lake depth versus elevation for each type of lake, compared between years. The
distribution for 2018 lakes is shown in blue-green while the distribution for 2019 lakes is shown in pink-red.

colder across the ice sheet marginal areas (100-2,000 m elevation) than any year during the 2005-2009 period
(Figure S5 in Supporting Information S1), suggesting that climatological changes cannot account for these
different findings between our study and that of Selmes et al. (2011). Instead, we suggest that variability in the
lake data sets resulting from the use of different optical imagery sources is responsible for the increased pro-
portion of lakes that drain rapidly in our study. While our study only spans 2 years, it includes nearly 10,000 lakes
and incorporates lakes smaller than those studied in Selmes et al. (2011), which was made possible by our use of
finer spatial resolution imagery from S1 and S2. For example, the smallest lake investigated in Selmes
et al. (2011) had a surface area of 0.063 km?; a single MODIS pixel. Comparatively, lakes from the Dunmire,
Banwell, Lenaerts, and Datta (2021) data set, and therefore the lakes in this study, have a minimum surface area of
0.05 km?. These smaller area lakes are more common at lower elevations, where rapid drainage events occur more
frequently.

Although previous work has concluded that interannual variability in lake evolution is much smaller than regional
variability (Selmes et al., 2011, 2013), the work presented here does not support this conclusion. For example, in
2018 the percentage of refreezing lakes varies regionally from 22.5% in CW Greenland to 50.3% in NO
Greenland, comparable to the interannual change in the percentage of refreezing lakes in NO Greenland between
2018 and 2019 (51.3% and 21.2%, respectively). This distinction from Selmes et al. (2013) may be explained by
greater climatological variability between our study years of 2018 and 2019, relative to the years investigated in
this previous work (2005-2009). For example, the difference in mean summer air temperature for the ice sheet
marginal areas between 2018 and 2019 is 2.45 °C, greater than the mean summer air temperature range between
2005 and 2009 (1.42 °C). Our work suggests that climatic controls, particularly near-surface air temperature,
effect not only the amount of surface meltwater production, but may also affect how hydrologic systems develop
and evolve throughout the melt season. As this study only analyzes 2 years of supraglacial lakes, more distinct
conclusions on the climatic controls of lake evolution are difficult to draw. Future work should focus more
specifically on these climatic and meteorological controls.
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— 2018 lakes
= 2019 lakes
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Figure 8. Interannual supraglacial lakes drainage date comparison in NE Greenland. (a) S2 image from 20 July 2018, with
lakes outlined according to their classification. S2 image from 20 June 2019 with lakes outlined according to their
classification. (c) Time series of p,ater for rapidly draining lakes for a area outlined by the black box in panels (a, b).

While rapid lake drainage events via hydrofracture have been a primary focus of the Greenland glacial hydrology
community, this work indicates that there is greater interannual variability in the proportion of slowly draining
lakes, suggesting that these slower drainage events may become increasingly common in a warming climate. We
find that the majority of lakes which refreeze in 2018, slowly drain in 2019 (Figure 6b). These slower lake
drainages impact the ice sheet surface mass balance by removing meltwater that would otherwise refreeze on the
surface. The meltwater from slow drainages may additionally feed downstream crevasses and moulins, thereby
reaching the ice-bed interface and potentially impacting ice sheet dynamics in a similar manner to hydrofracture
events. Exploring whether these slow lake drainage events occur stably or unstably (i.e., at linear drainage rates,
or rates that increase with time; Kingslake et al. (2015)) would be an interesting basis for future work.

Our new automated method enables large-scale, ice-sheet-wide classification of draining and refreezing lakes,
providing us with a comprehensive data set of lake drainage events, and new insights into the potential controls on
lake drainage. Previous work has suggested that an upper elevation hydrofracture limit (~1,600 m) exists, above
which moulins are unlikely to form (Poinar et al., 2015). More recently, Christoffersen et al. (2018) showed the
presence of water-filled crevasses at an elevation of 1,800 m in SW Greenland. In this work, our automated
method detected, and we visually confirmed, numerous (> 50) rapid lake drainage events above this hypothesized
hydrofracture elevation limit, including events at or above 1800 m elevation in both SW and SE Greenland
(Figure 9). While it is not possible to fully confirm the presence of moulins due to the horizontal resolution of the
S2 images, these lake drainage events occur between images several (2-3) days apart, with no evidence of
overflow drainage, and do not coincide with water volume decreases in nearby meltwater features. These findings
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challenge the hypothesis of an upper elevation hydrofracture limit, and high-
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elevation rapid lake drainage events should be investigated in future work.

We further compared lake depth between 2018 and 2019 for different lake
types. Previous studies have found little relationship between lake depth and
drainage likelihood (Fitzpatrick et al., 2014; Williamson, Willis, et al., 2018).
We find that lake depth does appear to control rapid drainage likelihood in
some fashion and demonstrate that lake drainage occurrence increases with
mean lake depth (Figure 6). For example, of all 2018 and 2019 supraglacial
lakes in SW Greenland with a mean depth > 3 m (45% of all SW GrIS lakes),
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Figure 9. Examples of three high elevation rapid lake drainage events in SW

J

>

August September  October . . . 3 . .
41% drain rapidly, a much higher percentage than those that drain rapidly with

f\ﬁ; 1, 9 mean depths < 2 m (8.7%). This signal of increasing rapid drainage likelihood
with deeper lakes is consistent across various elevation bands (Figure S6 in

\'.D Supporting Information S1); however, it is most prominent at elevations >

500 m, suggesting that deeper ponded water may help to initiate hydrofracture

where the ice is thicker.

Despite expectations that 2019 lakes would be deeper than in 2018, due to

2019 being a higher melt season, our observations present a more complicated

picture. In fact, supraglacial lakes were, on average, deeper in 2018
(e) (Figure 7). This change is primarily driven by changes in non-draining lakes
Aug. 6, 2019 between the two melt seasons, which consistently exhibited greater depths
across all regions during the lower-melt 2018 years. One possible explanation
for this is a change in the typical elevation at which lakes formed between the
2 years. In 2019, more lakes formed at higher elevations, where topographic
depressions may be shallower, thereby inhibiting deeper lake formation. To
explore this, we binned all lakes into 100 m elevation bins, within which we

bt

would expect topographic depressions to be of similar size between the
(9) ; T 2 years. This analysis (Figure S7 in Supporting Information S1) shows that,
Jun. 18, 2019 ! within a constant 100 m elevation band, non-draining and slowly draining
lakes were still consistently deeper in 2018, suggesting that additional factors
may influence these depth variations. Below, we supply several additional
hypothesis for the lake-depth variation between the 2 years.

First, previous summer melt may be a precursor for lake depth in following
seasons. For example, above-average air temperatures, such as those seen in
NE Greenland in 2016 and 2017 (Turton et al., 2021), may enhance melting
within topographic depressions, thus providing deeper basins for future

and SE Greenland. (a) Time series of p,q, for the three lakes, with their supraglacial lakes. Meanwhile, 2019 lake depths may be limited by shallower
locations indicated on the Greenland Ice Sheet map. (b, ¢) Sentinel-2 imagery  basins due to the 2018 refreezing of meltwater within these basins. Second,
before (b) and after (c) the rapid drainage of lake SW 1, located at 1,898 m the calculation of lake depth is sensitive to the reflectance of pixels imme-

elevation. (d, e) Sentinel-2 imagery before (d) and after (e) the rapid drainage of

diately surrounding the lake, a factor that may vary between years.

lake SW 2, located at 1,887 m elevation. (f, g) Sentinel-2 imagery before (f) and
aftter (g) the rapid drainage of lake SE I, located at 1,793 m elevation. Third, we suggest that various dynamical factors may initiate drainage in

1 year, but not another. Warmer early melt season air temperatures have
substantial hydrological consequences. The earlier melting of surface snow exposes bare ice, crevasses, and
fractures, and expedites the development of supraglacial to basal hydrologic routing networks. As such, meltwater
can access the bed earlier in a warmer year, enhancing basal slip, a process that has also been shown to initiate
rapid lake drainage (Stevens et al., 2015), and thereby increasing localized ice velocity speed-ups earlier in the
melt season. Rapid lake drainage events further result in a tensile shock that establishes new surface-to-bed
moulins by initiating additional rapid drainage events through a cascading process (Christoffersen
et al., 2018). Additionally, elastic stress coupling from one rapid lake drainage event can trigger other nearby
lakes to drain (Stevens et al., 2024).

The presence or strength of these dynamical conditions may vary from year to year, thus impacting the timing and
occurrence of lake drainage events. The absence, or reduced impact, of certain ice dynamical conditions in 2018
may have allowed some lakes to grow larger and refreeze, in contrast with 2019 when many may have drained
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before reaching similar extents. This hypothesis is supported by an examination of lakes that ponded within the
same topographic depression in both years. We focused on a subset of lakes that did not drain in 2018 (instead
either refreezing or becoming buried), but subsequently drained in 2019 (either rapidly or slowly). Typically, we
find that draining lakes are deeper than non-draining lakes; however, within this subset (865 total instances), the
mean depth of the 2018 non-draining lakes was 2.98 m, which is actually 0.12 m deeper than the mean depth for
these same lakes that drained in 2019 (2.86 m). In some cases, it is possible that dynamical conditions independent
of lake depth, influenced lake drainage in 2019, but were absent or diminished in 2018, allowing these lakes to
grow larger and then refreeze. The observed phenomenon of deeper lakes during the colder 2018 melt season is
likely due to myriad factors. The relationship between lake depth, dynamics, and drainage is complex, and should
be further investigated in future work.

Finally, earlier rapid lake drainage events and surface-to-bed moulin development facilitate a prolonged influx of
meltwater to the ice-bed interface (Banwell et al., 2016). Turton et al. (2021) similarly reported earlier supra-
glacial lake development during the 2019 melt season on the 79°N Glacier. This accelerated development of the
supraglacial, englacial and subglacial hydrological routing systems during a high melt season may explain the
substantial increase in 2019 slowly draining lakes. Conversely, in cooler, lower melt year, the hydrological
network may not be fully developed to facilitate efficient meltwater drainage when air temperatures drop at the
end of the melt season, resulting in a greater proportion of refreezing lakes.

5.1. Limitations and Uncertainty
5.1.1. Supraglacial Lake Types

Distinguishing between rapidly and slowly draining lakes is a non-trivial task, with various definitions proposed
in the literature (Das et al., 2008; Morriss et al., 2013; Williamson, Willis, et al., 2018). Here, we follow Morriss
et al. (2013) by adopting a more conservative definition (6 days) in constructing our training data set to
accommodate the occasionally limited temporal resolution of clear-sky optical imagery. The implications of this
may be the categorization of some lakes as rapidly draining, while other studies would consider them slowly
draining. While most previous work adopts an explicit temporal definition for rapid lake drainage, this approach
potentially misses the impact of lake size, as larger lakes may take longer to drain than smaller lakes. With optical
imagery of sufficient temporal and spatial resolution, future work could also explore lake draining rates in an
attempt to instead define rapid drainage by using a draining rate.

Further, some rapid drainage events are likely missed in the optical imagery due to data gaps, and thereby may be
classified as slowly draining instead. One reason for including Sentinel-1 microwave imagery in our time series
classification method is to capture drainage events that may otherwise be missed in optical imagery due to cloudy
conditions. However, cases may exist in which the model misclassifies rapidly draining lakes. To quantify how
often these missed rapid drainage events may occur, we determined how many lakes classified as slowly draining
experience this drainage between two consecutive optical images taken more than 6 days apart, potentially
indicating that a rapid drainage event has been missed due to a data gap. For both years and across the entire ice
sheet, this occurs for 126 lakes (3.7% of all lakes classified as slowly draining). This potential misclassification
occurs by far the most frequently in SW Greenland (114 lakes), particularly in 2018, where 18% of all lakes
classified as slowly draining meet this criteria (compared to 6% in 2019). This change is likely driven by increased
temporal resolution of the available, cloud-free optical imagery in 2019. For example, in SW Greenland in 2018,
the average temporal resolution of the cloud-free optical imagery is 1 image every 5.5 days, compared to 1 image
every 3.3 days in 2019. The 2019 optical image frequency increase likely accounts for the proportional increase in
rapid lake drainages observed in this region in 2019 (e.g., Figure 6a). However, in the CW and NW regions, which
also experience large proportional increases in rapid lake drainage between 2018 and 2019, very few lakes drain
between two consecutive optical images taken more than 6 days apart (5 total in NW Greenland and 0 in CW),
suggesting that few rapid lake drainages are missed in either year in these regions.

Drainage events occurring toward the end of the melt season (mid-late August) may be misclassified as
refreezing, as both events involve a sharp decrease in water presence. Our testing data set reveals that differ-
entiating between refreeze and slow drain classifications is the most challenging, with all misclassifications
occurring between these two classes (Figure S4 in Supporting Information S1). Some lakes may both partially
drain and then refreeze, further complicating this distinction.
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fkjdsafhjkdsahfudsa (Dunmire, Banwell, Wever, et al., 2021).

The labeled lakes used for model training and testing were lakes where we could clearly distinguish the classi-
fication. However, this is not the case for all lakes on which the algorithm was applied. We test the robustness of
our findings and quantify uncertainty by comparing our results with those from the subset of lakes where the
ROCKET,, and ROCKET,, classifications agree, as we believe these cases have the highest certainty. For ~3%
of the 9,992 total lakes there is either insufficient optical or microwave imagery and thus only one model can be
used for the classification. Disregarding buried lake classifications (as the ROCKET,, will never be able to
classify buried lakes), the two models further disagree for 28% of the lakes' classifications.

The two models disagree most frequently, and thus the uncertainty is highest, in the SW and NE regions (32%
disagreement in both regions). The uncertainty is lowest in CW Greenland, with 23% disagreement between the
two models (Figure S8 in Supporting Information S1). As slow drainages can be easily confused between both
rapid drainage and refreeze, we understandably find the highest disagreement between ROCKET,, and
ROCKET,,, for the slow drainage class (Figure S8 in Supporting Information S1).

For the majority of cases in which the two models disagree (87%), the final classification aligns with that from
ROCKET,,. This makes sense as S1 backscatter can be noisy, particularly for smaller lakes, and depends on
factors other than liquid water presence (i.e., volume scattering, surface roughness, satellite geometry). Figure S8
in Supporting Information S1 shows changes to the lake type proportions (ignoring buried lakes) when only
considering these lakes with higher confidence classifications (where the ROCKET,, and ROCKET,,;. models
agree). We find minimal changes in the proportion of lake classifications in the SW and CW regions. In NO and
SE Greenland, we see that the proportion of refreezing lakes increases and the proportion of slowly draining lakes
decreases when only considering these higher confidence lakes. However, the pattern of interannual changes
between 2018 and 2019, described above in the results, remains robust.

5.1.2. Supraglacial Lake Depths

We retrieved lake depth from optical imagery using a radiative transfer equation (Pope et al., 2016; Williamson,
Banwell, et al., 2018), which is known to systematically underestimate lake depths using the red band and
overestimate shallow lake depths using the green band (Lutz et al., 2024; Melling et al., 2024). Given the known
limitations of this method, we do not recommend using the absolute lake values shown here to prescribe lake
depth and volume limits for hydrofracture. We chose to use this radiative transfer method to calculate lake depths
because it can be easily upscaled to the entire GrIS.

From our lake depth analysis, we highlight two key findings: (a) Lake drainage occurrence increases as lake depth
increases and (b) non-draining lakes were deeper in 2018 than in 2019, despite 2018 being a colder melt season.
Lake depths calculated using various bands in the radiative transfer equation are positively correlated with depths
calculated using other bands and from other methods (e.g. ICESat-2, depression topography method, empirical
formulation; Pope et al., 2016; Melling et al., 2024. As such, we expect that these two findings, which focus on a
relative lake depth comparison between lake classes and melt seasons, to remain robust.

6. Conclusions

In this work we build upon previous, regional supraglacial lake evolution studies by providing an GrIS-wide data
set covering the fate of nearly 10,000 supraglacial lakes during the 2018 and 2019 melt seasons. We first develop a
new automated new time series classification method that incorporates optical and microwave imagery to classify
GrIS supraglacial lakes into four categories: (a) Refreeze, (b) rapid drainage, (c) slow drainage, and (d) buried.
We then apply our method to supraglacial lakes detected during the 2018 and 2019 melt seasons, enabling us to
compare lake characteristics between the two years, and provide new insights into factors controlling lake
evolution and drainage.

We demonstrate substantial interannual variability in lake evolution between the low-melt 2018 and high-melt
2019 seasons, a finding that is robust to uncertainty in our classifications. An increasing proportion of lake
drainage events in the warmer, high melt year may indicate a non-linearity in the potential for hydrofracture with
increasing summer air temperatures. We further provide evidence for several high elevation lake drainage events,
above the previously hypothesized 1,600 m elevation hydrofracture limit (Poinar et al., 2015). Our results
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additionally suggest that mean lake depth is related to drainage potential, as the proportion of draining lakes
increases with mean depth. However, surprisingly, we find deeper non-draining lakes during the lower melt
season of 2018, a topic that should be the focus of future work. The novel supraglacial lake classification method
presented here, and the unique resulting data set, provide important new insight into lake drainage and refreeze
and will be useful tools in future GrlIS supraglacial lake and hydrofracture research.

Data Availability Statement

GrIS supraglacial lake outlines from the 2018 and 2019 melt seasons can be found at: https://zenodo.org/records/
4813833 (Dunmire, Banwell, Wever, et al., 2021). All satellite imagery used is freely available on Google Earth
Engine (GEE; Gorelick et al. (2017)) at the following GEE identifier snippets—Sentinel 1: ee. ImageCollection
("COPERNICUS/S1_GRD”), Sentinel 2: ee. ImageCollection ("COPERNICUS/S2_HARMONIZED”), and
Landsat 8: ee. ImageCollection ("LANDSAT/LC08/C02/T1_TOA”). CARRA data is publicly available on
Copernicus' C3S Climate Data Store (Schyberg et al., 2020). Time series model classification code, training data,
and output is publicly accessible on Zenodo (Dunmire et al., 2025).
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