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Introduction

The volume of Supra-glacial Lakes (SGLs) is an important parameter in our understanding the hydrology of the Greenland Ice Sheet (GIS). We have long been able to monitor the

appearance of lakes on the ice-sheets, measure their extents [4], approximate their depths from lake-bottom albedo[1], as well as track their sudden disappearance. While their

appearance makes it plain to estimate extents, the estimates of volume require also depth to be estimated. Methods like Watta [2] can provide lake depth estimates using the

IceSat-2 (IS2) Advanced Topographic Laser Altimeter System (ATLAS), which would be excellent if not for the narrow tracks and low revisit / transection rates. Due to the ephemeral

nature of these lakes, a relatively high revisit rate is desired. We therefore have performed experiments with a dual target ML model on optical imagery from Sentinel 2 (S2), which

can closer approximate a continuous monitoring.

Data Overview & Samples

We trained our model on data from the 79 NGlacier dur-

ing the melt-season of 2019 and 2022. Given an input of

Sentinel-2 (S2) satellites, our model is trained using do-

main experts-drawn lake extents over S2 images, while

the depth estimates are generated from the IceSat-2 (IS2)

dual-channel (weak/strong) beam-data.

Listed description in order of appearance in the figure 1

below.

IceSat-2 — Tracks processed by to depth-estimates,

clipped to bounds around lakes. Provided by DTU.

Lake extent annotations — Domain expert drawn

outlines of lakes.

Sentinel-2 data — Multispectral data over the area of

interest.

Figure 1: Depth labels, Lake extent labels, and RGB from Sentinel-2 respectively

A second glacier of Sermeq Kujalleq (Jakobshavn) was

also used by ASIAQ for validation purposes. The two

glaciers being on opposite sides of the GIS highlighting

the ability of our models to generalise.

Handling Data & Missing Labels

The data was provided as spatio-temporally bound ge-

ometries of the lakes, along with processed IS2 tracks

where these intersect the lakes. Due to the asyn-

chronous orbits there exists some disparity regarding

time-coverage, which we handle using a tunable parame-

ter for time-wise distance. For unsupervised learningwe

apply consistency-loss[8], which masks out inconsistent

predictions before applying backpropagation of the loss.
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Loss & Model details

We have based our models on the well known U-Net architecture[6] with 2 + 1 output channels; the first two for a
binary classification of lake vs. no-lake, pn, and the latter channel giving a depth estimate, pd. Naturally this means our

loss-function has to be a combination loss of classification using Focal Loss[3] (cross entropy) and a regression loss

using MAE.

L = −
∑

n

α(1 − pn)γ log (pn) + β

||Ω||
∑
Ω

|pd − yd|, (1)

where the red contribution is a weighted focal loss w.r.t the two classes of lake/no-lake. The blue contribution to the

loss is the MAE-regression, where Ω is the area of valid depth label pixels. Depth is predicted for the entire sample,
so as part of the post-processing chain we clip this to the extents of predicted lakes.

Figure 2: Model architecture with a cutout of the input given, and how the predictions from the model (left column of output) is compared to their respective labels

(right column). Both outputs are shown as semi-opaque overlays of the input.

Results & Validation

ASIAQ performed an independent validation of the unprocessed model predictions against radative transfer models

on , and verified our internal lake extent metrics with an F1-score of 0.885. The lake depths have some systemic
performance issues compared to the radiative transfer model used by Pope et al (2016)[5], and Sneed and Hamilton

(2007)[7]. These systemic issues are more pronounced towards the middle of lakes, where an indication of reversal

(bulge) can be seen. Most dramatically this is visible in Figure 3a. The other general issue was an underestimate of

depths, seen in figure 3b.

(a) (b)

Figure 3: Transections of two lakes, showing the mid-lake reversal error (bulge) on the left, and a more typical lake-bed with underrestimation example on the right

It is also pointed out by Pope et al, as well as others, that the radiative transfer methods seem to underestimate

the lake depths when using the red bands of Landsat 8 (LS8). This is a further indication that our model seems to

underestimate, though it seems to follow the lake beds silhouette in the transections, as seen in figure 3. Importantly:

these results are without post-processing, so a further tuning of the predictions should be part of any future post-

processing pipeline.

Conclusions and Future

Though there is a systematic under estimation of the depths, the projects shows promise. As seen in figure 3b (lake

11) the profile of the lake bed is fairly well captured, and the underestimate seems to vary from 0.5m at the tail

end, to a slightly larger diparity of around 0.7m at the deeper end. The existence of a predictable underestimate is

a positive sign. Ultimately this can be passed through a scaling post-processing step, which can further be tuned as

a learnable parameter that is sensitive to the overall illumination of the input image. Therefore we believe we are

now closer to an optical approach for continuous monitoring of SGLs on the GIS.
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