A deep active learning framework for the detection of
subsurface meltwater lakes on Antarctic ice shelves
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Background

lake surface expression

(not always present)

- Meltwater buried in the shallow
subsurface of ice shelves is an understudied P
feature of Antarctic surface and firn layer

hydrology

- Continent-wide detection and continued

monitoring require automated methods,

deep learning-based approaches have proven .
successful in Greenland™ " impemeatieice

impermeable ice

Figure 1: Idealised schematic of a buried lake on an Antarctic ice shelf.

A Needle in an Ice Stack

- Buried lakes are not reliably
detectable in optical imagery,
necessitating the use of
microwave imagery

- They are an extremely rare
class, requiring methods to
address severe class imbalance

- Ground truth labels are
uncertain, due to ambiguities
in interpretation of SAR
backscatter

40 m resolution
(S1 EW) 10240 m
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Figure 2: Sampling grids for Antarctic ice shelves overlain on LIMA mosaic (Bindschadler et al., 2008), zoom shows
dimensions of one individual grid cell.
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Figure 3: Exemplary grid classification for Shackleton Ice Shelf. Left shows land, ocean, and ice-shelf masks (Data from
the SCAR Antarctic Digital Database, 2025), highlighted in red are grid cells belonging to neighbouring ice shelf. Right
shows classified gridcells, where dark blue is ocean, mid blue is ocean margin, light blue is ice shelf, yellow is lateral

Training data sampling:

- Gridding of ice shelf bounding boxes,
disregarding ice shelves < 420 km?* as well
as ice shelves without Sentinel-1 SAR
winter data availability

- Classify grid cells based on land, ocean,
and ice-shelf mask, disregard open ocean
and overlapping cells

- Random sampling 10% of available cells
with forced equal weighting across 7
Antarctic regions

- Enrich rare class by manually sampling
known buried lake locations (as well as
sampling similar SAR signatures such as
blue ice areas)

Data preparation:

- Sentinel-1 SAR (HV polarisation) used to
investigate meltwater ponding in the
shallow subsurfaceP!*

- Two seasonal composites (early winter:
Apr/May, late winter: Sep/Oct), mean
composites to enhance data availability
and minimise speckle noise

- REMA DEM added as topographic relief
primary driver of meltwater distribution

- Per-tile normalisation and random year
assignment based on full seaonal coverage

- Labelling of SAR image tiles while
consulting Sentinel-2 optical image
timeseries to characterise melt regime
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margin, green is land, and brown is coastline.

I What's Next?

- Training, testing, and tuning the model
- Applying the model across ice shelves

Are you an expert on Wilkins Ice Shelf or C-Band SAR interpretation?
Have a look at my timeseries and help me identify these features!
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- Pool-based active learning framework mitigates
labelling cost and scarcity; the most informative
instances to annotate are chosen from pool of
unlabelled data

- Human-in-the-loop workflow: train model - class
predictions on unlabelled data (inference) > select
most uncertain instances to label = retrain model

- ResNet-50 Encoder with domain-relevant
pretraining on Sentinel-1 SAR imagery (SSL4EO
dataset)?!

- ASPP Bottleneck gives multi-scale context, giving
context to ambiguous patches of SAR imagery and
allowing detected lake sizes to vary™

- U-Net Decoder with skip connections preserves
high-resolution spatial detail, capturing even small
compact lakes

Active Learning Framework and Model Architecture
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Figure 4: Proposed model architecture for BuriedLakeNet, a semantic segmentation model designed to detect buried lakes in Antarctica. Core architecture consists of in-domain (SAR) pre-trained ResNet-50 encoder, ASPP
Bottleneck, and U-Net decoder. Model takes three channel input of two seasonal SAR composites and one REMA DEM tile, output is binary lake classification..




