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Abstract. Supraglacial lakes on the Greenland Ice Sheet drain through physically distinct pathways: hydrofracture, moulins,
lateral stream routing, and crevasse-fields. Each drainage mechanism carries unique implications for ice sheet dynamics. Exist-
ing automated classifications reduce each lake’s drainage behavior to a time-series of scalar values representing the observed
water surface-area and classify each lake based on drainage rate (e.g., rapid vs. slow). This scalar reduction conflates phys-
ically different drainage mechanisms, which can only be determined through consideration of full spatio-temporal tracking.
Here we introduce a human-benchmarked, machine learning-ready benchmark dataset that pairs full Sentinel-2 multispectral
satellite imagery time series with human-expert-labels assigned for N = 1679 supraglacial lakes in the central-west basin of
the Greenland Ice Sheet during the 2018 (n = 679) and 2019 (n = 1000) melt seasons. The dataset is formatted as per-lake
CF-1.8 NetCDF files each containing: six Sentinel-2 reflectance bands at 10 meter spatial resolution and daily cadence over
the 153 day melt season (1 May to 30 September); a per-pixel binary cloud mask; co-registered lake water masks (both static
and dynamic); and the human-assigned drainage classification labels. We accompany the dataset with a baseline deep learning
classifier, demonstrating the utility of the dataset both in deep learning workflows and in extending lake drainage classifica-
tion from rate-based to mechanism-based. The dataset is released through the Stanford Digital Repository under a CC BY 4.0

license, and the accompanying open-source sat—tile-stack preprocessing software under an MIT license.

1 Introduction

The surface of the Greenland Ice Sheet (GrIS) experiences seasonal partial melting from approximately May to September,
producing a network of supraglacial meltwater features, namely streams and supraglacial lakes (henceforth ‘lakes’). This sur-
face meltwater influences ice sheet surface mass balance through direct mass removal via runoff, surface albedo feedbacks,
and dynamical feedbacks on ice flow (Chu, 2014). The last of these has drawn particular attention from the glaciological com-

munity because some lakes are observed to drain directly into the ice via hydraulic fracturing, or hydrofracture, in which the
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entire lake volume propagates a fracture through the full ice thickness. This fresh surface-to-bed pathway transports surface
meltwater to the bed over a matter of hours to days (e.g., Das et al., 2008; Tedesco et al., 2013). Once at the bed, this meltwater
interacts with the subglacial hydrological system, reducing frictional coupling between the ice and the bed, and thereby increas-
ing transient ice flow velocities throughout the melt season (e.g., Zwally et al., 2002; Bartholomaus et al., 2008; Bartholomew
et al., 2011; Hoffman et al., 2011; Stevens et al., 2016). On shorter timescales, the basal traction loss due to surface-to-bed
transfer of meltwater perturbs the stress state of the overlying ice (Stevens et al., 2015, 2024; Rines et al., 2026b; Stevens et al.,
2026), which is hypothesized to be responsible for the hydrofracturing of other surrounding lakes (Christoffersen et al., 2018).
As such, the dynamical consequences of these events span timescales from hours to decades: extending from the immediate
velocity and stress pulses following a single drainage event, to the seasonal evolution of the subglacial drainage system that
lake-drainage events help shape (Nienow et al., 2017; Andrews et al., 2014).

As dynamic as it is, hydrofracture is not the only pathway by which surface meltwater reaches the bed. Moulins, which are
vertical conduits that may persist across melt seasons (Catania and Neumann, 2010), are responsible for routing the majority
of supraglacial meltwater to the subglacial system across large portions of the GrIS ablation zone (Smith et al., 2015; Koziol
et al., 2017). Moulins and hydrofracture events are not always independent phenomena: hydrofracture is a principal mechanism
by which new moulins form (Hoffman et al., 2018). Once formed, these moulins can continue to deliver meltwater to the bed
for the remainder of the melt season and even reactivate in subsequent years, serving as a persistent surface-to-bed meltwater
pathway (Catania and Neumann, 2010; Banwell et al., 2016; Andrews et al., 2022). Notably, Hoffman et al. (2018) estimates
that the majority of moulins in their study area (which is within the central-west region of the GrIS that we consider here) could
have only formed under the elevated tensile stress produced during lake hydrofracture drainage events. Thus, hydrofracture-
driven lake drainage events, and the moulins they create, are a primary control on the spatial distribution of surface-to-bed
connections, and therefore exert a control on the dynamical behavior and stability of the ice sheet as a whole.

Lakes also exhibit other terminal behavior through the melt season, and these other drainage mechanisms each carry their
own physical significance. Lakes may drain laterally, whereby water overtops its basin rim and routes meltwater through
supraglacial stream channels to downstream features (e.g., another lake, a moulin, or off the ice sheet edge). This type of
drainage redistributes water within the supraglacial hydrological network and connects to the water budgets of neighboring
lakes (Catania et al., 2008; Banwell et al., 2013). Lakes may also be situated in crevasse fields, many of which experience
drainage into that field of pre-existing fractures, either through a dispersed drainage or sometimes a sudden distinct hydrofrac-
ture, and represent a distinct mode of meltwater transport relevant for ice sheet dynamics (Lampkin et al., 2013; Chudley et al.,
2021, 2025). Finally, some lakes exist through the full melt season without experiencing a drainage of any type. Due to their
catchment topography, these lakes are hydrologically isolated from the broader supraglacial network for the duration of the
melt season, though they continue to receive melt inputs from surrounding ice melting. Properly distinguishing among all five
of these drainage-mechanism outcomes is critical for resolving distinct physical processes with distinct consequences for ice
dynamics, surface hydrology, and the distribution and formation of surface-to-bed drainage pathways.

Though accurate identification and tracking of these drainage events at scale is central to constraining GrIS hydrology and

surface mass balance, classifying these events is far from a trivial task. Previous classification work has relied predominantly
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on observable time-window thresholds applied to coarse spatial resolution optical imagery whereby a lake in which the surface
area decreases by a specified fraction within a fixed time window (typically 2 to 6 days) was classified as rapidly draining
(Selmes et al., 2011, 2013; Morriss et al., 2013; Doyle et al., 2014; Williamson et al., 2018b). Across the existing literature,
these drainage rate-based classifiers estimate the share of lakes that drain rapidly each year ranges from ~ 13% to ~ 45%,
depending on the ice-sheet region, year, and detection method, with rapidly draining lakes representing a clear minority of the
lake population (Selmes et al., 2013; Williamson et al., 2018b; Cooley and Christoffersen, 2017; Dunmire et al., 2021, 2025).
While these threshold-based approaches established the foundational statistics for rapid drainage events, they conflate distinct
physical processes under a single behavioral label. For an ice-sheet modeler, these rapid events would most naturally be
attributed to hydrofracture. Recently, Dunmire et al. (2025) extended this body of work by training time series classification
models, such as long short-term memory (LSTM) recurrent neural network architectures (Hochreiter and Schmidhuber, 1997),
on combined Sentinel-1 microwave backscatter and Sentinel-2 optical reflectance time series (Torres et al., 2012; Drusch et al.,
2012). In doing so Dunmire et al. (2025) developed an automated classification for nearly 10,000 GrIS lakes across the 2018
and 2019 melt seasons, classifying each individual lake into one of four categories: refreezing, rapid drainage, slow drainage,
and buried.

A fundamental limitation persists, however, across all current approaches: they reduce the behavior of each lake to a scalar
time series of the observed surface area, and classify lake type from the resulting one-dimensional time-series sequence,
henceforth called a water surface-area curve. Though this approach aligns with the rate-based classification taxonomy, this
scalar projection discards important geomorphometric contextual information that is essential to distinguishing underlying
drainage mechanisms (e.g., hydrofracture) from drainage rate (e.g., rapid). Two lakes with visually indistinguishable scalar time
series can drain via different physical processes, leading to fundamentally different hydrological and ice dynamical outcomes
with downstream effects for understanding ice sheet evolution and sea level rise contributions. For example, a hydrofracture
event and a lateral drainage can both produce a sharp drop in lake area over a single day (e.g., Figure 4 c), but only the
former delivers water from the surface to the bed at the location of the lake. Recently, Ryan et al. (2026) demonstrated, using
high-resolution satellite imagery, that cascading rapid lake drainages may be driven by supraglacial hydrological connections
(streams), further motivating the need for lake drainage classifications based on full spatio-temporal context extractable from
satellite imagery time series.

The information to separate these processes is not described solely in the surface-area curve, but rather the full, transient
morphologic and morphometric context of the lake and its surroundings. This necessary information is preserved in multispec-
tral imagery time series which can be obtained at near regular cadence from public satellite datasets. Thus, resolving drainage
mechanism from satellite observations therefore requires both (i) a labeled time-series dataset in which lakes are characterized
by mechanism rather than drainage rate, with the underlying spatiotemporal context preserved, and (ii) a manual labeling pro-
tocol that can be operationalized into an automated, deep-learning-based pipeline capable of extending the dataset beyond what
hand-labeling alone can feasibly support. In this paper, we present the framework for achieving both of these goals directly

from publicly available datasets.
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Here, we introduce a benchmark dataset for supraglacial lake drainage mechanism classification on the GrIS. The dataset
covers lakes in the central-west (CW) GrIS drainage basin (Rignot and Mouginot, 2012) during the 2018 and 2019 melt seasons,
which were cooler and warmer melt seasons, respectively. Specifically, the ice sheet surface meltwater volume nearly doubled
between these subsequent years, with 3.55 km?® in 2018 compared to 6.84 km? in 2019 (Zheng et al., 2023; Dunmire et al.,
2025). The GrIS-wide supraglacial lake population grew by 60% from 3846 to 6146 lakes, with total lake surface area more
than doubling from 1242 km? to 2569 km? (Dunmire et al., 2025). The dataset thus retains the two years as distinct populations.
The dataset provides per-lake labeled NetCDF files which are readily ingestible by machine learning (ML) models. Lakes were
manually labeled into five drainage mechanism categories based on interpretation of the imagery time series: no drainage
(ND), hydrofracture (HF), moulin drainage (MD), lateral drainage (LD), and crevasse drainage (CD). The dataset spans two
contrasting melt seasons in the same drainage basin, which together enable a direct test of cross-year generalization (i.e.,
training on labeled lakes from one melt season and evaluating on labeled lakes from another). To our knowledge, this is the
first publicly available dataset that pairs full spatiotemporal imagery with drainage mechanism labels for GrIS supraglacial
lakes, and the first to frame drainage mechanism classification as a benchmark task for deep learning on multi-modal Earth
observation data.

Manual labeling is tractable for the 1679 lakes presented here, but becomes quickly untenable at the scale required for
GrlS-wide, multi-year inference. Dunmire et al. (2025) identified 3846 and 6146 lakes in the 2018 and 2019 melt seasons,
respectively, across the full GrIS, and lake populations and distributions continue to shift from year to year as melt extent and
inland expansion of lake presence evolve with the warming climate (e.g., Leeson et al., 2015; Tedstone and Machguth, 2022;
Fan et al., 2025). With hand-labeling of each lake taking a human expert ~ 2 min to complete, the ~ 5000 lakes per year puts
the labeling task at > 160 per-labeler human hours of labeling effort annually. We therefore accompany the dataset with a
baseline spatiotemporal deep learning classification model which ingests imagery sequences and outputs a predicted drainage
mechanism. This approach expands the classified dataset population with each new year, without requiring an extensive and
laborious manual labeling effort. We have also developed a custom paradigm for manually labeling the satellite imagery time
series (SITS) tasks, which we share in this paper accompanied by an open-source application to enable ease-of-implementation
for future labelers.

Machine learning has been shown to be effective in classifying surface hydrological features in polar glacial settings. In par-
ticular, ML methods have been developed for mapping surface meltwater (e.g., lakes, slush, ponds, and supraglacial channels)
using Sentinel-1, Sentinel-2, and Landsat 8 imagery across Antarctic ice shelves (e.g., Dirscherl et al., 2020, 2021; Dell et al.,
2022; Corr et al., 2022). This has enabled tracking the evolution of Antarctic meltwater extent through time across the available
satellite record (e.g., Dirscherl et al., 2021; Dell et al., 2024; Baumhoer et al., 2026). ML models have also been demonstrated
as powerful tools for detecting and tracking the evolution of supraglacial lakes across the Greenland Ice Sheet. Notably, Wang
and Sugiyama (2024) deployed a random forest algorithm to map and track the evolution of supraglacial lake sizes for Heilprin
and Tracy glaciers in north west Greenland from 2014 to 2021. Dunmire et al. (2025) used a deep learning algorithm to classify
lake drainage events based on a dataset of temporal lake extent evolution across Greenland in the 2018 and 2019 melt seasons.

As an extension of this foundational work, we build a dataset from satellite imagery time series, which captures full spatio-
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temporal context of supraglacial lake drainages. This dataset enables the classification of drainage mechanism of Greenland
supraglacial lakes, something that has yet to be automated in the existing literature.

The remainder of this paper is organized as follows. Section 2 describes the construction of the dataset, including the
input data sources, the sat-tile-stack imagery preprocessing pipeline, the manual labeling protocol, and its associated
graphical user interface (GUI) that we developed into an open-source application. Section 3 presents a baseline deep learning-
based classifier model, which operationalizes automated extension of the dataset. Section 4 specifies the published dataset file
format, access instructions, and license information. Section 6 discusses intended use cases of the dataset, results, and known

limitations. We share our conclusions in section 7.

2 Dataset construction

To build this dataset, we combine Sentinel-2 multispectral imagery time series; co-registered scalar surface-area time series
from Dunmire et al. (2021); static, per-lake lake extent boundary masks from Dunmire et al. (2025); time-evolving surface
water masks we derive from the normalized difference water index (NDWI) (Sect. 2.3); and, drainage mechanism labels we
assign manually. This dataset spans N = 1679 supraglacial lakes in the central west (CW) drainage basin of the GrIS across
the 2018 and 2019 melt seasons (Figure 1). We represent each lake in a standardized ML-ready NetCDF file containing daily
cadence imagery at 10 meter spatial resolution with six spectral bands from Sentinel-2: red (B04), green (B03), blue (B02),
near-infrared (NIR; BOS8), and short wave infrared (SWIR; B11, B12) (European Space Agency, 2015).

This section describes the data sources and our dataset construction pipeline (Sect. 2.1); the per-lake imagery preprocessing
we perform with our open-source sat-tile—stack software (Sect. 2.2); the dynamic lake masking pipeline we develop
for this dataset (Sect. 2.3); the manual labeling protocol and inter-rater validation (Sect. 2.4); and the resulting dataset statistics
(Sect. 2.5). All components as described below are combined into the final open-source dataset (Figure 2). We provide details

for accessing the data in Sect. 4.
2.1 Data sources

The dataset draws on two primary data sources: multispectral imagery from Sentinel-2, and supraglacial lake outlines and
scalar water surface-area time series from the Dunmire et al. (2025) inventory. All inputs are restricted to the CW drainage
basin of the GrIS as defined by Rignot and Mouginot (2012), in order to match the same basin definition, melt seasons, lake
IDs as in Dunmire et al. (2025). Figure 2 shows the compilation and structure of how we construct an example dataset sample,
including the per-lake imagery time series, the scalar water surface-area time series, the static lake boundaries, the dynamic

water masks, and the assigned drainage mechanism labels.
Sentinel-2 multispectral imagery.

We use Level-2A bottom-of-atmosphere reflectance from the European Space Agency’s (ESA) Sentinel-2 mission (Drusch

et al., 2012), accessed via Microsoft Planetary Computer’s SpatioTemporal Asset Catalog (STAC) interface (Source et al.,
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Figure 1. Study area and lake classification distributions. (a) All supraglacial lakes identified by Dunmire et al. (2021) across the 2018
and 2019 melt seasons within the central-west region of the Greenland Ice Sheet. The red box delineates the spatial extent of panel (b).
(b) Zoomed-in view of the central-west region, showing the N = 1679 labeled lakes, plotted as their static lake boundary polygons from
Dunmire et al. (2021) and colored by the human-assigned drainage mechanism class from this study: no drainage (ND, red), hydrofracture
(HF, green), moulin drainage (MD, blue), lateral drainage (LD, orange), and crevasse drainage (CD, purple). Between panels are pie charts
showing the per-class labeled population distributions for the 2018 (top) and 2019 (bottom) melt seasons showing clearly the class imbalance

(differences) between the two melt seasons. Basemap is from ESRI World IMagery (Maxar, Airbus).

2022). For each lake, we retrieve all available Sentinel-2 acquisitions intersecting a lake-centered window between 1 May
and 30 September of the melt season in which the lake was identified, spanning the full melt-season window during which
lakes form, evolve, and drain for central west Greenland. We include six of the thirteen Sentinel-2 spectral bands, selected
to span the visible and infrared regions of the spectrum relevant to lake water detection and cloud discrimination: B0O2 (blue,
490 nm central wavelength, 10 m native resolution), BO3 (green, 560 nm, 10 m), B04 (red, 665 nm, 10 m), BO8 (near-infrared,
842 nm, 10 m), and B11 (short-wave infrared, 1610 nm, 20 m native, resampled to 10 m). The visible and NIR bands provide

the radiometric basis for lake water detection and morphometric tracking via indices such as NDWI (McFeeters, 1996), while
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Figure 2. Dataset construction workflow. External data sources (blue, ESA Sentinel-2 L2A multispectral imagery accessed through Microsoft
Planetary Computer STAC catalog and the static lake boundary polygons and pwater Water surface-area time series from Dunmire et al.
(2021, 2025)) are processed by our open-source sat—tile—-stack package (green) into four co-registered per-lake data products (yellow):
the time-resolved multi-band Sentinel-2 reflectance tile stack (Sect. 2.2), the dynamic NDWI-derived water mask water_mask_ndwi
(Sect. 2.3), the static lake_boundary polygon raster, and the scalar fractional water surface-area time series p_water (Sect. 2.1). The
expert human labeling process via the graphical user interface (GUI; pink, Sect. 2.4.3) draws on the per-lake NetCDF files and produces
labels in a CSV file. All five streams are then co-registered onto a common UTM grid and time axis via the coregister.py routines and
embeddeed as top-level CF data variables into a single CF-1.8 compliant NetCDF per lake (red), yielding the 1679 self-contained per-lake
files of the published dataset. The right-hand panel (red) illustrates the contents of a representative published file (e.t., CW2019_2330.nc):

the on-disk xarray schema (top) and visualizations of each of the five embedded data products (bottom).

the B11 band supports cloud and snow discrimination. In addition to these six reflectance bands, we use the Sentinel-2 Level-
2A Scene Classification Layer (SCL), a per-pixel categorical classification generated by the Sen2Cor processor (Louis et al.,
2016; Main-Knorn et al., 2017) that assigns each pixel to one of twelve land-cover and atmospheric classes (including cloud
shadow, cloud medium probability, cloud high probability, thin cirrus, snow/ice, water, vegetation, and bare soil). We use this

during stacking to derive the binary cloud mask (Sect. 2.2)
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Lake outlines and water area time series from Dunmire et al. (2025).

The lake population analyzed in this work is a subset of the GrIS-wide supraglacial lake inventory published by Dunmire
et al. (2025). In particular, we limit the scope of the dataset to lakes located within the central-west drainage basin as this area
represents one of the most well-studied regions in terms of dynamic supraglacial hydrology (e.g., Das et al., 2008; Stevens
et al., 2015; Smith et al., 2015; Christoffersen et al., 2018; Lai et al., 2021; Stevens et al., 2024). Dunmire et al. (2025)
identified 3846 lakes across the full GrIS in 2018 and 6146 in 2019; of these, 679 in 2018 and 1000 in 2019 fall within the
central-west basin and constitute our dataset population. For each lake we use two products from the published Dunmire et al.
(2025) dataset: the static lake boundary polygon, derived from the maximum lake extents in the 2018 and 2019 melt season
and originally published in Dunmire et al. (2021), and the daily water surface-area (percentage) scalar time series (Pwater)s
derived by Dunmire et al. (2025) from masked Sentinel-2 reflectance over the melt season. We note that Dunmire et al. (2025)
incorporates scalar time series from other sources such as Sentinel-1 satellite aperture radar (SAR) backscatter to encode
spatio-temporal behavior that can distinguish between drainage modes such as buried and frozen. For consistency with our
Sentinel-2 imagery use, we use only the scalar time series from the Sentinel-2 imagery derived by Dunmire et al. (2025). The

baseline classifier (Sect. 3) consumes only the scalar time series and the RGB imagery.
NDWI-derived dynamic lake masks

We additionally include a set of dynamic, time-step-dependent surface water masks, a product not included in the dataset
from Dunmire et al. (2025). Whereas the static lake boundary masks represent the maximum spatial extent of each lake per
melt season, the dynamic surface water masks evolve through the melt season and capture the time-varying water boundary as
the lake fills and/or drains and/or refills. These dynamic masks enable a more physically faithful representation of lake water
evolution through the season and may be of particular value to downstream applications that require sub-seasonal resolution
of water and lake shoreline evolution. The dynamic masks are included in the published dataset. A detailed description of the

dynamic masking pipeline is provided in Sect. 2.3.
2.2 Per-lake imagery preprocessing with sat-tile-stack

We construct per-lake Sentinel-2 imagery time series tile stacks using sat-tile-stack, an open-source Python package
that we developed for this work. The sat-tile-stack package is built to support reproducible, ML-ready preprocessing
of satellite image time series (SITS) for any dynamic geographic target. The package handles STAC-based scene discovery,
geographic windowing, re-projection, temporal aggregation, data normalization, and serialization to CF-compliant NetCDF
file format. The full sat-tile-stack codebase is publicly available (see Sect. 4).

The sat-tile-stack software is a general-purpose tool for building per-target SITS from STAC catalogs and exposes
several user-configurable parameters that determine the structure of the output. In particular, users may select (i) any STAC
collection with appropriate band or asset structure, including Sentinel-2 L2A, Sentinel-1 GRD, and Landsat Collection 2 L2;

(ii) any subset of bands or assets from those collections; (iii) the spatial footprint of the per-target window, as a square of
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arbitrary pixel extent at arbitrary spatial resolution (with a warning issued if the requested resolution is finer than the sensor’s
native resolution); (iv) the temporal cadence of the output, as any offset alias (e.g., daily, 2-daily, weekly, monthly); (v) the
aggregation rule for combining multiple observations within a cadence window (e.g., pixel-wise mean, nearest-in-time, first,
or last); (vi) whether to apply robust per-image median and interquartile-range (IQR) normalization of reflectance values; (vii)
which per-pixel cloud masking method to apply, with currently supported options being the Sen2Cor Scene Classification Layer
(SCL) and the SWIRT1 threshold method of (Williamson et al., 2018b), or user-supplied custom callable; and (viii) whether
to rasterize a user-specified polygon mask from a GeoJSON source onto the output grid. For the dataset presented here, we
use a specific configuration suited to supraglacial lake drainage mechanism classification from Sentinel-2 imagery, described
step-by-step in the remainder of this subsection.

For each lake in the labeling population, the preprocessing pipeline executes the following steps:

1. Lake-centered window definition. Given the lake centroid, the pipeline computes a square window at a user-specified
pixel extent and spatial resolution, centered on the lake centroid. For this dataset, we set the pixel extent to 512x512
pixels and the spatial resolution to the native Sentinel-2 10 m (parameters (iii), above), yielding a 5.12 x 5.12km field
of view per lake. This window is sized to capture the lake itself together with its immediate spatial contexts such as
outlet streams, nearby lakes, surrounding crevasse fields, and moulins, all of which are essential for a human labeler (and
subsequently a ML classifier) to distinguish the drainage mechanism. The bounding box passed to the STAC search is
oversized by a factor of 1.1 relative to the final window to ensure full coverage after reprojection to the output grid in

step 3, below.

2. STAC scene discovery. The pipeline then queries Microsoft Planetary Computer’s STAC API for all Sentinel-2 Level-2A
scenes intersecting the oversized lake window between a user-specified time window, which we set to the melt season
bounds of 1 May to 30 September in 2018 and 2019. No cloud cover pre-filter is applied at the scene level (i.e., the STAC
query filter eo: cloud_cover < 100 returns all available scenes), so that all acquisitions are retained regardless of
scene-level cloud cover. We do this because Greenland is cloudy and we still expect some meaningful visual information

to exist even if the scene is partially cloud-obscured.

3. Re-projection, temporal aggregation, and same-day scene combination. The set of returned STAC items is passed to the
stackstac library (Joseph, 2024), which lazily constructs a four-dimensional data arrays in xarray of shape [time,
band, y, x] from the STAC asset URLs. Reprojection to a common spatial grid, which is necessary for ML approaches,
is performed by stackstac using the EPSG code of the first STAC item returned by the search, which for Sentinel-2
Level-2A products corresponds to the local Universal Transverse Mercator (UTM) zone of the Sentinel-2 tile covering
the lake. All requested bands are resampled to a uniform, 10 m spatial resolution on this common UTM grid. Pixels
for which every requested band is simultaneously zero (e.g., the Sentinel-2 nodata convention at scene boundaries) are

converted to NaN to prevent any biasing in downstream aggregation.

The raw stack is then resampled to daily cadence by grouping all scenes acquired on the same calendar day and taking

the pixel-wise mean across them, which serves as the same-day multi-scene combination step. In particular, when a lake
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window straddles a Sentinel-2 tile boundary or is covered by overlapping orbits, the multiple scenes on a given day
are combined into a single seamless daily composite. The pixel-wise daily mean naturally handles mosaic boundaries
(e.g., overlapping pixels are averaged, non-overlapping pixels retain their single-scene values) and propagates NaNs. The
resulting daily stack is re-indexed onto a regular, 153-day calendar grid spanning 1 May to 30 September in each year.
Tiles from calendar days lacking Sentinel-2 observations are filled with NaNs to preserve a fixed temporal shape for
downstream ML models. For this dataset, we choose daily cadence and pixel-wise mean aggregation, both of which are
user-configurable parameters (parameter v). Alternative cadence and aggregation rules are available for applications with
different temporal sampling or scene-blending requirements. Per-scene cloud cover from the STAC eo: cloud_cover

property is aggregated to the same daily grid.

4. Radiometric normalization. The sat-tile-stack package offers an optional per-frame, per-band robust rescaling

step in which each daily 512 x 512 tile is centered on its median, divided by its interquartile range (Pr5 — Pa5), and
min-max rescaled to [0, 1], with NaN no-data pixels preserved. For the dataset presented here, this normalization is in-
tentionally disabled. That is, the pixel values written to the reflectance data variable are the raw Sentinel-2 L2A
digital numbers (DN) as delivered by Microsoft Planetary Computer, cast to £1oat 32. These values have not been di-
vided by the quantification value (2 = 10000 nor shifted by the ESA-applied additive offset bygset. We follow Sentinel-2
community convention in naming the variable reflectance and the variable’s 1ong_name attribute documents that
the stored values are “raw surface-reflectance digital numbers”. Surface reflectance values are recoverable via p = (DN+
bofiset )/ Q using the per-timestep boa_add_of fset coordinate and the dataset-level s2_quantification_value
attribute. Leaving normalization off when building this dataset enables downstream users to decide their preferred nor-
malization scheme without regenerating the imagery stacks. The derived binary cloud_mask, being a categorical flag

rather than a reflectance measurement, is unaffected by any choice of reflectance normalization.

. Per-pixel cloud masking. A binary cloud mask is computed for each daily image using the Sentinel-2 Scene Classification

Layer (SCL). Pixels classified by Sen2Cor into any of the following four classes are flagged as cloud-contaminated:
cloud shadow (SCL class 3), cloud medium probability (class 8), cloud high probability (class 9), and thin cirrus clouds
(class 10). All other pixels, including snow/ice (class 11), water (class 6), bare soil (class 5), vegetation (class 4), and
unclassified pixels (class 7), are marked as clear. The resulting binary mask is written into the per-lake NetCDF as a
top-level uint8 data variable named cloud_mask, sharing the (time, vy, x) grid of the spectral reflectance so

that downstream users can apply a cloud-aware filtering without recomputing the mask.

The sat-tile-stack package currently implements two built-in cloud masking methods: the SCL-based mask de-
scribed above and the SWIRI threshold method of Williamson et al. (2018b), with an additional hook for a user-supplied
callable. For this dataset, we use the SCL-based mask for its availability (SCL ships as a standard asset alongside the spec-
tral bands in every Sentinel-2 Level-2A product) and for its use of a rich multi-class atmospheric classification. We note,
however, that the SCL classification is known to occasionally confuse bright ice, snow, and cloud surfaces on high-albedo

polar targets; users requiring an alternative cloud product can rebuild the per-lake stacks with sat-tile-stack con-
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figured for the Williamson et al. (2018b) SWIR1 threshold or a custom callable, in either case re-running the pipeline
rather than modifying the published files.

. Serialization. After all processing steps, the data array is cropped from the oversized 1.1x working window back to

the final 512 x 512 pixel window centered on the lake centroid, pixel values are cast to f1oat32, and the per-lake
stack is written to a single CF-1.8 compliant NetCDF file using the write_netcdf utility. The on-disk file from
this stage holds two core data variables. The first is reflectance, which is of shape [153,6,512,512] over dimen-
sions [time, band,y,x], containing the six raw Sentinel-2 L2A digital numbers (DN) for bands B04, B03, B02, B0S,
B11, and B12 as f1oat32 (RGB-first ordering on the band axis). Raw DNs are converted to surface reflectance via
p = (DN + borset ) /@, Where @ = 10000 is the Sentinel-2 quantification value (which itself is stored as a dataset-level
attribute) and bogset 1S the additive offset which the ESA changes per processing baseline. Both the per-timestep off-
set and the originating processing baseline are preserved as time-indexed coordinates. The second core variable is the
cloud_mask, of shape [153,512,512], which is a uint 8 CF flag variable derived from the SCL by flagging classes 3,
8,9, and 10 as cloud-contaminated (1) and all others as clear (0). Per-timestep scalar coordinates on the t ime dimension
include the aggregated scene-level cloud cover (eo_cloud_cover), the window-level NaN fraction (pct_nans), the
ESA processing baseline (processing_baseline), and the additive offset (boa_add_offset). Additional co-
ordinate variables record the numeric band index together with an auxiliary band_name short-name coordinate (e.g.,

"B04"), the spatial grid in UTM coordinates, the coordinate reference system (CRS).

In a second co-registration pass, the lake-extent products from Dunmire et al. (2021, 2025), the dynamic water masks
(Sect. 2.3), and the manual human-assigned labels (Sect. 2.4) are joined onto the same file as additional top-level data
variables: p_water (time, ), a f1loat 32 time series carrying the Sentinel-2-derived daily fractional water extent from
Dunmire et al. (2025), aligned to the stack dates by calendar day; lake_boundary (y,z), a uint8 raster of the
static maximum-extent polygon from Dunmire et al. (2021), rasterized onto the lake’s UTM grid; water_mask_ndwi
(time,y,x), the uint 8 dynamic NDWI derived surface water mask (Sect. 2.3); drainage_label, a scalar int8
CF flag variable holding the hard expert label with flag values 0—4 corresponding to ND, HF, MD, LD, CD; and
label_probability (class,), the float32 soft probability vector (Sect. 2.4.3), accompanied by class and
class_name coordinates. The free-text labeler notes and revisit flag are dataset-level attributes. Dataset-level attributes
document the CRS, spatial transform, resolution, STAC product metadata, and the processing history of the multi stage

build. The result is a single self-describing per-lake CF-1.8 compliant Net CDF file for each lake instance.

2.3 Dynamic lake masking

To complement the static lake boundary masks (Sect. 2.1), we additionally compute a dynamic, per-timestep water mask for
every lake directly from the reflectance provided by sat-tile-stack. A pixel is flagged as water where the blue-to-red

normalized difference water index (NDWI) exceeds a threshold:

(PB02 — PB04)

> 0.3, (1
(pBO2 + PBO4)
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Figure 3. Static lake boundary versus dynamic NDWI-derived water mask for an example supraglacial lake: CW2019_1848 (49.59°W,
68.56°N, Fig. ??). (Top) five Sentinel-2 snapshots spanning the 2019 melt season. (Bottom) the same imagery with two co-registered
water mask overlays: the static lake boundary polygon from Dunmire et al. (2021) (cyan) and the per-pixel per-day water_mask_ndwi

computed from the file’s own Sentinel-2 reflectance via NDWI masking (magenta, Sect. 2.3).

where p is reflectance (Kang Yang and Smith, 2013; Dunmire et al., 2025). The threshold of 0.3 was chosen as a middle
ground between threshold choices that have been made in existing literature, specifically 0.5 (Dunmire et al., 2025) and 0.15
(Williamson et al., 2018a). We found this choice effective in not over-including slushy areas that are not part of a lake. Pixels in
tiles with missing data are encoded as per-pixel NaNs. The dynamic mask is joined into the per-lake NetCDF as a time-varying
(time,y,x ) surface-water variable in the same co-registration pass that attaches the static boundary and pyater Series, and is

fully reproducible from the published reflectance via the single exposed threshold parameter (Fig. 3).
2.4 Labeling and validation

We assign each of the N = 1679 lakes in the dataset a drainage mechanism, which we classify by human visual interpre-
tation of the full Sentinel-2 optical imagery time series as produced by the sat-tile—stack pipeline (Sect. 2.2) in the
previous section. Here we describe the five-class taxonomy of lake drainage mechanisms (Sect. 2.4.1), our labeling proto-
col (Sect. 2.4.2), our soft probability paradigm, and the custom graphical labeling interface that we built for implementing
this paradigm. (Sect. 2.4.3). We present the resulting labeled set and quality control workflow (Sect. 2.4.4), and, finally, the

inter-rater agreement study used to quantify human labeling uncertainty (Sect. 2.4.4).
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24.1 Drainage mechanism taxonomy

We construct a first-of-its-kind five-class taxonomy of supraglacial lake drainage mechanisms, designed to granularly distin-

guish among the physically distinct pathways by which a lake’s water can be, or alternatively is not, removed from its basin

during a melt season (Figure 4). This differs from previous taxonomies (e.g., Dunmire et al., 2021) in that it categorizes lakes

based on their drainage mode, as opposed to drainage speed. Our taxonomy follows:

0.

No drainage (ND): The lake retains its water throughout the entire melt season without losing it through any outlet. The
lake may continue to receive meltwater inputs from its immediate surroundings, but, with respect to outflow, remains

hydrologically isolated from the broader supraglacial network.

. Hydrofracture (HF): The lake drains rapidly via the propagation of a water-filled fracture the length of the entire

ice thickness. Water is routed from the surface to the bed and disappears from view over a timescale of hours to days.
Hydrofracture events typically drain water from within the lake basin itself, and are often accompanied by visible fracture
scarps, remnant ice fragment blocks, and sometimes a persistent draining stream into the fracture feature (i.e., a newly
generated moulin) in the post-drainage imagery. Often the lake disappears quickly and leaves behind a baby blue-colored

empty lake basin in the days closely following the drainage. If a new moulin is generated, this is still classified as HF.

. Moulin drainage (MD): The lake drains directly into a moulin, which is a vertical surface-to-bed conduit which often

has a circular (or oblong) hole-like surface expression. The moulin must be visible in the tile (i.e., 512 x 512 pixels)
window for the purposes of this study. Out-of-tile moulins can occur but are not considered here, as detection of farther-
range moulins is beyond the scope of this work. Moulin drainages typically (but not always) proceed more slowly than
hydrofractures, and the moulin itself is often, but not always, located outside the lake’s water extent boundary, fed by a

connecting stream from the lake. Moulin drainages are not accompanied by the formation of an obvious fracture scarp.

Lateral drainage (LD): The lake drains via one or more outlet pathways (e.g., a stream) that route water laterally
across the ice sheet surface, either into another lake basin or out of the visible field of view of the imagery tile. Lateral
drainage redistributes water within the supraglacial hydrological network and does not, by itself, deliver meltwater from
the surface to the bed. In some cases, a lake may drain laterally via a stream to another lake basin, which then drains

englacially (HF or MD). In these cases, the initial lake in question is still classified as a lateral drainage.

. Crevasse field drainage (CD): The lake drains into a pre-existing field of surface crevasses. The crevasse field may

disperse the water laterally, vertically, or a mix of both, and may do so rapidly or slowly. Lakes that appear to experience
a distinct hydrofracture event (evidenced by a rapid drainage and a fresh scarp among the existing crevasses) are still
always considered crevasse drainage events. Lakes situated within or immediately adjacent to crevasse fields whose

water disappears into the field, even via an outlet stream, also fall into this class.

In our taxonomy, we consider these five classes to be mutually exclusive at the level of their dominant drainage mechanism.

345 We add this consideration by design to physically ground the taxonomy, in that each class corresponds to a distinct drainage
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pathway with distinct implications for ice-sheet hydrology, surface mass balance, and ice dynamics. The taxonomy is also
designed to be operationally distinguishable from Sentinel-2 time series imagery by an expert labeler with sufficient experience
and surrounding spatio-temporal context. This does not, however, mean that there are not lakes that might display characteristics
of multiple drainage types making it difficult for even a human expert to properly distinguish their class. The labeling process
is further confounded by, among other factors, the presence of cloudy days and no-data days, both of which limit observations
of the full seasonal context. In some cases, the distinguishing spatial features (e.g., HF scarp) may be small and transient, only
visible on the day of or after a drainage, which clouds and no-data days may obscure. Thus, we introduce probabilistic labeling

and inter-rater agreement metrics to reflect this unavoidable uncertainty (Sect. 2.4.3, 2.4.4).
2.4.2 Labeling protocol

To label each lake, a human expert reviews the full 153-frame Sentinel-2 imagery time series spanning 1 May to 30 September
of the relevant melt season, and assigns a probability distribution over the five classes with confidence granularity intervals of
25% (Sect. 2.4.3). The per-labeler class assignment is then determined as the label with the maximum value in the probability
vector. Labelers are discouraged from assigning a tie, but in the case of an unavoidable tie, the label is determined to be from
the class with a lower class ID number. For example, a tie between HF (1) and MD (2) defers to HF. This is by design to
generally defer the label of difficult-to-distinguish cases to the more dynamically consequential class. Class definitions and
edge-case handling rules are documented in a written labeling protocol that is distributed to all human labelers and accessible
from within the the labeling GUI (Sec. 2.4.3). The full protocol is reproduced in Appendix A. A human labeler always has the
option to flag any instance for revisit, as often happens when encountering edge-case lakes. We find the most consequential

edge-cases, and our chosen guidelines to be:

— HF vs MD: When a lake exhibits features of both hydrofracture and moulin drainage, for example when a HF event
evolves into a persistent moulin or when the imagery is consistent with either mechanism, the lake is labeled as HF. The
convention assigns ties to the more dynamically consequential class (e.g., HF marks the formation of a new surface-
to-bed pathway) and ensures that HF events are not systematically under-counted. There are several reasons that we
expect HF events could be systematically under-counted in Sentinel-2 imagery. HF scarps are sub-pixel scale in their
across-crack direction and may not be directly visible for this or other reasons (e.g., a frozen ice lid, cloudy days directly
following the drainage). As such, a visible HF scarp is not strictly required for the lake to be labeled HF. To account for
these uncertainties without under-counting HF instances, if a lake drains rapidly interior to its lake basin, and the labeler

can not demonstrate it is not a HF, in this paper’s protocol, it is labeled HF.

— Lake-to-lake drainage is always LD: When a lake drains via an outlet stream into the basin of another (e.g., downstream)
lake, the source lake is labeled LD regardless of how the downstream lake itself eventually drains. This prevents prop-
agation of a downstream lake’s drainage classification to an upstream lake’s classification and preserves the locality of

the mechanism label.
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— Outlet stream into a moulin is MD: When a lake drains via an outlet stream that visibly terminates in a moulin within
the 512x512 window, the lake is labeled MD rather than LD, on the grounds that the locally observable fate of the water
is delivery to the bed rather than lateral redistribution. When the outlet stream meanders out of frame, the lake is labeled
LD, since the downstream fate of the water cannot be confirmed from the visible scene available to the labeler (and

subsequently to the ML classifier).

— Crevasse-field-resident lakes are CD by default: A lake located within a crevasse field is labeled CD, including lakes
that drain via hydrofracture within the field. This choice reflects our belief that crevasse field drainages should be studied
more in depth, as they can exhibit a range of behaviors and are relatively under-studied. The one exception to this chosen
guideline is a lake that sits within a crevasse field, yet drains via a visible outlet stream that routes water out of the
crevasse field or the tile bounds, to be labeled as LD under this taxonomy. This distinction is made on the grounds that
when the downstream fate of the water leaves the scene, the labeler cannot reliably confirm that the water enters the
crevasse field. Thus, by this logic, lakes whose outlet streams remain in-frame and are observed to enter the surrounding

crevasse field, however, are CD and not LD.

— Inlet versus outlet stream disambiguation. Inlet streams (which deliver water to the lake) and outlet streams (which carry
water away from the lake) can be visually similar in single frames. Labelers are instructed to use the temporal evolution
of the lake’s water level to make this distinction (e.g., rising and stable water levels generally indicate stream inflow,
while falling water levels indicate stream outflow). Labelers are also instructed to apply the rule of thumb that streams

typically taper from wide to narrow in the direction of flow.
2.4.3 Soft-probability labeling and graphical interface

To support efficient and reproducible labeling, we developed a custom, browser-based GUI for the labeler to use during the
labeling task. This GUI is publicly available as part of the sat—tile-stack package (Fig. 5). The interface presents the
labeler with the lake-centered 512x512 imagery at the currently selected timestep, together with a frame slider that scrubs
through all 153 daily timesteps in the melt season. The labeler can review the full temporal evolution of the lake using the
mouse scroll wheel, the keyboard arrow keys, or by dragging the slider directly. For each lake, the labeler assigns a discrete
probability to each of the five drainage classes using a row of sliders on a right-hand panel, with the constraint that the five
probabilities (discretized to 25% intervals across classes) must sum to unity. The final class label in the dataset presented in this
study is the maximum of this probability vector across all labelers. But, we preserve the full soft-probability vector alongside
the hard label to enable downstream users to train against soft targets, to filter the dataset by per-lake label confidence, or to
define their own decision rules.

The soft-probability paradigm reflects a deliberate design decision: drainage mechanism is not always unambiguously iden-
tifiable from Sentinel-2 imagery alone. Forcing labelers to employ a hard, one-hot class on every lake discards genuine
epistemic uncertainty that is intrinsic to the labeling task and informative for model training. For example, a lake labeled

(HD=0.0,HF =1.0,MD =0.0,LD = 0.0,CD = 0.0) represents an unambiguous hydrofracture event. In contrast, a lake
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labeled (HD =0.0,HF =0.75,M D = 0.25,LD = 0.0,C'D = 0.0) represents a drainage in which the labeler is reasonably
confident in assigning an englacial drainage mechanism, but is not fully confident whether this occurs through MD, HF, or
potentially both. Both labels are scientifically meaningful and are preserved in the published dataset.

In addition to class probability sliders, the GUI provides the following: a notes field for free-text annotations on individual
lakes (preserved in the dataset), a “Flag for revisit” button for marking lakes that may require a second pass (often used for
ambiguous lake instances), a “Skip” button for deferring lakes to a later time in the labeling session, and real-time labeling
progress and class distribution charts that update as labels are submitted, providing the labeler with continuous feedback on
their progress and the evolving statistical summary of the dataset composition. Navigation through the sample of lakes is
supported through a sample list panel on the bottom right showing labeled, flagged, and unlabeled lakes. Compared to ad-hoc
labeling workflows in which the labeler must manually load and inspect imagery for each lake outside of a structured interface,
we find that the GUI reduces labeling time per lake by a factor of ~ 2. The GUI is launched with simple command line interface
(CLI) calls, which point to the directory containing NetCDF (.nc) files built with sat-tile-stack and comma-separated
value (.csv) files into which the labeler is populating with the labels, via the GUIL.

2.4.4 Label set and inter-rater agreement

All N =1679 lakes in the dataset (679 from the 2018 melt season and 1000 from the 2019 melt season) were labeled by
the lead author (Labeler 1, J. H. R.) following the protocol described in Sect. 2.4.2. The lead author’s labels constitute the
primary labels. The inter-rater agreement statistics reported here provide a quantitative characterization of label uncertainty
against which the primary labels can be calibrated. In particular, to quantify the reproducibility and epistemic reliability of
the drainage mechanism labels, we conduct a three-labeler inter-rater agreement study on a stratified random subset of the
labeled lakes (Figure 6). From the full N = 1679 labeled lakes, we drew a subset of 200 lakes, with 100 from the 2018 melt
season and 100 from the 2019 melt season. These were selected by stratified random sampling such that the class distribution
within each year’s subset was matched, within sampling variability, to the class distribution of the corresponding full year.
This stratification ensures that the inter-rater agreement statistics are not dominated by the most common class and provide
informative agreement estimates for each of the five classes individually on an annual basis.

Two additional labelers (N. B. C. and E. L.), both co-authors of this work and following the same labeling protocol
(Sect. 2.4.2), independently labeled each of the 200 lakes in the inter-rater subset. The three labels from the three labelers
have an overall agreement of 72.5% with pairwise agreements of 80.0% (between Labelers 1 and 2), 83.0% (between Labelers
1 and 3), and 79.5% (between Labelers 2 and 3). The 3-labeler comparison yields a Fleiss’s « (?) of 0.754, with pairwise
Cohen’s x values of 10 = 0.744, k1,3 = 0.781, and k9 3 = 0.738 (Cohen, 1960). Notably, the three labelers diverged most
strongly for their classifications of the MD class, likely reflecting the difficulty of detecting a moulin drainage from Sentinel-2
satellite imagery. The inter-rater subset is identified in the published dataset so that future users can isolate the multiply-labeled
lakes for their own analyses, and the labels from all three labelers are preserved alongside the primary lead-author labels for

full transparency. We emphasize that the lead-author labels remain the primary labels for dataset use; the inter-rater statistics
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Table 1. Class distribution of the central west (CW) basin label set across the 2018 and 2019 melt seasons.

Class 2018 2019 Total
ND 99 (14.6%) | 137 (13.7%) | 236 (14.1%)
HF 95 (14.0%) | 184 (18.4%) | 279 (16.6%)
MD 79 (11.6%) | 163 (16.3%) | 242 (14.4%)
LD 253 (37.3%) | 327 (32.7%) | 580 (34.5%)
CD 153 (22.5%) | 189 (18.9%) | 342 (20.4%)
Total 679 1,000 1,679

provide a quantitative bound on the reproducibility (uncertainty) of the primary labels, along with an empirical estimate of

label noise that downstream users should consider when estimating model performance.
2.5 Dataset statistics and partitioning

The class distribution across the full N = 1679 lake dataset is summarized in Table 1 and is, as expected for a physically
grounded mechanism-based taxonomy, imbalanced. We describe the dataset statistics here, including both the class imbalance,
distribution shift between years, and splitting the dataset into distinct subsets for model training. The largest class (LD) is
roughly three times the size of the smallest class (MD) in 2018, but only approximately double the size of the smallest class
(MD) in 2019. These shifts in the class balance reflect variable lake presence and meltwater dynamics between different melt
seasons. We partition the dataset into training, validation, and test splits along two complementary axes. These splits are
distributed as JSON lake-ID lists alongside the dataset (see Sect. 4). Our baseline training pipeline reads these ID lists directly

for reproducibility. Below are the two axes along which the dataset is partitioned for two different training folds.

— Combined split. All N =1679 labeled lakes (679 from CW2018 and 1000 from CW2019) are randomly pooled and
partitioned into training (70%, n = 1175), validation (20%, n = 336), and test (10%, n = 168) subsets by class-stratified
random sampling. The class distribution within each subset matches the parent pool distribution to within 0.23 percentage
points across all five classes, and the train and test subsets themselves agree on every class proportion to within 0.03-0.25

percentage points (largest gap: ND; smallest: LD).

— Cross-year split. The full CW2018 dataset (679 lakes) is held out as the test set, so that the model, trained on the
2019 season alone, has no exposure to observations from the 2018 season during training and validation. The CW2019
pool (1000 lakes) is partitioned into training (n = 800) and validation (n = 200) subsets by class-stratified random
sampling, with class distributions matching the CW2019 pool. This leaves us with a total split of training (48%,n =
800), validation (12%,n = 200), and testing (40%,n = 679) data. This cross-year protocol is the primary generalization
benchmark for the dataset and underlies the cross-year experiments reported in Sect. 6. The protocol directly evaluates
whether a model trained on one melt season’s lake population can predict drainage mechanisms in another season, and it

operationalizes the intended use of the dataset as a living dataset for ice-sheet-wide, multi-year extension of the labeled
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population. Notably, the CW2018 test set exhibits an inter-annual distribution shift relative to the CW2019 training pool.
For example, the most imbalanced class (MD) has 4.7% lower representation in CW2018 as compared to CW2019. This

train/test split thus probes inter-annual generalization in the case of slight distribution shift.

The two splits differ in their use of an in-distribution test set: the first split reserves 10% of the dataset as an in-distribution
test set indiscriminate of inherent changes in the observations, like observation year. By contrast, the second split with-
holds the entire CW2018 population from the model fit as the test set, and therefore partitions only the CW2019 pool
into training and validation. For the data-scaling experiments reported in Sect. 6, the combined-split training set is pre-
ordered using a class-balanced algorithm. At each step, the algorithm selects the next lake from the class with the low-
est current count. This way, the first /N identifiers in any set form a class-stratified subset for every N < 1175. Nested
training subsets at N € {200,400,600,800,1000} are then taken as the first N entries. This guarantees monotone inclusion
(N =200 C N =400 C ---) while preserving the parent class distribution at every subset size. The split assignments are re-
leased as JSON lake-ID lists alongside the dataset (Sect. 4) so that all dataset users can reproduce the exact training, validation,

and test partitions used in this work.

3 Baseline deep learning classifier

Above we demonstrated how a human-benchmarked dataset can be composed for two melt seasons in the central west Green-
land region. However, this type of manual labeling quickly becomes intractable across decades and continental scales. For
example, we estimate that the total human hours spent on the labeling effort for the dataset presented here exceeds 150 hours.
This estimate does not include the start-up time costs of building the dataset generation and labeling (e.g., GUI) workflows. MLL
approaches can provide a compelling framework for automatically extracting drainage signature from multi-temporal satellite
observations. Dunmire et al. (2025) demonstrated the utility of an automated approach by applying deep-learning enabled
classifiers to one-dimensional lake features for lake fate classification. However, this approach is limited to predicting on scalar
water surface-area time series, and does not include sufficient external geospatial information from the overall scene to be com-
patible with our mechanistic taxonomy. We extend the Dunmire et al. (2025) machine learning model to incorporate spatially
resolved time series, rather than only scalar summaries, by implementing a model architecture capable of jointly modeling spa-
tial structure and temporal evolution. The convolutional long short-term memory (ConvLSTM) network, originally introduced
by Shi et al. (2015) for precipitation nowcasting from radar imagery, provides exactly this capability and has been used previ-
ously for Sentinel-2-based crop and land cover classification (e.g., RuBwurm and Kérner, 2018). We build directly upon this
lineage in our baseline classifier model, employing a ConvLSTM-based architecture to classify drainage mechanism from both
the surface-area curves like Dunmire et al. (2025), and additionally from the fully resolved imagery time series. In doing so,
we extend the value of this dataset to the glaciological community, by demonstrating a successful workflow for classification
of lake drainage by mechanism.

The model, training code, split files, and trained weights will be released a part of a companion paper (Sect. ??). In this paper,

we demonstrate that—even with a fixed architecture, a single set of hyperparameters chosen a priori, and no hyperparameter
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or architecture search—this approach provides a better baseline than training on water surface-area time series alone. This
baseline classifier, by design, resolves drainage mechanism, distinguishing among the five designated classes: no drainage,

hydrofracture, moulin drainage, lateral drainage, and crevasse drainage.
3.1 Architecture

The classifier, LakeDrainageClassifier,is a multi-stream temporal recurrent neural network with two parallel branches
that process two co-registered input streams contained directly in the prepared dataset (imagery and scalar water surface-area
time series), concatenate their encoded features, and pass the result to a classification head (Figure 7). This classification
head outputs a probability distribution over the five drainage mechanism classes. The model has on the order of @(100,000)

trainable parameters in this baseline configuration. The two input streams from the NetCDF-based dataset are:

— Imagery input data stream: The imagery branch consumes a four-channel image sequence of shape [Time, Channel,
Height, Width] = [153,4,512,512], where the four channels are three of the six available reflectance bands (red, green,
blue) plus the static lake boundary mask from Dunmire et al. (2021), broadcast across the time axis. The lake boundary
mask is loaded as a fourth channel of the input tensor and broadcast across the time axis, however the baseline model
reported here does not consume the mask in its convolutional encoder. The sequence is passed frame-by-frame through
the network, which learns spatiotemporal features end-to-end, rather than reducing the imagery to a scalar summary at
each timestep. Global average pooling (GAP) over the spatial dimension of the final hidden state yields a 32-dimensional

imagery feature vector as a latent representation of each lake’s spatiotemporal characteristics.

— Scalar water presence input data stream: The daily cadence scalar water surface-area time series pyater from Dunmire
et al. (2025) (Sect. 2.1) is the most direct observation of drainage available to the model. Namely, a drainage event is, by
definition, a decrease in lake water area. We provide the time series as a scalar sequence rather than expecting the model
to derive it implicitly from the imagery since it is a direct physical descriptor of each lake’s hydrological activity. The

water area sequence is normalized to the [0, 1] range per-lake.

The resulting feature vectors are processed and the final output is a five-dimensional vector of logits, one per drainage
mechanism class. Class probabilities are obtained by softmax at inference time. A weighted cross-entropy loss is used at

training time, and operates directly on the logits. More complete model architecture details are described in Appendix B.
3.2 Model training

All training hyperparameters are fixed a priori and listed in Table 2. Below, we detail a few key components of the modeling
effort: normalization, class weighting, training data, and reproducibility.

Normalization. The imagery is stored on disk as raw Sentinel-2 L2A digital numbers in £1oat32 (Sect. 2.2). At training
time, the reflectance channels of the imagery tensor are divided by the Sentinel-2 quantification value ) = 10,000 and clipped
to [0, 1], yielding surface-reflectance values bounded to [0, 1]. We omit the per-timestep additive offset bygset, from the conver-

sion (Sect. 2.2): all Sentinel-2 scenes in the CW 2018 and 2019 melt seasons covered by this dataset use processing baselines
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for which bygset = 0, so DN/Q is exact for this dataset. The lake mask channel is already binary and needs no further prepro-
cessing. The water area scalar sequence pyater is normalized per-lake to [0, 1] within each melt season to remove differences of
scale between lakes (Dunmire et al., 2025). All NaN values in the imagery (e.g., days without Sentinel-2 coverage) are replaced
with zeros at batch construction time. The NaN values in the pyate, time series are filled by forward-fill.

Class weighting. To mitigate the class imbalance in the training set (Sect. 2.5), the cross-entropy loss is weighted by inverse
class frequency within each training fold. For example, for class c with training set count class n. and total training population
count N, the loss weight is given by w, = % where K = 5 is the number of classes. This normalization places higher loss
weight on the underrepresented classes (e.g., HF, MD) and lower weight on the overrepresented classes (e.g., LD).

Training data. For the combined-year baseline, training uses all 1175 lakes in the training set, validation uses the 336 lakes
in the validation set, and the test set consists of 168 lakes (Sect. 2.5). For the cross-year baseline, training and validation use the
800 lake and the 200 lake CW2019 splits, respectively (~ 32% smaller than the training set size for the combined experiment).
The test set is the full 679 lakes in the CW2018 set. The same fixed split-ID files are used on every run so that the results are
reproducible and comparable across configurations.

Training metrics. The model is evaluated based on the F score metric,

_ 2-precision - recall 2TP

F -
'™ Tprecision +recall  2TP +FP + FN’

2)

where TP, F P, and F'N are true positives, false positives, and false negatives, respectively. This measures the harmonic mean
of precision and recall, jointly penalizing both false positives and false negatives. We evaluate the baseline classifier under two
training configurations (the combined split and the cross-year split, Sect. 2.5), all using the same fixed architecture (Sect. 3.1)

and trained for up to 400 epochs. Training- and validation-set metrics are reported at the best-validation-macro- £} epoch.

Table 2. Baseline classifier training configuration.

Parameter Value

Input imagery shape  [Time, Channel, Height, Width]= [153,4,512,512]
Optimizer Adam (Kingma and Ba, 2017)

Dropout p = 0.3 (only employed in the classification head)
Loss function Inverse-frequency weighted cross-entropy

4 Data availability

The benchmark dataset is publicly available through the Stanford Digital Repository (Rines et al., 2026a), released under a

Creative Commons Attribution 4.0 International (CC BY 4.0) license. The deposit contains the following.

— Per-lake NetCDF files for all N = 1679 labeled lakes (679 from CW2018 and 1000 from CW2019), organized as
CW_2018/ and CW_2019/ subdirectories with one file per lake named CW{year}_{lake_id} .nc. Each file is
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self-contained and follows the CF-1.8 conventions. As described in Sect. 2.2, each file contains: a reflectance
variable of shape (153,6,512,512) carrying the six Sentinel-2 spectral bands (B04, B03, B02, B08, B11, B12) as raw
float32 L2A digital numbers, convertible to surface reflectance via the per-timestep boa_add_offset coordinate
and the dataset-level s2_quantification_value attribute; the derived binary cloud_mask variable of shape
(153,512,512); the daily fractional water surface area series p_water of length 153 from Dunmire et al. (2025); the
rasterized maximum-extent lake polygon lake_boundary from Dunmire et al. (2021); the dynamic NDWI-derived
water mask water_mask_ndwi (Sect. 2.3); the expert-assigned drainage label as a scalar int8 CF flag variable
drainage_label together with the associated 5-class soft probability vector 1abel_probability over (ND,
HF, MD, LD, CD); per-timestep scalar coordinates eo_cloud_cover, pct_nans, processing_baseline, and
boa_add_offset; spatial coordinates and CRS metadata; and dataset-level attributes documenting free-text labeler

notes, the revisit flag, and provenance information (spatial transform, STAC source, processing history).

— Label CSVs mirroring the labels embedded in the NetCDF attributes, released as 1abels_CW_2018.csv and

labels_CW_2019.csv. Each row gives a lake’s canonical hard label, its soft-probability vector over (ND, HF, MD,
LD, CD), labeler notes, and revisit flag. The CSVs are the direct outputs of the labeling GUI (Sect. 2.4.3) and the canon-
ical label source consumed by the training pipeline. The embedded NetCDF attributes provide the same information in
a self-describing per-file form for users who consume the dataset one lake at a time. Separate CSV files provides the

three-labeler annotations for the 200-lake inter-rater agreement subset (Sect. 2.4.4).

— JSON split-ID files specifying the combined (70/20/10) and cross-year (train CW2019, test CW2018) partitions under

splits/essd_CW/ and splits/essd_CW_crossyear/, the nested stratified training-subset ordering used by
the data-scaling experiments (N € {200,400,600,800,1000,1175}), and the inter-rater agreement subset. All splits are
deterministic under random seed 42 and the nested ordering guarantees that each smaller training subset is a strict subset

of every larger one.

Dataset size and storage. The full benchmark dataset totals approximately 221 GB on disk: 85 GB for the 679 CW2018
lakes and 136 GB for the 1000 CW2019 lakes, averaging ~132 MB per per-lake NetCDF file. All raster data variables
(reflectance, cloud_mask, water_mask_ndwi, lake_boundary) are written with zlib compression, and
HDF5-chunked along their respective axes. The uncompressed per-lake total is ~1.04 GB (dominated by the 153 x 6 X
512 x 512 float32 reflectance array at ~963 MB), or ~1.75 TB across the full N = 1679 lake dataset, giving
roughly an 8 x compression ratio. The baseline classifier (Sect. 3) reads a four-channel subset of reflectance (red,
green, blue, plus the static lake boundary mask broadcast across the time axis) at training time, yielding a [T',C, H,W] =
[153,4,512,512] £1oat 32 input tensor of ~642 MB per lake; at the baseline batch size of 8 the corresponding training-
batch tensor is ~5.1 GB.

The following external datasets were used in the construction of the benchmark dataset and are cited in Sect. 2.1, and

reproduced, below.
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— Sentinel-2 Level-2A bottom-of-atmosphere reflectance imagery, accessed through the Microsoft Planetary Computer

STAC API (https://planetarycomputer.microsoft.com).

— Supraglacial lake outlines and daily water-area-fraction time series from Dunmire et al. (2021) and Dunmire et al. (2025),

available at https://zenodo.org/records/14587026.

5 Software availability

An open-source software package was developed for this work, released under the MIT license, and detailed below. The
sat-tile-stack package (https://github.com/jharlanr/sat-tile-stack): the satellite image time series preprocessing pack-
age described in Sect. 2.2. Supports STAC-based scene discovery, per-target geographic windowing, reprojection, resam-
pling to a common grid, user-configurable temporal aggregation, per-pixel cloud masking, optional polygon rasterization,
and serialization to CF-1.8-compliant NetCDF file format. The package has been tested against Sentinel-2 L2A, Sentinel-1
GRD, and Landsat Collection 2 L2 collections. It also includes the browser-based soft-probability labeling GUI (Sect. 2.4.3)
and the labeling protocol document (Appendix A) used to produce the canonical labeled dataset. The software repository
sat-tile-stack includes a demonstration directory (https://github.com/jharlanr/sat-tile-stack/demos), which includes an
example NetCDF file for lake 2019CW_1907 as well as two interactive notebooks which serve as tutorials for how to use both
the sat—-tile—stack software as well as the lake data in the dataset (Rines et al., 2026a).

6 Results and discussion

The novelty and utility of the dataset prepared here becomes clear when comparing drainage-class predictions from models
that consume the full spatio-temporal context available in this dataset like the ConvLSTM approach used in Section 3, to
predictions from models that are fit only on scalar representations of singular phenomena like lake area. In order to position
the 5-class mechanism task within the context of existing literature, we compare the cross-year model directly to the 4-class
classifier from the pioneering work of (Dunmire et al., 2025). In particular, Dunmire et al. (2025) used scalar representations
of lake dynamics, derived from Sentinel-1 and Sentinel-2 satellite imagery, to categorize lakes (including the same CW 2018
and CW 2019 lakes we use here) into one of four categories: refreezing, rapid, slow, and buried. These categories describe
observables that aren’t grounded in the underlying physical cause that is necessary for informing hydrological models in the
region. Informed by the needs of modelers, we moved our schema instead to describe the cause, rather than the rate-based fate,
of lake drainage. Because the two taxonomies are not identical, both schemes are projected onto a common 3-class physically
driven scheme: (no drainage, englacial, lateral; Fig. 8a). The (HF, MD, CD) classes in our scheme are englacial drainages,
meaning that the water disappears, at least in part, vertically into the ice body below. As many lakes draining via hydrofracture
are rapid, mechanistic interpretations of the rapid and slow classes from Dunmire et al. (2025) are englacial and lateral,

respectively, whereas refreezing and buried directly map to no drainage (Figure 8a).
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Under this projection (Figure 8b,c), our classifier achieves a 3-class macro F} score of 0.67 on val and 0.59 on test, exceeding
the corresponding 0.56 and 0.43 obtained from projecting the predictions of Dunmire et al. (2025) onto the same scheme. We
do not interpret this margin as evidence that the model architecture and approach is preferable to that of Dunmire et al. (2025).
Rather, we emphasize that the two are trained on different taxonomies and target different scientific questions. We interpret this
difference as motivation for further optimization of the 5-class classification task, as this would create a tool for the scientific
community to ask a distinct question, namely what was the physical pathway (mechanism) by which water was drained from the
lake. The principal value of the dataset lies in the rich, 5-class taxonomy itself, which preserves distinctions among physically
distinct drainage pathways that the 3-class projection collapses, and whose disambiguation depends on the spatio-temporal
context that deep learning architectures are well suited to explore.

Extending our analysis of the classifier, we focus on a cross-year experimental setup that quantifies how well our dataset
supports generalization across melt seasons within a single drainage basin. The baseline classifier is trained on the primary CW
2019 training data, with the representative model selected based on the macro (all classes) F score on the CW 2019 validation
set (N = 200). The model is evaluated on the full CW 2018 labeled set (N = 679) as a held-out cross-year test (Fig. 9). The
model achieves a 5-class macro Fj of 0.61 on val and 0.45 on test, both above the random baseline of 0.20. The drop in F}
score from the 2019 validation set to the 2018 test set likely reflects the cross-year class distribution shift between the two melt
seasons, which experienced substantially different melt forcing (Dunmire et al., 2021; Zheng et al., 2023).

The per-class performance breakdown is strongly stratified (Figs. 9,10). Crevasse field drainage (CD) is the most learnable
class on both splits (per-class F} of 0.84 on val and 0.71 on test) and the most visually unique in imagery (Fig. 4). Moulin
drainage (MD) is the least learnable, with a particularly large val—test drop (F} of 0.41 — 0.11); the remaining classes (ND,
HF, LD) cluster in the 0.44—0.68 range across both splits. The CD and LD lakes carry visually distinctive context (e.g., crevasse
fields, outlet streams) that the joint imagery and water surface area-time series inputs capture well. By contrast, HF and MD
lakes are distinguished by small, transient spatial features (e.g., fresh hydrofracture scarp, persistent moulin, ice blocks) that
are sometimes smaller than the 10 meter resolution of our imagery. On a similar note, MD versus LD lakes are visually difficult
to distinguish, even for an expert human labeler, as both often include an outlet stream and varied temporal drainage signatures.
This difficulty is reflected most strongly by the worst model performance occurring when distinguishing LD from MD (see,
e.g., Fig. 9).

We report here the results for the combined experiment, broken down spatially (Figure 10). In this experiment, we trained
on lakes from 2018 and 2019 and evaluated on validation and test sets, as described in Sect. 2.5. The 5-class macro F} is 0.55
on the 2019 lakes and 0.54 on the 2018 lakes, in contrast to the 0.61 — 0.45 drop of the cross year model, which was trained
on 2019 and evaluated on 2018 lakes. The per-class stratification described in Sect. 6 persists and is essentially year-invariant:
crevasse field drainage (CD) remains the most learnable class (F; of 0.80 and 0.86 on the 2019 and 2018 lakes, respectively),
while moulin drainage (MD) and hydrofracture (HF) remain the weakest. For example, in 2019, MD and HF predictions had
F1 scores of 0.36 and 0.47, respectively, and in 2018 the scores were 0.22 and 0.29, respectively.

These results suggest that closing the gap on these two smallest and most visually confounded minority classes may benefit

from training set expansion (i.e., more labeled data), but expansion alone will likely not suffice. Closing the gap will also require
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careful joint consideration of model architecture, complexity, hyperparameter configuration and tuning, additional input data
streams (e.g., dynamic masks of Sect. 2.3, NIR/SWIR), and explicit treatment of year-to-year distribution shift informed by
external factors like weather and surface temperature (and, eventually, basin-to-basin distribution shift). These methodological,

temporal, and spatial extensions are in progress and will be released as a future companion paper.

7 Conclusions

We have introduced a benchmark dataset for the classification of supraglacial lake drainage mechanism on the Greenland Ice
Sheet, covering N = 1679 lakes across the central-west drainage basin during the 2018 and 2019 melt seasons. The dataset is
packaged as standardized ML-ready CF-1.8 NetCDF files containing six Sentinel-2 reflectance bands at 10 meter resolution
and daily cadence between 1 May to 30 September. Each lake file includes co-registered static and dynamic lake masks, paired
water area percentage scalar sequences, and human-assigned drainage mechanism labels.

The five-class taxonomy (ND, HF, MD, LD, CD) (Sect. 2.4.1) distinguishes among physically distinct drainage pathways
while remaining operationally distinguishable from Sentinel-2 time series by trained human labelers under the documented
labeling protocol (Sect. 2.4.1). We demonstrate the ML-ready capabilities of this dataset in a baseline spatio-temporal classifier
task trained on the CW 2019 sets, and tested on the CW 2018 sets, demonstrating that the dataset supports a non-trivial 5-
class classifier whose 3-class projection performs at least as well as the projected predictions from existing approaches in the
literature on the same lakes (Figs. 9, 8). The per-class breakdown, the data scaling curve (Fig. B2), and the model performance
on validation and test sets indicate that model performance gains are to be expected from expansion of the labeled training set,
careful consideration of distribution shift, and model optimization (e.g., tuning, architecture enhancements).

The results above identify several important considerations. The class distribution is intrinsically imbalanced (Sect. 2.5), and
the per-class performance in the baseline ML classification task further suggests that labeled-set expansion may help improve
model performance. The geographic scope of the dataset is currently limited to the CW drainage basin, and therefore it should
not be assumed that models which are trained on this region will transfer out-of-the-box to other basins, particularly those with
substantially different lake morphologies and class distributions. Temporal coverage has gaps due to cloud cover and Sentinel-2
revisit constraints, which affects transient signals that are particularly important for the HF and MD classes. As such, inclusion
of a time series of binary flags indicating the usefulness of a tile at a given timestep may help the model’s awareness to these
complexities. The inter-rater reliability study (Sect. 2.4.4) indicates that even expert human labelers do not always agree on the
mechanism class. The published soft-probability vectors allow users to filter on labeler confidence or train a network explicitly
against soft targets.

We release the full dataset and software as described in Sect. 4 and Sect. 5, respectively. We intend this work to serve as a
benchmark for spatio-temporal supraglacial lake classification on the GrIS, but also note that this approach may be extended to
supraglacial lakes in the Antarctic and other spatio-temporal satellite imagery-informed classification tasks in which geomor-
phometric information is as important as reduced morphological descriptions of observed features (e.g., agriculture monitoring,

civil infrastructure monitoring).
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Appendix A: Labeling guidelines

The following text reproduces the labeling guidelines distributed to all human labelers and embedded in the in-app help panel

690 of the labeling GUI (Sect. 2.4.3):

Assign probability estimates for each drainage class. Probabilities must sum to 1.0. The label is automatically set to the class

with the highest probability (argmax). Use probability splits (e.g., 0.50/0.50) when uncertain. Flag ambiguous cases for revisit.

A0.1
695 :
700 A0.2
705 :
710 AO.;

ND, No drainage.

Lake does not drain its water in any way (laterally or englacially).
If there is any outlet stream, even a small one, it is not ND; that would be LD.
A lake can still be ND even if streams are visible, as long as those streams flow into the lake (inlets), not out of it.

To distinguish inlet vs. outlet: streams generally taper from wide to narrow in the direction of flow, but this can be tricky,

so check whether the lake level drops over time (outlet/drainage) or stays stable/rises (inlet only, likely ND).

HF, Hydrofracture (rapid in-basin drainage).
Rapid drainage (typically < 4 days) where water leaves mostly within the lake extent, not via a long outlet stream.
Supporting cues: fracture scarps, ice chunks (calved blocks), sudden area decrease.

A visible scarp is not required. Sentinel-2 is 10 m/pixel, but a hydrofracture itself may be only meters wide in its

across-crack direction, so the crack is often sub-pixel.

Default to HF when drainage is rapid and mostly in-basin, even without a clean scarp: the imagery already shows

evidence of a rapid englacial event, and you cannot demonstrate it was not a hydrofracture.

Moulin tie-breaker: a moulin observed in or near the basin during or after rapid in-basin drainage was possibly spawned

by the HF event (HF events often open new moulins). Visible moulin + rapid in-basin drainage — HF, not MD.

If truly unclear HF vs. MD — label as HF and flag for revisit.
MD, Moulin drainage.

Drainage into a moulin (vertical channel into the ice).
Tends to be slower than hydrofracture.

Moulin is often outside the lake extent; do not confuse with lateral drainage.
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Moulin must be visible within the 512 x 512 frame (water disappears into ice in-frame).

Moulins sometimes become more obvious later in the season after snow falls.

If a lake drains via an outlet stream that terminates in a moulin — label as MD.

If a lake drains via stream AND separately into a moulin — label as MD.
A0.4 LD, Lateral drainage.

Lake drains via an outlet stream or slush field.

If the outlet stream meanders out of frame (even if it might end in a moulin) — LD.

Lake-to-lake drainage is always LD: if a lake drains into another lake’s basin, even if that neighboring lake drains via

HF or moulin, the source lake is LD.

If a lake sits in a crevasse field but clearly drains via an outlet stream — LD, not CD.
A0.5 CD, Crevasse drainage.

Lake drains into a crevasse field.

Catastrophic HF-like drainage in a crevasse field — still CD.

Lake just outside/touching a crevasse field that drains — CD.

Lake drains via a stream into a crevasse field — CD.

Lake in a crevasse field but clearly drains via an outlet stream out of frame — LD, not CD.

Appendix B: Baseline classifier architecture and training details

The baseline classifier (LakeDrainageClassifier) is implemented in PyTorch and totals approximately 140,000 train-

able parameters. The architecture is summarized below; the full source code is released alongside the dataset (Sect. 5).
B0.1 Imagery branch.

The 4-channel imagery sequence ([T',C, H, W] = [153,4,512,512]) (3 RGB plus lake boundary mask) is loaded into the model.
Only the 3 RGB channels are processed frame by frame through a four-block convolutional encoder (FrontCNN). Each block
applies Conv2d (3 x 3, padding 1) — LeakyReLU — MaxPool2d (2 x 2), with a base channel count of 8§ that doubles at
each block (4 — 8 — 16 — 32 — 64), reducing spatial resolution from 512 x 512 to 32 x 32 through the convolutional blocks,

then resampled to 64 x 64 by an adaptive max-pool to the configured frontcnn_out_hw. The resulting per-frame feature
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Table B1. Macro-averaged metrics for the baseline classifier under the combined and cross-year training protocols (Sect. 2.5), evaluated at

the best-validation-macro-F; epoch, scored on the native 5-class taxonomy (ND/HF/MD/LD/CD). loss: cross-entropy loss; A: accuracy; P:

macro-averaged precision; R:macro-averaged recall, and F1 = 2 gig, Train rows are overfitting context, not performance claims.
Experiment ‘ Split ‘ n ‘ loss ‘ A ‘ P ‘ R ‘ I ‘

Combined Train | 1175 | 0.93 | 0.57 | 0.58 | 0.61 | 0.57
Combined Val 336 | 1.03 | 0.60 | 0.59 | 0.61 | 0.59
Combined Test 168 | 1.15 | 049 | 0.50 | 0.53 | 0.49
Cross-year | Train 800 | 0.70 | 0.72 | 0.72 | 0.74 | 0.72
Cross-year | Val 200 | 1.16 | 0.59 | 0.61 | 0.62 | 0.61
Cross-year | Test 679 | 1.44 | 048 | 0.48 | 048 | 045

maps are passed through a single-layer convolutional LSTM (ConvLSTM; Shi et al., 2015) with hidden dimension 32 and a
3 x 3 kernel, which integrates spatial features across the 153-step time axis. Spatial global average pooling over the final hidden

state yields a 32-dimensional imagery feature vector per lake.
B0.2 Scalar branch.

The per-lake min—max-normalized water-area time-series pywater 18 processed by a single-layer LSTM with input size 1 and

hidden dimension 16. The hidden state at the final timestep yields a 16-dimensional scalar feature vector per lake.
B0.3 Classification head.

The imagery and scalar feature vectors are concatenated into a 48-dimensional representation and passed through a single-
hidden-layer multi-layer perceptron (Linear 48 — 64 with ReLU and dropout p = 0.3, followed by Linear 64 — 5), pro-
ducing five-class logits. Class probabilities at inference are obtained by softmax over these logits. Training uses inverse-
frequency weighted cross-entropy applied directly to the logits (Sect. 3.2).

These hyperparameters are held fixed throughout this work as a reproducible baseline. Systematic exploration of architecture,
capacity, and additional input streams is deferred to subsequent work. The baseline classifier consumes three reflectance bands
(red, green, blue) of the imagery tensor together with the water surface-area time series, but the published dataset preserves
several additional streams that are not consumed by the baseline. These include the near-infrared (B08) and shortwave-infrared
(B11, B12) reflectance bands, the derived per-pixel cloud mask, the static lake boundary mask (Dunmire et al., 2021), the
dynamic lake-area masks (Sect. 2.3), the per-timestep eo_cloud_cover metadata, and the per-timestep pct_nans coor-
dinate. Their exclusion from the baseline reflects a deliberate choice to keep the reference classifier minimal and interpretable,

rather than a statement about their utility for future model variants.
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Figure 4. Representative examples of the five-class supraglacial lake drainage mechanism taxonomy from the 2019 melt season. (a) For
each class (ND: no drainage, HF: hydrofracture, MD: moulin drainage, LD: lateral drainage, and CD: crevasse drainage), Sentinel-2 images
from five key timesteps showing the example lakes’ evolution, with the lake’s daily fractional water surface-area extent series p_water from
Dunmire et al. (2025) plotted beneath. (b) Geographic locations of the five example lakes within the central west Greenland region (Esri
World Imagery basemap). Insets show each lake’s Dunmire et al. (2021) polygon filled in the class color. (¢) Per-class p_water time series
for the full labeled population of each class (faint color), with the time series mean (bold curve) and three representative lakes per class (black

curves) illustrating the variability in the scalar water surface-area time series p_water across (and within) classes.
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(a) Sentinel-2 RGB frame viewer
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v Submit & Next
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Figure 5. Labeling interface used to assign soft-probability drainage mechanism labels to each per-lake timestack (e.g., CW2019_1889
shown). (a) Main view: lake-centered Sentinel-2 imagery at the currently selected timestep, time-scrubbable by mouse scroll, arrow keys,
or (b). (b) Frame timeline slider. (¢) Per-class probability sliders, discretized at 25% intervals and constrained to sum to 1.0. (d) Hard label,
assigned as the argmax of the soft probability vector, below which sits free-text notes field. (e) Submit, back, skip and “Flag for revisit”
controls. (f) Pie chart of per-class label distribution. (g) Filterable sample list for access navigation across the full lake population. The GUI

is implemented in sat-tile-stack.labeling (Sect. 2.4.3) in our workflow.
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Figure 6. Comparison between three labelers’ classification of a random subset of n = 200 lakes (100 from 2018, 100 from 2019; Sect. 2.4.4).
Each panel shows a row-normalized pairwise confusion matrix between two labelers: (a) the lead author (Labeler 1) and Labeler 2, (b)
Labeler 1 and Labeler 3, and (c¢) Labelers 2 and 3. Within each panel, the cell at row ¢ and column j reports the count (top number) and
row-normalized fraction (percentage, colorbar) of lakes that the row-axis labeler assigned to class ¢ and the column-axis labeler assigned
to class j, P(column label | row label). Rows sum to 100 %. Diagonal cells quantify per-class agreement while off-diagonal cells display
disagreements. Overall three-labeler agreement is 72.5 %. Unsurprisingly, the largest pairwise disagreements concentrate along the MD row,

reflecting the visual difficulty of identifying moulin drainage from Sentinel-2 imagery at 10 m spatial resolution.
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LakeDrainageClassifier Architecture
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Figure 7. Architecture of the baseline LakeDrainageClassifier, a two-stream temporal recurrent neural network with ~140,000
learnable parameters (Sect. 3, Appendix B) which ingests the dataset (left, Sect. 2). The imagery branch (top) takes the per-lake Sentinel-2
time series and learns temporal evolution of spatial features in each frame, while the scalar branch (bottom) takes the daily water surface-area
time series p_water and learns its temporal evolution. The two multimodal datasets are joined together and passed through a fully connected
(FC) classification neural network to produce a prediction for drainage mechanism class (ND, HF, MD, LD, CD) which are compared to the
human-assigned hand-labels in the dataset (right). Square-bracketed tuples (e.g. [B,153,3,512,512], where B is batch size) denote tensor

dimensions at each stage as the data is processed by the network.

(a) Class mapping for direct comparison (b) F, — CW 2019 val (n = 200) (c) F,, — CW 2018 test (n = 679)
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Figure 8. Three-class comparison of the cross-year baseline (this work) compared to the automated time-series based classifier of Dunmire
et al. (2025) on the same lakes. (a) Class mapping diagram. Note that the two classification results are not directly comparable, as the
classes are not exactly the same. However, to assess the impact of incorporating spatial information from imagery (this work), we attempt a
preliminary comparison by mapping our 5-class taxonomy (ND, HF, MD, CD, LD) and the 4-class taxonomy (refreeze, buried, rapid, slow)
from Dunmire et al. (2025) onto a common scheme: no drainage (ND), englacial drainage (ED = HF + MD + CD; refreeze + buried), and
lateral drainage (LD; slow). (b) Per-class F; on the CW 2019 validation set (n = 200). (c¢) Per-class F'; on the CW 2018 test set (n = 679).

Both methods are scored against our 5-class manual labels projected to the common scheme.
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Cross-year baseline: trained on CW 2019, evaluated on CW 2019 val and CW 2018 test
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Figure 9. Cross-year baseline model results: trained on the CW 2019 training data and evaluated on the CW 2019 validation set (top row,
n = 200) and the held-out CW 2018 test set (bottom row, n = 679). Left: ground-truth (expert) class labels at each lake’s location. Center:
model predictions with per-class F; in the legend. Right: prediction outcomes showing correct (light color) and incorrect (crosses colored

by the true class).
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Combined baseline (trained on CW 2018 + 2019): evaluation lakes by year
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Figure 10. Combined baseline model results: trained on the combined CW 2018 + 2019 training data and evaluated on the held-out validation
and test lakes, showing 2019 lakes (top row, n = 307) and 2018 lakes (bottom row, n = 197). Left: ground-truth (expert) class labels at each

lake’s location. Center: model predictions with per-class F in the legend. Right: prediction outcomes showing correct (light color) and

incorrect (crosses colored by the true class).
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Figure B1. Confusion matrices for the cross-year baseline. Left: CW2019 validation set (n = 200). Right: CW2018 test set (n = 679). Rows

are true classes, columns are predicted classes, and cell shading is normalized within each row.
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(b) Loss curves (N, =1175)
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Figure B2. Data scaling curves and loss curves for the model under the combined training protocol. (a) Data-scaling curve: per-class and

macro-averaged validation F as a function of training-set size N € {200, 400,600,800,1000,1175}, with all other hyperparameters held

fixed at the values in Table 2. Each point is the peak over the run’s full training extent; macro F is logged every epoch but per-class Fi

only every 10, so per-class markers are sampled at the nearest 10-epoch checkpoint to the peak and need not average exactly to the overall

line. The dashed gray denotes the F3 score of random guesses (= 0.2) with no predictive power. (b) Train/validation loss for the canonical

N = 1175 run. The dotted line marks the best validation F; epoch (the model-selection checkpoint), after which the widening gap between

training and validation losses reflects overfitting.
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