






Supraglacial meltwater collects as slush and supraglacial lakes on Greenland’s northern
outlet glaciers and is a key control on the region’s accelerating mass loss. Petermann
Glacier hosts one of the largest remaining ice tongues in northern Greenland, while the
ice tongue of neighboring C.H. Ostenfeld Glacier collapsed in 2003. Despite this, com-
parative study of these glaciers remains a gap in the literature, and no detailed inventory
of surface meltwater on Ostenfeld exists. Here, a random-forest classifier is adapted
from Antarctic ice-shelf methods and combined with a physically based lake-volume
formulation to map supraglacial lake and slush area, lake-feature elevation, lake volume,
and rapid drainage events on Petermann and Ostenfeld glaciers. Classification is car-
ried out for twelve melt seasons (2014–2025) using Landsat 8/9 imagery composited
into 2-day windows. The classifier returns 90.2% overall accuracy (𝜅 = 0.85; macro
𝐹1 = 0.90) across 2,556 unseen holdout pixels. Melt area displays strong interannual
variability, exceeding baselines by factors of 13.3 at Petermann and 4.8 at Ostenfeld,
with both glaciers experiencing peak area anomalies in 2023. Slush is the dominant area
component, with median slush-to-lake ratios of 8.8 at Ostenfeld and 4.9 at Petermann.
At Petermann, lake-maximum area, elevation, and volume share Pettitt change points
between 2017 and 2020, concurrent with grounding-zone retreat and rising velocity.
In 2024, despite a near-baseline melt area, Petermann produced the highest aggregate
drainage volume (34.5 Mm3) and the highest full-drainage count on record, reflecting
2023 melt carryover effects. JJA single-day peak 2 m air temperature accounts for 85%
(𝑅2 = 0.85) of the year-to-year variance in Petermann combined-maximum area but
only 25% (𝑅2 = 0.25) at Ostenfeld, while seasonal-mean temperature and downwelling
shortwave are weak predictors at both, consistent with melt driven by short warm excur-
sions on a cold-mean state at Petermann. The present work contributes the first detailed
slush-area and lake-volume dataset for Ostenfeld Glacier. This study shows that surface-
state carryover explains part of the divergence in surface-melt response under similar
climate forcing.
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The Greenland Ice Sheet (GrIS) is the largest cryosphere contributor to global mean
sea level rise (SLR) (Mouginot et al., 2019) and mass loss has accelerated in the last
four decades (Mouginot et al., 2019; Khan et al., 2020). The northern sector of the
GrIS (NGrIS) drains 40 % of the ice sheet by area and has experienced an accelerating
mass loss regime over the last three decades (Hill et al., 2017; Rignot et al., 1997).
Recent estimates put the NGrIS mass loss at 474 ± 30 Gt or 1.3 ± 0.1 mm in 2010–
2018 (Mouginot et al., 2019), with eight of eight surveyed northern ice shelves showing
widespread thinning, basal-melt acceleration, and grounding-line retreat (Millan et al.,
2023; Wilson et al., 2017).

Surface meltwater is a major control on dynamic mass loss through (i) structural weak-
ening via full column hydrofracture (Weertman, 1969; Benn et al., 2007; Scambos et al.,
2009; Lai et al., 2020), (ii) injection of meltwater to the base through the rapid drain-
age of supraglacial lakes (Das et al., 2008; Banwell et al., 2013; Chudley et al., 2019;
Christoffersen et al., 2018), (iii) and subglacial discharge of surface runoff through the
grounding zone (Prakash et al., 2025; Washam et al., 2020; Cai et al., 2017), among
other factors. Supraglacial lakes (SGLs) form when meltwater collects in topographic
depressions on the glacier surface and are the dominant surface meltwater feature by
volume (Moussavi et al., 2016; Dell et al., 2022); whereas slush (water saturated firn
that has been wetted enough to lose its dry optical and thermal properties without form-
ing a coherent surface pond) is the dominant surface melt feature by area (Dell et al.,
2024; Glen et al., 2025b).

Petermann Glacier is a major marine terminating outlet glacier in the NGrIS and hosts
one of the largest remaining ice shelves in the Northern Hemisphere (Münchow et al.,
2014). Neighboring C.H. Ostenfeld Glacier lost its floating ice tongue in 2002–2003,
and the drivers and long-term impacts of that collapse remain a gap in the literature (Hill
et al., 2017).

The goal of the present work is to characterize supraglacial lake and slush area, eleva-
tion, lake volume, and lake-drainage events on Petermann and Ostenfeld glaciers during
the 2014–2025 melt seasons to contribute to an improved understanding of NGrIS outlet
glacier dynamics. This project will use the generated melt response data to achieve the
following aims.

(i) Characterize inter-annual variability, multi-year structural shifts, and contrast the
surface-meltwater dynamics of the study glaciers using June-July-August (JJA) mean
and maximum melt response timeseries.

(ii) Report the spatial and temporal distribution of rapid lake-drainage events, and their
volume.

(iii) Quantify melt response relationship to ERA5-Land 2 m air temperature and down-
welling shortwave forcing.

(iv) Characterize the asymmetry in climate sensitivity between Petermann and Osten-
feld.
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The remaining sections take the following structure. The Background section presents
the relevant literature on Greenland Ice Sheet mass loss, surface meltwater processes,
Greenland floating ice tongues and subglacial discharge, and firn state. The Study Area
section introduces Petermann and Ostenfeld glaciers. The Methods section sets out
the remote-sensing data and the classification, volume-retrieval, and analysis workflow.
The Results section reports the mapped catalogue, melt-area and lake-volume timeser-
ies, anomaly and climate-forcing analyses, spatial structure of melt, and lake-drainage
events. The Discussion interprets the results, defends the methodology, and revisits the
four aims in a final Conclusions subsection.

The GrIS contributed 13.7 ± 1.1 mm (≈ 4930 ± 400 Gt) to global mean SLR between
1972 and 2018 (Mouginot et al., 2019). Mass loss has accelerated sixfold over that inter-
val, from a near-balance gain of 47±21 Gt yr−1 in 1972–1980 to a loss of 286±20 Gt yr−1

in 2010-2018, with 66 ± 8 % of that attributed to glacier dynamics and 34 ± 8 % to
surface mass balance (Mouginot et al., 2019; Khan et al., 2020). The dynamic com-
ponent is concentrated at marine-terminating outlet glaciers, where fast-flowing fringe
ice (> 100 m yr−1) thinned at 0.84 m yr−1 against 0.12 m yr−1 for slow-flowing ice in
the same climatic setting (Pritchard et al., 2009; Joughin et al., 2010; Box and Decker,
2011). Under RCP 8.5, the largest marine terminating outlet glaciers are projected to add
9.1 to 14.9 mm by 2100 (Khan et al., 2020; Mouginot et al., 2019). Ocean thermal for-
cing of the marine-terminating margins is noted as a key driver of this change (Straneo
and Heimbach, 2013; Cowton et al., 2018; Box and Decker, 2011; Washam et al., 2018).
The role of surface meltwater processes represents an additional, increasingly docu-
mented control which motivates the present work.

Meltwater from slush or supraglacial lakes at the surface increases both the likelihood
of fracture initiation and the depth to which a fracture will propagate in a water-filled
crevasse, the process of which is described mechanically as hydraulically assisted frac-
ture, or hydrofracture (Weertman, 1969; Van Der Veen, 1998; Benn et al., 2007; Lai
et al., 2020). Surface meltwater has been observed to propagate hydrofractures through
the ice column and rapidly drain supraglacial lakes to the bed on a scale of hours (Das
et al., 2008; Christoffersen et al., 2018; Chudley et al., 2019).

SGLs are seasonal meltwater pools that form on glacier surfaces and have been mapped
extensively on the GrIS (Williamson et al., 2018; Glen et al., 2025b; Miles et al., 2017).
In recent decades, the frequency of rapid and coupled lake drainage has increased, and
expansion inland and to higher elevations has been documented (Christoffersen et al.,
2018; Otto et al., 2022; Zhou et al., 2025). At Ryder Glacier, a 35-year record (1985–
2020) documents the first observed coupled lake-drainage event in 2002 and an increase
in single-lake drainage event frequency from 2000 onward (Otto et al., 2022). William-

2



son et al. (2018) identify 184 rapid drainage events during the 2016 melt season on a
12,000 km2 area of west Greenland. Rapidly draining small lakes (< 0.125 km2) ac-
counted for only 5.1% of the lake water volume released during drainage events, but were
associated with 105 additional moulin openings and 61.5% of the total post-drainage
runoff delivered through lake-opened moulins (Williamson et al., 2018).

Rapid lake drainage destabilizes local stress regimes. In situ observations of a rapid
partial drainage at a fast flowing west Greenland outlet glacier, show that a 1.25 km2

lake containing 7.3 × 106 m3 of water delivered 4.8 × 106 m3 to the bed in ∼5 h at a
peak discharge of 924 m3 s−1 (Chudley et al., 2019). The meltwater injection uplifted
the local ice surface by 0.55 m, and produced a short term surface-velocity increase
from 2.0 to 5.3 m day−1 at ∼ 4 km downstream of the basin (Chudley et al., 2019). The
change to shear and tensile stress regimes causes ice flexure in a wide area around rapid
drainages as the ice mass adjusts (Christoffersen et al., 2018). Drainage induce flexure
can open transient surface-to-bed pathways triggering cascading drainage of other lakes
as far as 80 km apart, at elevations as high as 2000 m a.s.l., and as far as 135 km from
the ice margin (Christoffersen et al., 2018).

Christoffersen et al. (2018) modelled a 9000 km2 Kangerlussuaq-sector domain forced
by 156 lakes and 663 observed drainage events in 2010, representing 0.43 km3 of water
transferred to the bed. Individual cascading events involved up to 124 lakes draining
over several days, with lakes as far as 80 km apart linked through stress perturbations.
For one event on 21 June, 26 lakes transferred 21 × 106 m3 of water to the bed, produ-
cing modelled surface-velocity increases of >5% over 4750 km2 despite basal-traction
reductions of >5% over only 233 km2; i.e., drainage events provoke the adjustment of
a wide area of the glacier to compensate for the mass vacuum left by accelerated ice
downstream of the event (Christoffersen et al., 2018). This mechanism is consistent
with the increasingly coupled drainage observed at Ryder Glacier, where lakes expan-
ded 5-15 km inland and 90–280 m upward between 1985 and 2020 and where coupled
drainage recurred in most years during 2010–2020 (Otto et al., 2022).

Slush (water-saturated firn or snow) forms where meltwater production exceeds vertical
drainage into firn pore space, especially where near-surface impermeable layers, ice
slabs, or firn aquifers limit percolation, and refreezing further reduces local permeabil-
ity. Slush increases the likelihood of hydrofracture (Lai et al., 2020) and can increase
firn density and thickness in low-permeability layers, reducing future storage capacity
(Glen et al., 2025a,b). Dell et al. (2024) found that slush accounted for 57% of mean
January meltwater area across all Antarctic ice shelves, and that including the lower al-
bedo of slush and ponded water increased modelled snowmelt by a factor of 2.8 across
five representative ice shelves.

Slush can occupy a significantly larger area of the GrIS than SGLs but displays high
interannual variability. In a ∼5800 km2 area of Russell–Leverett catchment in southwest
Greenland, slush remained minor in the low-melt 2018 season, reaching a peak area of
∼10 km2 on 25 July, but expanded rapidly in 2019 from 14.9 km2 on 3 July to 466 km2

on 1 August, a factor of ∼47 larger than the 2018 peak (Glen et al., 2025b). Its elevation
range also shifted upward between years, from 800–1700 m a.s.l. in 2018 to 1200–
2000 m a.s.l. in 2019, with the maximum mapped slush elevation increasing by ∼200 m
(Glen et al., 2025b). At continent scale, mean summer slush coverage between 2016-
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2024 is mapped at ∼2.9% (∼50,400 km2) of the GrIS, with ∼40% of that area occurring
over low-permeability ice slabs or firn aquifers (Glen et al., 2025a). Maximum slush
extent ranged from 1.2% of the GrIS (20,500 km2) in 2018 to 5.2% (90,300 km2) in
2019, and the mapped slush area was four to nine times greater than the combined area
of supraglacial lakes and streams in the same years (Glen et al., 2025a).

At the spatial resolution of long-term optical remote sensing catalogs (10 to 30 m for
Copernicus and Landsat respectively), SGLs tend to present as dark, delineated, flat-
surfaced features with short transition boundary zones. Water has low red/NIR/SWIR
reflectance and, for shallow supraglacial water, relatively high blue/green reflectance
(controlled by depth-dependent attenuation, see Sec. 4.5) (Philpot, 1989; Moussavi
et al., 2016). Threshold-based SGL classification exploits the contrast between pooled
water and the surrounding glacial substrate. In Greenland studies this is commonly
implemented with NDWI or NDWIice (Normalized Difference Water Index modified
for Ice) thresholds.

Note that while the literature generally agrees on standard NDWI wavelengths between
∼0.50–0.60 𝜇m (green) and ∼0.70–1.10 𝜇m (NIR), NDWIice does not enjoy the same
universality and several variants exist. This project uses the term NDWIice to refer to
the normalised difference of 0.450–0.515 𝜇m (blue, LS-08, -09 band 2) and 0.640–
0.670 𝜇m (red, LS-08, -09 band 4), as published by Dell et al. (2022, 2024).

SGLs can be reliably extracted with index thresholds. Miles et al. (2017) use a high
NDWIice threshold of > 0.5 to extract high confidence lake pixels, while Williamson
et al. (2018), using a dual Sentinel-2/Landsat 8 approach, set an NDWIice threshold of
0.25. Similar threshold ranges are used in more recent work, such as Glen et al. (2025b)
who classify lakes pixels using NDWI > 0.24 and NDWIice > 0.25. In large scale stud-
ies, multi-threshold approaches add explicit preprocessing steps to mask cloud, rock,
snow, and shadow and reduce the high rate of false positive commission error associ-
ated with threshold based approaches. Threshold approaches suffer commission error
when preprocessing fails to mask concomitants (e.g., cloud shadow, and debris covered
ice) or when extracting transitional classes (e.g. shallow water, slush, wet snow, blue
ice). Kang Yang and Smith (2013) show this directly for Greenland supraglacial streams,
where a spectral-shape method achieved 85.2 % success in slushy areas compared with
only 52.9 to 59.4 % for simple NDWIice threshold approaches.

Random forest (RF) machine-learning algorithms are demonstrated to be effective and
adaptive classifiers of both slush and SGLs, while also suffering lower error-of-commis-
sion rates when scenes are multi-class with cloud, rock, and shadow contamination (Dell
et al., 2022, 2024). Dell et al. (2022) trained an RF classifier for Antarctic ponded wa-
ter and slush and obtained expert validation accuracies of 84 % and 82 %, respectively,
finding that 64 % of Roi Baudouin Ice Shelf surface meltwater was slush and 36 % pon-
ded water during 2013–2020. Scaling an RF approach with Sentinel-2 imagery, Glen
et al. (2025a) reported overall accuracy of 97.5 % (𝜅 = 0.85), and F1-scores of 98.6 %
for slush and 86.4 % for non-slush, showing a slight overprediction bias. The ability
of RF approaches to class both slush and lakes across mixed, minimally preprocessed
scenes makes it suitable for automated, large-scale workflows.
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Recent work has demonstrated that surface runoff amplifies submarine melting of NGrIS
ice tongues when drained subglacially to the fjord, but modeled discharge estimates vary
(Cai et al., 2017; Prakash et al., 2023; Washam et al., 2020; Slater et al., 2019). Surface
runoff is surface melt drained to the bed and is the primary component (9̃0%-95%) of
subglacial discharge along with basal melt (Mankoff et al., 2020; Karlsson et al., 2021).
Estimates of subglacial discharge from 136 GrIS tidewater glaciers by Slater et al. (2022)
and Mankoff et al. (2020) show that of the five glaciers with the largest mean JJA subgla-
cial discharge volume, four are northern Greenland outlet glaciers, three have exper-
ienced ice tongue collapse, and one retains its ice tongue (Table 1). These estimates
assume that essentially all Modèle Atmosphérique Régional (MAR) and Regional At-
mospheric Climate Model, version 2 (RACMO2) modelled surface melt reaches the bed
instantly. This represents a routing-efficiency assumption not yet directly tested in the
literature. The Slater et al. (2022) and Mankoff et al. (2020) estimates for Petermann are
approximately two to three times larger than those referenced elsewhere in the present
work by Prakash et al. (2025), and Ciracì et al. (2023). The difference in estimates
highlights the need for observational controls on surface runoff magnitude.

Table 1. Five largest modeled mean summer subglacial discharge (𝑄sg) estimates of 136 Green-
land tidewater glaciers. Glaciers 4-5 are located in northern Greenland (Fig. 1). Data attribu-
tion: values are routed runoff-subglacial discharge estimates derived from the Mankoff et al.
(2020) Greenland liquid water discharge dataset, used and published in Slater et al. (2022) for
plume/upwelling calculations.

Rank Glacier Mean JJA 𝑄sg

1 Jakobshavn Isbræ 1283 m3s−1

2 Petermann Gletscher 877 m3s−1

3 Zachariæ Isstrøm 774 m3s−1

4 Nioghalvfjerdsfjorden / 79N 691 m3s−1

5 Humboldt Gletscher 475 m3s−1

The fraction of summer surface meltwater that ends up as ponded lake versus saturated
slush versus refrozen ice within the firn pack is a function of the firn air content (FAC),
the available pore space, and the firn temperature and density profile, i.e., the firn state,
(Dell et al., 2024; Alley et al., 2018; Vandecrux et al., 2020). Perennial firn aquifers
and low permeability ice slab are documented as firn-state responses to warming on
the GrIS. Perennial firn aquifers (PFAs) are year-round liquid-water bodies within the
firn that store meltwater at depths of 5 to 50 m and can feed meltwater to the subgla-
cial system. They form from a combination of moderate to high surface melt and high
annual accumulation supplying enough pore space at depth to keep liquid water below
the winter cold wave (Munneke et al., 2014). Low-permeability ice slabs form via re-
freezing of percolating melt at the percolation-zone surface. Ice slabs covered 64 800 to
69 400 km2 of the GrIS in 2014 and have expanded the GrIS total runoff area by 26±3 %
since 2001, and are projected to contribute 7 to 33 mm to global sea-level rise by 2100
under RCP4.5 and 17 to 74 mm under RCP8.5 (MacFerrin et al., 2019). Almost any
transect from the GrIS coast to the interior crosses either an ice-slab region, an aquifer,
or both (Brils et al., 2024). Dell et al. (2024) establishes a link between FAC and surface
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melt partitioning (i.e., the ratio of slush to lake area), showing that ice shelves with FAC
> 21 m are characterized with minimal ponding and dominant slush, shelves with FAC
< 14 m show dominant ponding, and intermediate FAC produces mixed regimes.

Petermann and C.H. Ostenfeld glaciers are neighboring marine terminating outlet gla-
ciers on the northernmost coast of the GrIS and are the study area of the present project
(Fig. 1). The glaciers are separated by ∼ 200 km, terminating in adjacent fjord systems
in the north-central NGrIS sector under broadly comparable Arctic-Atlantic forcing.
Petermann retains a ∼ 48 km floating tongue while Ostenfeld lost its tongue in 2002–
2003 and has not recovered (Münchow et al., 2016; Millan et al., 2023). The following
section offers an overview of the regional context followed by the relevant knowledge
base of each glacier.

The northern sector of the Greenland Ice Sheet (NGrIS) contains four of the largest
marine-terminating outlet glaciers on the GrIS (Petermann, Nioghalvfjerdsfjorden / 79N,
Ryder, and C.H. Ostenfeld), together draining ∼ 12 % of the GrIS (Hill et al., 2017;
Rignot et al., 1997; Münchow et al., 2016; Wilson et al., 2017; O’Regan et al., 2021).
The number of floating ice tongues in the NGrIS has reduced since observation began.
Of those named above, Petermann, Nioghalvfjerdsfjorden / 79N, and Ryder still termin-
ate in floating ice tongues while C.H. Ostenfeld lost its tongue in 2002–2003 and has
not recovered (Millan et al., 2023).

Petermann Glacier (∼ 80.7°N, 60.5°W) is the largest marine-terminating outlet gla-
cier in north-west Greenland by ice flux, drains ∼ 4 % of the GrIS, and terminates in
Petermann Fjord, draining to the Nares Strait, with fjord bathymetry resolved by multi-
beam and gravity-inverted models to typical depths of 600 to 1100 m and a grounding-
zone bed at ∼ 600 m below sea level (Münchow et al., 2016; Tinto et al., 2015; Wilson
et al., 2017). Ice velocity through the grounding-zone is ∼ 1090 to 1100 m yr−1, the
highest among the NGrIS marine-terminating glaciers (Hill et al., 2017, 2018a). Peter-
mann glacier sits above the marine outlet of a paleofluvial mega canyon extending
> 700 km to the ice sheet interior (Bamber et al., 2013).

The floating tongue retreated from 81 km to 48 km between 2010 and 2012 across two
large calving events, the first delivering an ice island of 253 ± 17 km2 (Falkner et al.,
2011; Münchow et al., 2014; Reilly et al., 2019). The grounding line has retreated 4 to
7 km since 1992, concentrated in the central-sector after 2017 (Fig. 1) and following a
15 % velocity increase over 2015–2018 (Millan et al., 2022; Ehrenfeucht et al., 2024).

A heightened discharge and retreat phase began in 2017 after a period of terminus and
grounding-zone stability (Li et al., 2021; Millan et al., 2022). In July 2017, Petermann
calved an 8.9 km2 iceberg which, while not comparative in area to the 2010–2012 calv-
ing, caused the front to lose contact with the eastern fjord wall (Li et al., 2021). Fol-
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Figure 1. Study area map with major NGrIS basin outlines from Mouginot and Rignot (2019) over Bed-
MachineV6. (a) Extent showing Petermann and Ostenfeld glaciers catchments and study area areas (red
outline) and major NGrIS outlet catchments with labeled near terminus, (b) Petermann Glacier study area
boundary with main and north catchments (labeled). Grounding zone locations are giving for 2013 (yel-
low line) and 2022 (red line). (c) Ostenfeld Glacier study area boundary with Harder and Brikkerne sub
catchments labeled. Thin gray contour lines mark 100 m elevation bins in panels b and c. Greenland
catchment boundaries from Mouginot and Rignot (2019) and Petermann grounding zone locations from
Xi et al. (2026). (CRS: EPSG:3413, WGS 84 / NSIDC Sea Ice Polar Stereographic North)
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lowing this calving, an episode of rapid retreat pushed the central grounding zone onto
a retrograde bed (Li et al., 2021; Millan et al., 2022). Between 2017 and 2019, the
central grounding-zone retreated more than 4 km, while the lateral sectors remained
comparatively more stable (Ciracì et al., 2023; Millan et al., 2023). The ice tongue also
became mechanically weaker during this period developing large longitudinal fractures,
reducing lateral resistance and allowing the central trunk to respond to grounding-zone
thinning and retreat with greater sensitivity. Surface elevation near the tidal ground-
ing zone decreased by 22 m between 2011–2021, indicating a total thickness loss of
204 m (i.e., after subtracting 12 m in dynamic thinning, the observed surface elevation
decrease represents the buoyant response to the loss of 192 m of basal thickness) (Cir-
acì et al., 2023). Winter velocities increased from approximately 1075 m yr−1 before the
mid-2010s to about 1200 m yr−1 by 2018, after which speeds remained elevated (Millan
et al., 2022).

At Petermann, the JJA subglacial discharge from the main subglacial channel is inferred
to have increased from 149 m3 s−1 to 301 m3 s−1 over 2001–2022, an approximate doub-
ling that coincided with grounding-zone retreat along the central tongue (Ciracì et al.,
2023; Millan et al., 2022). Average basal-melt rates at the Petermann grounding zone
currently exceed 17 m yr−1 with a JJA maximum between 80 to 100 m yr−1 and reach
> 150 m yr−1 at the crests of the basal channels (Rignot and Steffen, 2008; Washam
et al., 2020; Ciracì et al., 2023). Modelling demonstrates that under RCP8.5, discharge
at Petermann is projected to increase from 372 m3 s−1 to 2754 m3 s−1 (×7.4) with peak
basal-melt rates rising to 181.5 m yr−1 (×7) (Cai et al., 2017; Prakash et al., 2025).

Additional Petermann research not directly drawn on here covers dynamic response to
the 2010–2012 calving (Rückamp et al., 2019; Hill et al., 2018b), hypothetical breakup
scenarios (Åkesson et al., 2022), fjord bathymetry (Jakobsson et al., 2020, 2018; Tinto
et al., 2015), ice-ocean modelling (Prakash et al., 2023, 2022), and velocity reconstruc-
tions (Li et al., 2024, 2023).

C.H. Ostenfeld Glacier (∼ 81.6°N, 45.2°W) is located in the north-central NGrIS sector
and is the principal of three tributaries to Victoria Fjord (Box and Decker, 2011; Rignot
et al., 1997). Ostenfeld drains a catchment of ∼ 14 494 km2 (∼ 1.20 % of the GrIS
surface area) and discharges ∼ 2.32 km3 yr−1 of ice, the fourth-largest discharge among
NGrIS marine-terminating glaciers (Hill et al., 2017, 2018a; Mouginot et al., 2019). Its
potential sea-level contribution has been estimated at ∼ 3.9 cm of sea-level equivalent
(Millan et al., 2023).

Brikkerne Glacier (∼ 0.44 km3 yr−1, three branches entering Victoria Fjord ∼ 15 km
north of Ostenfeld) and Harder Glacier (∼ 0.34 km3 yr−1, terminating adjacent to the
present-day Ostenfeld front) drain to Victoria Fjord alongside Ostenfeld. Their drain-
age basins (2058 km2 and 726 km2 respectively) together total less than one-fifth of the
Ostenfeld catchment; however, their former floating tongues merged with the Osten-
feld tongue, and they are included in the Ostenfeld study area on that basis (Hill et al.,
2017, 2018a; Rignot et al., 1997). A substantial 90 × 106 m3 subglacial outburst flood
was observed to fracture the surface of Harder Glacier from below and decelerate the
downstream glacier in 2014 (Bowling et al., 2025). Both Harder and Brikkerne are at
present grounded-terminus outlet glaciers (Hill et al., 2018a). Published multi-beam
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bathymetry for Victoria Fjord, acquired during the GEOEO North of Greenland 2024
expedition, will provide the first direct bathymetric constraints (Jakobsson et al., 2026).

Ostenfeld experienced a major loss of its floating ice tongue in 2002-2003. Pre-collapse,
the floating extension exceeded 25 km in length and was extensively crevassed, fragmen-
ted, and detached from the fjord margins (Rignot et al., 1997). The ice-tongue collapse
occurred over at an average retreat rate of ∼ 3799 m yr−1, with ∼ 80 % of the floating
extension lost in 2003 and a total floating-ice volume loss of 27±2 km3 since 1978 (Mil-
lan et al., 2023; Box and Decker, 2011). Subsequent terminus retreat continued at the
much lower average rate of ∼ 161 m yr−1 through 2015 (Hill et al., 2018a; Millan et al.,
2023). By 2017, the Ostenfeld terminus was ∼ 7.9 km wide and presented a residual
floating ice tongue of ∼ 1.5 km (Hill et al., 2017).

The dynamic response of Ostenfeld to the 2002–2003 tongue loss has been minimal.
Grounding-line acceleration immediately after the collapse was < 8 % and lasted ap-
proximately three years, after which low-magnitude ice-flow deceleration occurred at
the grounding line within the range of 2 to 28 %, and surface-elevation thinning rates
increased only modestly between 2006 and 2014 (Hill et al., 2018a). Grounding-line
ice velocities remained in the range of 770 to 800 m yr−1 after 2010 (Hill et al., 2018a),
comparable to pre-collapse values (Rignot et al., 1997). The limited dynamic response
has been attributed to the limited buttressing role of the former Ostenfeld ice tongue.
The tongue had been detached from the fjord margins since at least the earliest aerial
imagery in 1978, with sparse ice mélange after 1992, and is therefore unlikely to have
provided substantial lateral resistance prior to its collapse (Hill et al., 2018a; Millan
et al., 2023). Site-specific high-resolution work on Ostenfeld ice dynamics is sparse,
and Ostenfeld has been included primarily as a single point in pan-GrIS or pan-NGrIS
multi-glacier studies (Hill et al., 2017, 2018a; Mouginot et al., 2019; Millan et al., 2023).
The surface-hydrology component of the Ostenfeld record has not been published prior.

The remote-sensing inputs to this study are the entire Landsat 8 and Landsat 9 Top-
of-Atmosphere (TOA) Collection 2 Level-1 catalogues over the period 2013 to 2025.
2013 is excluded from most analysis due to low coverage and retained only as additional
ERA5-Land climate context, with the functional classified record beginning in 2014.
Nine reflectance band inputs contribute to the classification and depth retrieval stages:
the seven visible and near-infrared bands 𝐵1 to 𝐵7 are used as predictors and for the
normalised difference water index over ice (NDWI(ice)) following Dell et al. (2022) and
Glen et al. (2025a); the panchromatic band 𝐵8 is used for the two-band depth retrieval
(Pope et al., 2016; Moussavi et al., 2020) and the cirrus band 𝐵9 contributes to the cloud-
masking step. The melt season used for scene selection, 1 May through 30 September,
is defined intentionally broad to capture all potential melt and aligns with the definitions
employed in similar GrIS surface melt inventories (e.g., Fitzpatrick et al., 2014; Wilson
et al., 2017). It should be noted, however, that scenes from September are sparse due to
late season solar elevation falling below the inclusion threshold, with the latest windows
in the study not exceeding 6 September.
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The area of interest (AOI) boundaries for Petermann and C.H. Ostenfeld glaciers (Fig. 1)
are derived from the Greenland glacier-catchment polygons from Mouginot and Rignot
(2019). In that dataset, Petermann comprises a north and main catchment with the north
catchment bounding the north-western fjord wall and surrounding plateau (see Fig. 1).
The Petermann catchment polygons are merged so that the full magnitude of runoff
to the fjord is represented in the results. Likewise, the Ostenfeld boundary used here
is derived from the C.H. Ostenfeld catchment combined with the smaller neighboring
Brikkerne and Harder sub-catchments, with combined areas totaling less than one-fifth
that of Ostenfeld.

The study area polygon boundaries are clipped to 1500 m elevation using the 30 m
MEaSUREs Greenland DEM (Howat et al., 2014), which also supplies per-feature el-
evation attributes in later stages and the slope mask of Section 4.4.1. An elevation
threshold is used to establish the interior boundary to enable reproducibility, inter-AOI
and inter-data set comparison, and computational efficiency. The boundary elevation
of 1500 m is set to exceed maximum lake elevations reported in Otto et al. (2022) by
200 m. Here, slush elevation maximums for NGrIS were not considered when establish-
ing the elevation boundary. The fjord-facing margin of each AOI is redrawn to the min-
imum ice-tongue extent observed over 2014–2025 to remove seawater false-positives.
Large nunataks and rocky coastal margins are manually excluded. Total AOI areas are
3516 km2 at Ostenfeld and 15 087 km2 at Petermann.

Climate data is retrieved from the ERA5-Land daily reanalysis (Muñoz-Sabater et al.,
2021), as the daily 2 m air temperature 𝑇2𝑚 and daily downward shortwave radiation
SW↓ over each for the same 1 May to 30 September window across 2013 to 2025. JJA
mean and per-year JJA maximum values are calculated per-year, per-AOI.

The model training and classification method carried out here is based on the method
for supervised classification of slush and SGLs on Antarctic ice shelves using Random
Forest Machine learning developed by Dell et al. (2022, 2024) with additional modific-
ations to the training data generation and classifier application proposed by Glen et al.
(2025a). Lake depth is calculated here using the two-band radiative-transfer formulation
of Philpot (1989), adapted for SGLs by Pope et al. (2016) and implementing the modi-
fications for large scale automated depth retrieval developed by Moussavi et al. (2020).
Modifications to these work established works are noted in relevant methods sections
and an overview and justification of modifications is given in Section 6.2.

Classification is implemented in the Google Earth Engine (EE) JavaScript API (Gorel-
ick et al., 2017) and produces the following key data products: (a) a stratified random-
forest training pixel table from 14 pre-processed Landsat training scenes (Section 4.3),
(b) classified mosaics per 2-day window with per-pixel lake depth covering 1 May to
30 September of each study year (Section 4.4), and (c) per-window vector shapefile
exports of window footprint, slush, and lake polygons with lake depth and volume at-
tributes. A schematic of the classification workflow is given in Fig. 2.

Following classification and export of class and volume data from EE, the analysis is
implemented in Python. Per-window and per-block aggregation of slush area, lake area,
lake volume, and elevation are made in Section 4.6.1. Trend and change-point tests on
the annual JJA mean and maximum series are made in Section 4.6.2. An anomaly ana-
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lysis against an algorithm-selected 3-year baseline is performed in Section 4.6.3. The
climate-forcing, analog-pair, lag-1 residual, and recovery-rate analyses against ERA5-
Land given in Section 4.6.4. The spatial persistency, maximum-melt, and persistent-
lake products are derived in Section 4.6.5, and a per-lake drainage-event detection in
Section 4.6.6. A coverage-correction projection that produces a scaled (observed + pro-
jected) processing set is described in Appendix E. A complete data and code inventory
is provided in Appendix D.

Figure 2. Diagram showing combined workflow for classified layer and volume data export from the EE
API. Column (1) shows preprocessing, manual classification, and training data export; column (2) dia-
grams the classifier application workflow, highlighting training data input in orange; column (3) shows
depth retrieval using 𝑅∞,𝑖 lookup table and the column classified layers from the previous column. Dia-
gram shows external inputs (blue), local inputs/outputs (green), filters (gray dashed line), processing steps
(solid gray outline) and cross.

Training scenes are drawn from the Landsat-8 + 9 TOA catalogs and selected manu-
ally from a subset filtered by cloud cover < 5 %, solar elevation > 20°, and acquisition
between 1 May and 30 September within the study years. From the filtered subset, 14
training scenes are selected, seven per AOI, with a 10:4 ratio of Landsat 8 to Landsat 9
scenes, a sensor proportion that approximates that of the combined catalog. Manual
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selection of training scenes is carried out to ensure the full melt season and the full
solar-elevation range is represented (solar elevation ranges from 21.5° to 32.0°), and
are temporally distributed with at least one scene per month per AOI. Scenes with no
or minimal cloud cover were preferred. The 14 training scenes are documented in Ap-
pendix A.

Training scenes are preprocessed following Dell et al. (2022), adapted here to accom-
modate Landsat collection 2 data format and with the additional inclusion of an NDWI(ice)
threshold sieve in the rock mask and the addition of a slope mask. The 𝐵4, 𝐵5, 𝐵9 band-
ratio threshold rock mask from Moussavi et al. (2020) is applied with a 3 km buffer. An
NDWI(ice) > 0.35 sieve is added to prevent high NDWI(ice) pixels (i.e., wet pixels) from
entering the rock mask. Cloud and cloud shadow are masked from the QA_PIXEL bit-
mask with an 8 km buffer. An additional slope mask derived from the MEaSUREs
DEM removes pixels with slope > 15 % and prevents glacial terrain shadow contamin-
ation (i.e., shadows cast by a local mound or trough of the glacier) from being added to
the training data. Scenes are clipped to the AOI boundary, an NDWI(ice) band defined
as NDWI(ice) = (𝐵2 − 𝐵4)/(𝐵2 + 𝐵4) (Dell et al., 2022) is calculated per pixel and
added, and the preprocessed scenes are exported as EE assets for clustering.

Training-data pixels are grouped by a k-means unsupervised clustering algorithm based
on 𝐵1 to 𝐵7 reflectance plus NDWI(ice), adapted from Dell et al. (2022) by the addition
of NDWI(ice) as a k-means input band. A NDWI(ice) > 0.1 threshold value is used to
select potentially ”wet” pixels to cluster from the preprocessed training scenes (Dell
et al., 2022). Training scenes are sampled at 100 000 pixels per scene. The k-means
clustering algorithm groups the sampled pixels by similarity across the eight input bands
(𝐵1 to 𝐵7 and NDWI(ice)) and outputs between 5 and 70 clusters. Here, the initial k-
means produced 30 main clusters across the 14-scene pool. Clusters were manually
classified as either slush, lake, or other (see Section 4.3.3). Of the 30 main clusters,
three large ambiguous clusters were identified and resampled at 10 000 pixels per cluster
for a sub-clustering pass with an allowed cluster count between 8 and 40, returning a
further 20 sub-clusters that were manually classified.

The k-means cluster IDs returned by EE are deterministic under a fixed random seed
and are reproducible between scripts. Due to the challenge of classifying slush, an
intermediary k-means cluster inspection program was developed using the EE user in-
terface infrastructure. The inspection script isolates clusters, generates basic descriptive
statistics on their spectral distribution, and loads higher resolution imagery for manual
inspection if available; this was the primary tool used to classify clusters.

Each main cluster and each sub-cluster is assigned to one of three classes per AOI:
lake, slush, or other. The other class functions as a pool of high-confidence negative-
examples for the RF of pixels that are unambiguously neither lake nor slush (e.g., dry ice,
blue ice, firn, snow, dirty ice, and residual cloud or terrain-shadow pixels). Clusters are
defined per-AOI because individual clusters can express as different surfaces between
the two glacier environments. The lake class is spectrally well grouped, with strongly
peaked NDWI(ice) signatures and narrow transition zones, and is assigned by inspection
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of the per-cluster band-mean profile together with cross-reference against Sentinel-2
NDWI(ice) and EE high-resolution catalogs where available (2016 onward).

Slush clusters lie along a transition between ponded water on the wet end and firn or ice
on the dry end and hence a classification framework to maintain class consistency and
limit subjective bias is used to interpret ambiguous clusters. Each candidate cluster is
scored on seven physical and spectral criteria with a score of +1 for positive support, 0
for no signal, and −1 for negative support, giving a total slush signal in the range −7 to
+7:

(1) mottled texture indicative of early saturation;

(2) no visible ice grain, which rules out blue ice;

(3) proximity to ponded melt water;

(4) location in shallow, low-relief, trough or bowl topography;

(5) lineation (if present) perpendicular to topographic contours;

(6) elevation consistent with the seasonal timing of the scene;

(7) cluster-mean NDWI(ice) greater than approximately 0.115, matching the slush
threshold used by Dell et al. (2022) and Bell et al. (2017).

A signal greater than +3 is taken as strongly indicating slush and a signal of +3 or less
assigns it to other.

Of the 30 main clusters, 14 were expressed identically in both AOIs. Seven clusters
were unambiguously slush on Petermann and unambiguously ice on Ostenfeld. Nine
clusters were ambiguous on both AOIs and the six smallest were excluded from the
training data, following the Glen et al. (2025a) approach for ambiguous clusters. Three
large ambiguous clusters were passed through the sub-k-means and the resulting 20
sub-clusters were classed under the rubric of Section 4.3.3. The cluster counts for final
training data classes are given in Appendix A.

Per-AOI clusters then contribute to a stratified random pixel sample of 1000 pixels per
class per AOI, for a total of 3×2×1000 = 6000 pixels in the deployed training table. Per-
class stratification preserves the equal-weight balance across lake, slush, and other and
per-AOI stratification preserves the spectral diversity of the two glacier environments
without weighting either by area or by raw cluster count.

For each AOI and each study year the full Landsat 8 + 9 TOA archive in the 1 May
to 30 September window is assigned into contiguous non-overlapping 2-day windows.
Within each window all scenes intersecting the AOI are filtered to solar elevation > 15°.
This threshold is relaxed from the > 20° training-scene filter so that late-season returns
are not lost. Scenes are ranked by the intersection area of the raw scene footprint with
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the AOI polygon. The top nine scenes per window are retained for preprocessing in
order to bound the per-window compute cost without limiting window footprints. All
cloud-cover values are accepted into the per-window scene set because the per-pixel
cloud and cloud-shadow masks handle pixel-level rejection downstream.

Preprocessing is applied to input scenes prior to mosaicking. Input scenes are corrected
with the rock mask used in training scene preprocessing (Moussavi et al., 2020) (with
the NDWI(ice) > 0.35 sieve retained). The rock buffer reduced to 1 km. Application
cloud masking uses all QA_PIXEL cloud and confidence bits, and an additional 𝐵9
threshold of < 0.008 for cirrus masking. The union of the 𝐵9 and QA_PIXEL bit
mask detections is passed through a 24-pixel minimum-connected-component sieve to
remove minor detections. Cloud pixels are buffered by 5 km. Buffer sizes are reduced
from training scene preprocessing to account for the more efficient masking allowed
by preprocessing per scene prior to building the window composites. Buffered cloud
footprints are stretched a fixed 8 km distance along a per-scene shadow vector, computed
from the solar azimuth and solar elevation in the scene metadata.

The retained scenes within each 2-day period are merged into a per-window composite
using a medoid mosaic function. Medoid-mosaics are multi scene composites where
pixels are selected from input scenes by computing the median value at each raster cell
for a given selector-band. Here, the real pixel with the closest-to-median NDWI(ice)
value is selected for the 2-day mosaics. The actual coverage of the AOI for each window
is stored as a binary footprint band in the per-window layer prior to classification. Pixels
with NDWI(ice) ≥ 0.1 are passed to the classifier.

Table 2. Summary of classified shapefiles and unique 2-day windows for Petermann and Osten-
feld by total and adjusted counts to illustrate data volume. Here, 𝑛 files refers to the total number
of shapefiles exported from EE, where there are between one and three shapefiles per classified
window representing either classified lake, slush, or window coverage footprint. Unique 2-day
windows are represented in the “n footprints” column, as footprints are generated for all win-
dows with coverage, while classified lake and slush layers are only generated when present.

Period Season AOI n files n footprints n possible windows
2013-2025 1 May – 30 Sep. Ptm. 2041 738 988

Ost. 1762 654 988
Total 3803 1392 1976

2014–2025 1 May – 6 Sep. Ptm. 1990 719 768
Ost. 1718 635 768

Total 3708 1354 1536

Classification uses a random forest implemented on the 6000-pixel stratified training
table of Section 4.3.4, with the eight per-pixel features, 𝐵1 to 𝐵7 and NDWI(ice) as
predictors, returning a class label per pixel for lake, slush, or other. The hyperparameters
used in the classifier are: 𝑁trees = 300, variables per split set to the EE default of ⌊√𝑝⌋ =
2 for 𝑝 = 8, minimum leaf population of 1, bag fraction of 0.632, and unlimited tree
depth.

Per-window classified rasters carry four bands at 30 m resolution: (1) a classification
band with values {1 = lake, 2 = slush, 3 = other}, (2) a binary AOI-footprint mask re-
cording window coverage, (3) the mean reflectance in the red band 𝐵4, and (4) the mean
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reflectance in the panchromatic band 𝐵8, both taken over a one-pixel ring around each
lake polygon (𝐴𝐵4

𝑑 and 𝐴𝐵8
𝑑 are used as lakebed-albedo proxies in the depth calculation;

see Section 4.5). The per-window classified rasters are stored as EE assets and serve as
the input to the depth retrieval and vector exports.

Classifier accuracy is reported on a per-pixel holdout drawn from 10 Landsat scenes
that are not present in the training pool: four Ostenfeld scenes (Vi01–Vi04) and six
Petermann scenes (Vi05–Vi10), aggregated to 2556 reference pixels. Each holdout pixel
is labelled by inspection against the per-scene Landsat RGB and NDWI(ice) composite,
against Sentinel-2 imagery on the same date or within ±1 day where available, and
against the high-resolution EE basemap, applying the same per-AOI classification logic
and slush rubric used to label clusters in Section 4.3.3. Per-class metrics are reported
in the form used by Glen et al. (2025a), namely precision, recall, 𝐹1, and support per
class together with overall accuracy and Cohen’s 𝜅. Classifier accuracy metrics for the
deployed model are reported in full in Section 5.1.2.

During classification, a B4_ring band and B8_ring band are calculated for each lake
using a dilate function in EE. The classified water mask is dilated by one native pixel and
the TOA reflectance in bands 𝐵4 and 𝐵8 is retained as lake ring masks in the exported
classified rasters. In a separate step, per-pixel depth is calculated and attached as band
data to the classified lake layers. Lake and slush pixels are converted to polygons using
a > 5 connected-component function to extract melt features as objects. The footprint
mask is separately vectorized. Each output feature is tagged with window identifiers.
Mean and maximum depth and volume per lake object are assigned as attributes before
export as class shapefiles.

Per-pixel lake depth is retrieved from per-window TOA reflectance using the two-band
radiative-transfer formulation of Philpot (1989) as applied to supraglacial lakes by Pope
et al. (2016) and adapted for automated cryosphere application by Moussavi et al. (2020).
For each lake pixel and each band 𝑖 ∈ {𝐵4, 𝐵8},

𝑧𝑖 = ln(𝐴𝑑,𝑖 − 𝑅∞,𝑖) − ln(𝑅𝑤,𝑖 − 𝑅∞,𝑖)
𝑔𝑖

, (1)

where 𝑅𝑤,𝑖 is the observed TOA reflectance of the lake pixel in band 𝑖, 𝐴𝑑,𝑖 is the lake-
bed albedo, 𝑅∞,𝑖 is the reflectance of optically deep water, and 𝑔𝑖 is the two-way diffuse
attenuation coefficient (Maritorena et al., 1994). The per-pixel depth 𝑧 is reported as
the mean of 𝑧𝐵4 and 𝑧𝐵8 and is capped at 𝑧max = 20 m to suppress runaway values from
optically saturated pixels. The two attenuation coefficients are fixed at 𝑔red = 0.80 and
𝑔pan = 0.36 as in Pope et al. (2016), and are not fitted per lake due to time constraints.

Following Moussavi et al. (2020), lake-bed albedo is estimated per lake and per band
from the mean TOA reflectance of the one-pixel ring around each lake. This is based on
the assumption that the lake margin can be used as proxy for lake bed albedo beneath
the water column. The deep-water reflectance 𝑅∞,𝑖 is built per AOI from polygons over
open-ocean in Nares Strait (Petermann) and off shore of Victoria Fjord mouth (Osten-
feld). Deep water reflectance is stored in a lookup table, constructed by taking the lowest
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5 % of TOA reflectance values for 𝐵4 and 𝐵8 across all Landsat 8 + 9 scenes intersecting
the deep-water polygons. Only values with 𝑅∞,𝑖 < 0.1 (true optically deep water) are
retained in the table along with date, time, and pixel coordinates. The lookup table is
queried at depth retrieval for the classified lakes and returns the closest 𝑅∞,𝑖 value in
space and time for each depth calculation. Per-lake volume is the sum of pixel depth
multiplied by the per-pixel area of 900 m2, i.e. 𝑉lake = ∑𝑛

𝑖=1 𝑧𝑖 𝐴pixel.

The systematic uncertainty introduced by the four free parameters of the depth retrieval
(𝑔red, 𝑔pan, 𝐴𝐵4

𝑑 , 𝐴𝐵8
𝑑 ) is quantified by perturbation tests on six representative lakes (three

at Ostenfeld and three at Petermann, spanning the per-lake area and depth distributions).
Each parameter is independently perturbed by ±20 % at 2 % steps with the other three
held fixed, and the joint ±20 % perturbation of 𝐴𝐵4

𝑑 and 𝐴𝐵8
𝑑 is run as the worst-case lake-

bed-albedo bias case. The per-lake volume change ranges are reported in Section 5.1.3
and the per-lake systematic uncertainty is approximately 15 to 25 %, dominated by 𝑔
and 𝐴𝐵8

𝑑 ; AOI-aggregated volumes are tighter than this because per-pixel errors partially
cancel.

Elevation attributes (elevmean, elevmin, elevmax) are attached to each 2-day window lake
and slush shapefile, drawn from the MEaSUREs DEM. Per-window shapefiles are then
aggregated into contiguous 5-window blocks anchored to a fixed 1 May start each year,
giving a per-block temporal resolution of 10 day and a per-AOI annual block count
between 8 and 12 depending on the number of valid 2-day windows in each year. Per-
block aggregates of slush area, lake area, lake volume, and elevation are computed from
the constituent per-window polygons and are the reporting basis for all annual statistics
in the thesis. The JJA mean and JJA maximum of each metric are then taken per AOI
per year over all valid blocks falling within the JJA window, producing per-AOI annual
time series of 𝑛 = 12 for the 2014–2025 record. Per-window footprints with coverage
below 10 % of the AOI are excluded from all per-AOI annual statistics.

The per-window data are retained alongside the per-block data and serve as the input
to the drainage-event detection of Section 5.10. The 2-day scale preserves the rapid
drainage signals.

The non-parametric Mann-Kendall trend test (Mann, 1945) is performed on annual JJA
mean and maximum series (𝑛 = 12, 2014-2025) for all melt metrics (combined area,
slush area, lake area, lake-mean and lake-maximum elevation, and lake-mean and lake-
maximum volume). The Mann-Kendall test reports effect size (Kendall’s 𝜏), two-tailed
𝑝-value, and Sen slope. The Hamed-Rao modification of the Mann-Kendall test (Hamed
and Ramachandra Rao, 1998) is performed to correct for first-order autocorrelation and
derive variance-inflation factor. The non-parametric Pettitt change-point test (Pettitt,
1979) is performed per series and the test statistic 𝐾 , the inferred change-point year,
and the two-tailed 𝑝-values are reported. At 𝑛 = 12, effect sizes are reported as primary
and 𝑝-values as secondary.
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Per-year anomalies of area, elevation, and lake volume are reported against an algorithm-
selected 3-year baseline window per AOI, with the baseline selected on the observed
combined-maximum area series. The candidate windows are all contiguous 3-year in-
tervals in the 2014–2025 record. A window is eligible when (i) every year contributes
at least three valid 5-window blocks, (ii) when each year shows per-window AOI foot-
print coverage of at least 20 %, and (iii) when no year in the window exceeds the 75th
percentile of the per-AOI combined-maximum-area distribution. Eligible windows are
ranked by the coefficient of variation (CV) of the per-year combined-maximum area
within the window, and the window with the lowest CV is selected as the baseline. Ties
within 0.02 CV are broken by lowest baseline mean, then by lowest CV, then by highest
mean coverage, and finally by earliest start year. The same baseline window is then ap-
plied identically to every area, elevation, and volume metric so that the resulting percent
and fold-change anomalies are comparable. The algorithm selects 2017–2018-2019 at
Ostenfeld and 2016–2017–2018 at Petermann.

Baseline sensitivity is tested by comparing anomalies across four reference period defin-
itions.

a) Algorithm (CV): a 3-year window selected by lowest coefficient of variation, after
excluding years above the 75th percentile of combined-maximum. Biased towards
the lowest-melt years of the record.

b) Record median: the median combined-maximum across all 12 years (2014–2025).

c) Pre-2020 mean; the mean of 2014–2019, taken as a reference period before melt
intensified.

d) Full-record mean; the mean across the entire 2014–2025 record.

Results of the sensitivity test are reported in Section 5.5.

Climate variables: Daily ERA5-Land 2 m temperature 𝑇2𝑚 and downward shortwave
SW↓ over the 1 May to 30 September window are aggregated to four annual predictors
per year: 𝑇2𝑚,JJA,mean, 𝑇2𝑚,JJA,max, SW↓,JJA,mean, and SW↓,JJA,max. This aggregation
mirrors the JJA mean and JJA maximum aggregation used for the melt-response series in
Section 4.6.2. Per-AOI Pearson 𝑅2 and Sen slope are reported for each predictor against
each annual melt-response metric, alongside the two-tailed 𝑝-value and the AOI-fixed-
effect pooled-AOI fit. For each AOI and each predictor–response pair, the climate–melt
OLS fit is a univariate ordinary least squares (OLS) regression,

𝑦𝑖 = 𝛽0 + 𝛽1𝑥𝑖 + 𝜀𝑖. (2)

Here 𝑦𝑖 is the annual melt-response metric in year 𝑖, 𝑥𝑖 is the corresponding annual
ERA5 predictor, and 𝜀𝑖 is the regression error term. The fitted value ̂𝑦𝑖 gives the climate-
predicted response and the residual 𝑟𝑖 = 𝑦𝑖 − ̂𝑦𝑖 is retained as the climate-corrected melt
response.

Analog Years: Analog pair analysis is used here to identify years with similar external
forcing and to compare their melt metrics for climate-corrected response. The assump-
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tion is that between analog years with equivalent forcing, the variation in melt response
not explained by climate originates from an internal state variable, e.g., glacial dynam-
ics, firn state, or surface preconditioning. The screen runs independently per AOI over
the 66 unordered year pairs available from the 12-year record, and within each AOI it is
repeated for every combination of ERA5 predictor and melt-response metric. The four
ERA5 predictors are 𝑇2𝑚,JJA,mean, 𝑇2𝑚,JJA,max, SW↓,JJA,mean, and SW↓,JJA,max. They are
tested against six annual area metrics, six annual elevation metrics, and two annual lake-
volume metrics, giving 56 (predictor, response) combinations per AOI.

Within each combination the climate–melt OLS fit of Eq. 2 is applied to the per-year
predictor and per-year melt response, retaining the climate-corrected melt response 𝑟𝑖.
Predictor values and climate-corrected melt responses are then converted to z-scores
using the in-sample mean and standard deviation,

𝑧𝑥(𝑖) = 𝑥𝑖 − ̄𝑥
𝜎𝑥

, 𝑧𝑟(𝑖) = 𝑟𝑖 − ̄𝑟
𝜎𝑟

where ̄𝑥 and 𝜎𝑥 are the sample mean and standard deviation of the predictor across years
and ̄𝑟 and 𝜎𝑟 are the sample mean and standard deviation of the climate-corrected melt
response across years. A year pair (𝑖, 𝑗) is flagged as analog within that combination
when the predictor z-scores are close together and the climate-corrected response z-
scores are far apart,

|𝑧𝑥(𝑖) − 𝑧𝑥(𝑗)| < 0.5 and |𝑧𝑟(𝑖) − 𝑧𝑟(𝑗)| > 1.0. (3)

Both thresholds, 0.5 SD on the predictor difference and 1.0 SD on the residual difference,
are held fixed across all combinations rather than rescaled to a percentile of the within-
combination distribution. A given year pair within an AOI can accumulate up to 56 flags
across the combinations it satisfies, and the per-pair flag count is used to rank candidates.
The most-flagged pairs are reported in Section 5.7 and interpreted in Section 6.6.

Lag-1 residuals: Lag-1 residual-correlation analysis computes the Spearman rank cor-
relation of the current-year climate-corrected melt response from Eq. 2 against the prior-
year raw melt-response,

𝜌lag1 = Spearman(𝑟𝑖, 𝑦𝑖−1), (4)

where 𝑟𝑖 is the climate-corrected melt response in year 𝑖 and 𝑦𝑖−1 is the raw melt-
response metric in year 𝑖 − 1. Within each AOI the test runs across every (predictor,
response) combination used in the climate–melt OLS fits, giving 𝑛 = 11 paired years
over the 12-year record. A positive 𝜌lag1 indicates that years with positive climate-
corrected melt response tend to follow years of above-average raw melt response, which
is interpreted as a state-dependence or carryover signal in the surface system. Spear-
man 𝜌lag1 values for the seven retained melt metrics are reported in Section 5.7, with
the six elevation metrics and the lake-mean-volume metric computed but omitted from
the table for readability. The lag-1 residual correlation is statistically distinct from raw-
series autocorrelation, which is what the Hamed-Rao Mann-Kendall modification of
Section 4.6.2 tests for.
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Recovery-rate: Recovery rate is used here to quantify how quickly surface meltwater
recovers following a low melt year and how much of that recovery is and is not explained
by climate forcing. Specifically, the test measures the rate at which melt metrics increase
from a low-melt trough to a high-melt peak, defined using JJA combined mean melt area.
The simple linear regression slope of combined mean area against year is the recovery
rate in km2/yr. A cold-to-warm growth cycle is defined as a contiguous run of years
from a local low (trough) in the per-AOI JJA combined-mean area to the next local high
(peak). The recovery-rate slope is the OLS slope of combined-mean area on year over
the trough-to-peak window.

The two cycles retained per AOI are 2017–2019 (3 years) and 2020–2023 (4 years), held
at identical calendar windows to permit direct comparison. Seven alternative trough-to-
peak window combinations per AOI satisfy the candidate criteria. The sensitivity to
cycle-boundary choice is documented in the appendix. Slope uncertainty is the 2.5th
to 97.5th percentile of 2000 non-parametric bootstrap resamples of the year-area pairs
within each cycle window. At 𝑛 = 3–4 per cycle the slopes are descriptive comparisons
rather than significance tests. Climate-corrected slopes are computed by taking residuals
of the per-AOI annual combined-mean area against ERA5 predictors over the full 𝑛 =
12 record under three correction models (single-predictor 𝑇mean, single-predictor 𝑇max,
and two-predictor 𝑇max + SWmean) and refitting the OLS slope on year over each cycle
window. Predictor count is capped at two given 𝑛 = 12 per AOI. The 𝑇max + SWmean
model pairs the empirically dominant single predictor (𝑇max) with the approximately
orthogonal radiative term. SW↓,max is not used because no single-predictor combination
involving it returns 𝑝 < 0.10. Per-AOI rather than pooled fits are used because pooling
washes out the inter-glacier asymmetry in climate sensitivity.

Four spatial products are derived from the per-window classified rasters. Per-cell 30 m
persistency rasters are built per AOI and per class (lake, slush, combined wet) by divid-
ing, at each grid aligned 30 m cell, the per-cell number of valid windows classified as that
class by the per-cell number of valid windows over the 2014–2025 record (Section 6.7).
Annual maximum-melt block maps are produced by selecting, per AOI and per study
year, the single 5-window block with the largest combined-area sum and exporting it
as a categorical raster of lake, slush, and other (Section 5.9). Annual maximum-melt
RGB medoid mosaics are exported as the Landsat RGB composite of the maximum-
melt block per AOI per year, providing visual context alongside the categorical block
maps. Persistent-lake polygons are derived from the per-class persistency rasters by
selecting cells with a persistency score > 25, passing the selection through a minimum-
100-connected-component sieve, converting to vector polygons with a 300 m buffer,
and merging polygons that share > 15 % of their perimeter with a larger neighbour.
The resulting polygons serve as the basin definition for the per-lake drainage detection
of Section 4.6.6.

For each persistent-lake polygon a per-window lake-volume time series is constructed by
summing the per-pixel depth-derived volume (Section 4.5) over the lake-polygon pixel
set, restricted to windows in which the polygon is observed. A drainage event is recorded
between two consecutive observations of the polygon when the pre- to post-observation
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lake volume drops by at least 40 % and the elapsed gap between the two observations is
at most 5 windows (10 day). The gap length between the pre- and post-drainage obser-
vation is retained as a per-event confidence score, with shorter gaps meaning to higher
confidence. Events are classified as full when the volume drop is at least 80 % and as
partial when the drop is between 40 % and 80 %. Chain events are flagged in a separate
field when two or more persistent-lake polygons drain within the same window or within
±1 window of each other. Per-event drainage volume is the pre-event minus post-event
lake volume, and aggregate annual drainage volumes per AOI are the sum of per-event
drainage volumes over events with start dates within the JJA window of that year. Aux-
iliary per-lake observation-fraction series are retained as a filter at the reporting stage to
exclude events where the per-window polygon coverage is too low to support a robust
pre- to post-observation volume comparison.

The mapped catalogue spans the twelve melt seasons from 2014 through 2025, with
2013 retained only for ERA5 climate context (Section 5.6). The melt season is defined
as 1 May to 30 September, although Landsat returns from September are sparse owing to
low solar angles at these latitudes. A total of 3,803 per-window classified shapefiles were
produced (2,041 at Petermann and 1,762 at Ostenfeld), corresponding to 1,392 unique
2-day windows out of a possible 1,976. Two related metric families are used throughout
the analysis. The per-window (2-day) metrics are the higher temporal resolution input
used for drainage-event analysis. The per-block metrics, which are aggregates of five
classified windows (10-day) anchored to a fixed 1 May start each year, are the reporting
basis for all annual JJA mean and maximum statistics and time-series analysis. A per-
AOI catalogue summary giving the number of valid 2-day windows, the number of
10-day blocks per year, and the mean per-window AOI footprint coverage per year is
provided in Table 3. Per-year maximum-melt mosaics for each AOI are presented later
in Section 5.9.
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Table 3. Per-AOI catalogue summary, 2014–2025, for Ostenfeld (Ost) and Petermann (Ptm).
Blocks is the number of valid 10-day blocks per year (5-window aggregate, anchored to 1 May).
Coverage is the mean per-window AOI footprint coverage averaged across the year. The 10 %
coverage threshold used for inclusion is met by every year of the record. Petermann 2017 (0.72)
and Petermann 2021 (0.77) are the two single weakest years; both remain above the threshold
and are flagged as low-coverage years.

Ost Ptm

Year Blocks Coverage Blocks Coverage

2014 9 0.89 9 0.86
2015 9 0.86 9 0.88
2016 9 0.95 10 0.85
2017 8 0.77 9 0.72
2018 8 0.87 9 0.81
2019 8 0.80 8 0.81
2020 9 0.85 10 0.85
2021 9 0.89 9 0.77
2022 9 0.97 9 0.95
2023 9 0.92 8 0.85
2024 10 0.92 10 0.91
2025 9 0.98 9 0.86

Mean 8.8 0.89 9.1 0.84

Mean JJA per-window AOI footprint coverage was consistently high at both glaciers
across 2014–2025, ranging from 0.77 to 0.98 at Ostenfeld and from 0.72 to 0.97 at
Petermann. The two weakest years are Petermann 2017 (0.72) and Petermann 2021
(0.77); both remain above the 10 % inclusion threshold (Section 4.6.1) and are flagged
in later sections as low-coverage years. Coverage is reported visually in the bottom-row
panels of Fig. 3.

The aggregate confusion matrix (Fig. 4) gives an overall accuracy of 0.902, Cohen’s
𝜅 of 0.847, and a macro 𝐹1 of 0.895. Per-class recall is high and balanced across the
three classes: lake 0.898 (985 of 1,097), slush 0.889 (878 of 988), and other 0.941 (443
of 471); per-class precision is 0.965, 0.897, and 0.797 respectively, giving per-class 𝐹1
of 0.930, 0.893, and 0.863 (Table 4). Mean per-scene overall accuracy is 0.910 (range
0.872–0.990), with Ostenfeld scenes averaging 0.916 and Petermann scenes 0.906. The
two largest off-diagonal terms both involve the slush–other transition (true slush pre-
dicted as other, 7.9 %; true other predicted as slush, 5.1 %), reflecting the documented
difficulty of the slush–firn / slush–ice boundary in optical imagery (Dell et al., 2024).
Lake confusion is minor in all directions (lake as slush 7.0 %, slush as lake 3.2 %, lake as
other 3.2 %, other as lake 0.8 %), so per-pixel lake area and volume retrievals are tightly
constrained by the classifier. Visual assessment can be carried out using the spatial melt
maps presented in Section 5.9.
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Figure 3. Mean (solid line) and maximum (dashed line) June-July-August (JJA) melt area (a, b), melt-
feature elevation (c, d), and lake volume (e, f) for C.H. Ostenfeld Glacier (left column) and Petermann
Glacier (right column), 2014-2025. Solid lines show the annual JJA mean and dashed lines show the
annual JJA maximum; colors distinguish slush (blue), lake (green), and combined slush + lake features
(purple). Elevation panels show area-weighted mean elevation and maximum feature elevation. Panels
(g) and (h) show mean JJA AOI footprint coverage for Ostenfeld (left) and Petermann (right), with the
number of contributing 5-window blocks per year given in parentheses in the x-axis year labels. Annual
statistics use only blocks within the JJA day-of-year window and apply a minimum AOI footprint coverage
threshold of 10 % for metric aggregation; the coverage bars report the mean JJA footprint coverage before
that threshold is applied.
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Figure 4. Aggregate macro confusion matrix for the random-forest classifier across the ten validation
scenes (2,556 holdout pixels). Cell values are pixel counts with row percentages (per-class recall) shown
in parentheses; the color scale shows the row percentage.

Table 4. Aggregate per-class confusion summary across the ten validation scenes (2,556 holdout
pixels). The dominant error mode is the slush–other transition; lake confusion is minor in all
directions.

Class Support Recall Precision 𝐹1 Main misclassification

Lake 1,097 0.898 0.965 0.930 as slush (7.0%), as other (3.2%)
Slush 988 0.889 0.897 0.893 as other (7.9%), as lake (3.2%)
Other 471 0.941 0.797 0.863 as slush (5.1%), as lake (0.8%)

Overall 2,556 accuracy 0.902; 𝜅 0.847; macro 𝐹1 0.895
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Lake volumes are retrieved using the Pope et al. (2016) and Moussavi et al. (2020) two-
band depth formulation applied to the red (𝐵4) and panchromatic (𝐵8) bands, with deep-
water reflectance (𝑅∞) sourced from a per-AOI lookup over Nares Strait and Victoria
Fjord. To quantify the systematic uncertainty introduced by the depth-formula constants,
each of the four free parameters was perturbed by ±20 % for six representative lakes.
The diffuse attenuation coefficient 𝑔 produces an asymmetric volume change of 25 % to
−16.7 % under a ±20 % perturbation, reflecting the inverse depth–𝑔 relationship. The
panchromatic-band lakebed albedo 𝐴𝐵8

𝑑 produces a 13 to 26 % volume change (lake-
dependent), while the red-band albedo 𝐴𝐵4

𝑑 produces only 5 to 10 % because 𝑔red = 0.80
exceeds 𝑔pan = 0.36 and damps the red-band sensitivity. Compounding both albedo
perturbations together yields a 18 to 34 % volume change (Fig. 5).

Figure 5. Per-lake volume sensitivity to ±20 % perturbation of the depth-formula constants 𝑔 (atten-
uation coefficient), 𝐴𝐵4

𝑑 (red-band lakebed albedo), 𝐴𝐵8
𝑑 (panchromatic-band lakebed albedo), and the

two albedos perturbed together (𝐴𝑑 both). Each line is one of six representative lakes; markers show the
volume change at the perturbation level on the x-axis.

Annual JJA mean and maximum slush, lake, and combined area, the mean and max-
imum melt-feature elevation, and the lake-volume time series are shown in Fig.3. All
annual values reported here are derived from the per-window direct measurements ag-
gregated to the 10-day-block reporting basis. Across the record, both glaciers are domin-
ated by inter-annual variability rather than a smooth secular trend. Two recent low-melt
years stand out visually: Petermann 2025 has a combined-maximum area of 77 km2,
the lowest of the post-2017 portion of the record, while Ostenfeld 2024 has a combined-
maximum area of 36 km2, the lowest of the entire 12-year record and a factor of thirteen
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below the Ostenfeld 2023 peak of 473 km2. The largest single-year area at either gla-
cier is Petermann 2023 with a combined maximum of 1495 km2. Per-AOI per-variable
annual JJA values are provided in Table 5.

Table 5. Annual JJA values per AOI, 2014–2025, observed processing, for Ostenfeld (Ost) and
Petermann (Ptm). C. max is JJA combined-maximum area (km2); L. max is JJA lake-maximum
area (km2); C. mean elev is JJA combined-mean melt-feature elevation (m a.s.l.); L. max vol is
JJA lake-maximum volume Mm3 (million m3). Bold values are the per-AOI per-metric maxima
across the record.

C.H. Ostenfeld Petermann

Year C. max L. max C. mean elev L. max vol C. max L. max C. mean elev L. max vol

2014 69.8 10.7 906.5 18.0 284.6 41.2 550.1 62.1
2015 220.0 15.0 819.9 20.9 727.2 44.1 699.1 61.6
2016 69.2 9.5 755.2 16.3 132.7 40.8 422.0 74.6
2017 79.4 9.5 722.2 18.6 71.6 27.3 321.8 48.7
2018 119.8 12.1 701.1 17.6 133.5 31.2 292.4 52.0
2019 93.8 9.7 864.6 14.7 653.3 53.9 722.1 61.2
2020 72.9 12.0 802.8 18.6 177.4 36.2 528.8 63.4
2021 232.9 16.6 867.7 20.4 847.7 76.5 524.2 74.4
2022 289.6 27.6 844.2 27.2 941.9 71.2 650.7 93.6
2023 473.5 29.7 893.4 25.8 1494.5 98.1 710.7 103.6
2024 36.3 9.6 738.2 18.6 165.5 54.6 459.4 86.7
2025 270.7 7.7 745.9 12.4 77.1 27.1 339.6 42.7

Mann-Kendall. The Mann-Kendall (MK) trend test was applied to every per-AOI per-
variable JJA series (𝑛 = 12 years; 28 observed series in total) (Table 6). No series attains
𝑝 < 0.05 at this record length. Reported in 𝜏 magnitude, the strongest individual signals
are: Ostenfeld slush-maximum area (𝜏 = +0.364, 𝑝 = 0.115, the closest to significance
in the dataset); Ostenfeld slush mean, combined mean, and combined maximum area
(𝜏 = +0.333, 𝑝 = 0.150); and Petermann lake-maximum area, elevation, and volume,
all returning 𝜏 = +0.242, 𝑝 = 0.304. No series in the observed dataset returns a 𝜏
magnitude exceeding +0.364, and all directional signals are positive at |𝜏| ≥ 0.2.

Pettitt change-point. The Pettitt change-point test, like MK, returns 𝑝 > 0.05 for every
observed series (Table 7). Reported as descriptive K statistics and inferred change-
point years rather than as significance, the change points cluster coherently in time. At
Ostenfeld, the slush mean / maximum and combined mean / maximum area series all
infer a shift after 2020 (𝐾 = 21, 𝑝 = 0.29), while Ostenfeld lake series cluster after
2023 (𝐾 = 16–20, 𝑝 = 0.36–0.62). At Petermann, the slush and combined area series
locate the shift after 2018 (𝐾 = 17, 𝑝 = 0.54), the lake-maximum area series after 2020
(𝐾 = 21, 𝑝 = 0.30), the lake-maximum elevation after 2017 (𝐾 = 24, 𝑝 = 0.169,
the strongest individual elevation Pettitt signal in the dataset), and the lake-maximum
volume after 2019 (𝐾 = 20, 𝑝 = 0.36). The temporal convergence at Petermann among
lake-maximum area, elevation, and volume in 2017–2020 is the focus of Section 5.4.
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Table 6. Mann-Kendall trend test results for observed JJA melt area, melt-feature elevation, and
lake volume, OST and PTM glaciers. Per year statistics derived from observed values, footprint
coverage threshold 10%. 𝜏 = Kendall’s tau; 𝑆 = Mann-Kendall statistic; 𝑧 = standardised test
statistic; ns = not significant (𝑝 > 0.05). 𝑛 = 12 for all series (2014–2025). Elevation values in
m a.s.l.; volume values in Mm3.

JJA Mean JJA Maximum

Var. AOI Series 𝜏 𝑆 𝑧 𝑝 𝜏 𝑆 𝑧 𝑝

Melt Area
C.H. Ostenfeld Glacier (OST)

Slush +0.333 22 1.44 ns 0.150 +0.364 24 1.58 ns 0.115
Lake +0.182 12 0.75 ns 0.451 +0.091 6 0.34 ns 0.732
C. +0.333 22 1.44 ns 0.150 +0.333 22 1.44 ns 0.150

Petermann Glacier (PTM)
Slush +0.121 8 0.48 ns 0.631 +0.152 10 0.62 ns 0.537
Lake +0.091 6 0.34 ns 0.731 +0.182 12 0.75 ns 0.451
C. +0.121 8 0.48 ns 0.631 +0.152 10 0.62 ns 0.537

Melt-Feature Elevation
C.H. Ostenfeld Glacier (OST)

Slush −0.061 −4 −0.21 ns 0.837 −0.152 −10 −0.62 ns 0.537
Lake −0.182 −12 −0.75 ns 0.451 −0.030 −2 −0.07 ns 0.945
C. −0.061 −4 −0.21 ns 0.837 −0.152 −10 −0.62 ns 0.537

Petermann Glacier (PTM)
Slush +0.030 2 +0.07 ns 0.945 +0.152 10 +0.62 ns 0.537
Lake −0.121 −8 −0.48 ns 0.631 +0.242 16 +1.03 ns 0.304
C. −0.061 −4 −0.21 ns 0.837 +0.152 10 +0.62 ns 0.537

Lake Volume
C.H. Ostenfeld Glacier (OST)

Lake −0.152 −10 −0.62 ns 0.537 +0.061 4 +0.21 ns 0.837

Petermann Glacier (PTM)
Lake −0.030 −2 −0.07 ns 0.945 +0.242 16 +1.03 ns 0.304
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Table 7. Pettitt’s change-point test results for observed JJA melt area, melt-feature elevation, and
lake volume, OST and PTM glaciers. Per year statistics derived from observed values, footprint
coverage threshold 10%. 𝐾 = Pettitt test statistic; CP = estimated change-point year (year after
which shift occurs); ns = not significant (𝑝 > 0.05). 𝑛 = 12 for all series (2014–2025). Elevation
values in m a.s.l.; volume values in Mm3.

JJA Mean JJA Maximum

Variable AOI Series 𝐾 CP year 𝑝 𝐾 CP year 𝑝

Melt Area
C.H. Ostenfeld Glacier (OST)

Slush 21 2020 ns 0.291 21 2020 ns 0.290
Lake 20 2023 ns 0.361 16 2023 ns 0.621
C. 21 2020 ns 0.291 21 2020 ns 0.291

Petermann Glacier (PTM)
Slush 17 2018 ns 0.545 17 2018 ns 0.539
Lake 14 2021 ns 0.759 21 2020 ns 0.300
C. 17 2018 ns 0.545 17 2018 ns 0.539

Melt-Feature Elevation
C.H. Ostenfeld Glacier (OST)

Slush 14 2015 ns 0.753 17 2018 ns 0.535
Lake 16 2023 ns 0.624 12 2017 ns 0.877
C. 12 2015 ns 0.875 17 2018 ns 0.535

Petermann Glacier (PTM)
Slush 17 2018 ns 0.535 18 2017 ns 0.482
Lake 14 2023 ns 0.755 24 2017 ns 0.169
C. 15 2018 ns 0.684 18 2017 ns 0.482

Lake Volume
C.H. Ostenfeld Glacier (OST)

Lake 12 2023 ns 0.879 15 2020 ns 0.687

Petermann Glacier (PTM)
Lake 9 2018 ns 0.991 20 2019 ns 0.359
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Hamed-Rao autocorrelation correction. The Hamed-Rao modified MK was applied
to all twenty-eight observed series to test the robustness of the standard MK to lag-1
autocorrelation (Fig. 6). Zero significance changes were detected, with twenty-seven of
twenty-eight series returning a variance-inflation factor of 1.00, indicating no measur-
able lag-1 autocorrelation in the raw annual aggregates. The single exception, Petermann
area lake-mean, returns variance inflation of 0.36 (anti-correlation, which slightly lowers
the MK 𝑝 from 0.73 to 0.57). The lag-1 Spearman 𝜌 = 0.682 flagged in Section 5.7 is
a residual autocorrelation (current-year residual against prior-year raw response) and is
statistically distinct from raw-series autocorrelation.

Figure 6. Comparison of p-values from the standard Mann-Kendall test (blue circles) and the Hamed-Rao
autocorrelation-corrected modification (red diamonds) for all 28 observed JJA time series, spanning three
response variables (area, elevation, volume), two areas of interest (Ostenfeld, Petermann), and multiple
surface categories (lake, slush, combined; maximum and mean). Vertical dashed lines indicate signific-
ance thresholds at 𝑝 = 0.05 and 𝑝 = 0.10. For 27 of 28 series, corrected p-values are identical to the
standard values. The only series showing a with shift is Petermann area lake_mean (black line), where
anti-correlation in the ranked data reduces the corrected variance and lowers 𝑝 from 0.73 to 0.57, without
altering the significance classification.

The ratio of JJA maximum slush area to JJA maximum lake area, computed annually
per AOI from 10-day blocks, ranges from 1.4 to 34.2 at Ostenfeld and from 1.8 to 15.5 at
Petermann (discussed further in Section 6.6). Ostenfeld 2025 is a single extreme outlier
with a ratio of 34.2, driven by a highly slush-dominant melt season (slush-maximum
= 263 km2 against lake-maximum = 7.7 km2). Petermann peaks at 15.5 in 2015 and
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Ostenfeld at 14.8 in 2023. Both glaciers have lower ratios in low-melt years: Petermann
2017 (1.8) and Ostenfeld 2024 (3.0) are the cleanest anchors. High slush dominance (ra-
tios near 14) is reached at both glaciers in the high-melt 2023 season (Ostenfeld 14.8,
Petermann 14.2). Across all twelve years, the median slush-to-lake ratio is 8.8 at Osten-
feld and 4.9 at Petermann, indicating that combined area is dominated by slush in every
year at Ostenfeld, whereas at Petermann the slush:lake ratio varies between low-melt
parity and high-melt slush dominance.

Three Petermann lake-maximum series (area, elevation, and volume) share positive
Mann-Kendall 𝜏 and Pettitt change points clustered in the 2017–2019 window (Table 6,
Table 7). The convergence is discussed in Section 6.5.

Baseline selection Baseline windows for the anomaly analysis were selected automat-
ically by ranking all contiguous 3-year windows on (i) at least three valid 5-window
blocks per year, (ii) per-window AOI footprint coverage of at least 20 % per year, and
(iii) no year above the 75th-percentile combined-maximum area, with eligible windows
ranked by lowest coefficient of variation. The selected window is 2017-2018-2019 at
Ostenfeld and 2016-2017-2018 at Petermann (Table 8). The same baseline window is
applied to every area, elevation, and volume metric in this section so all anomalies are
mutually comparable. Because the algorithm by design excludes high-melt years, the
selected baseline is dominated by the lowest-melt years of the record, and recent-year
anomalies are reported relative to a low baseline.

Table 8. Baseline-period means by AOI and metric family, for Ostenfeld (Ost) and Petermann
(Ptm). All rows use the same 3-year baseline per AOI (2017–2018–2019 Ost, 2016–2017–2018
Ptm). Values in km2 for area, m a.s.l. for elevation, and Mm3 (million m3) for volume.

Family AOI comb. max comb. mean slush max slush mean lake max

Area (km2) Ost 97.67 25.80 87.25 20.48 10.43
Area (km2) Ptm 112.62 50.74 82.41 32.64 33.11
Elev (m a.s.l.) Ost 1488.88 762.63 1488.88 792.64 1328.74
Elev (m a.s.l.) Ptm 1497.01 345.40 1497.01 416.99 1363.76
Volume (Mm3) Ost – – – – 17.01
Volume (Mm3) Ptm – – – – 58.44

The sensitivity of the major 2023 anomaly to baseline choice is given in Table 9 and
shown in Fig. 7. The four baseline definitions are described in Section 4.6.3. Osten-
feld anomalies are robust across all four baseline definitions (×2.8-fold to ×4.9-fold for
2023), while the Petermann 2023 fold-anomaly varies between ×3.1-fold and ×13.3-fold
depending on which reference period is used. Petermann 2023 was 3–13× the pre-high-
melt-regime baseline, with the ×13.3 figure being the most baseline-dependent number
in the dataset.
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Table 9. Sensitivity of the 2023 melt anomaly to baseline choice, for Ostenfeld (Ost) and
Petermann (Ptm). Ostenfeld anomalies are robust across all four baseline definitions. The
Petermann 2023 ×13.3 anomaly is the most dependent on the algorithm-selected baseline. Bold
values are the Petermann 2023 fold anomalies under each baseline definition.

Baseline Ost base (km2) Ptm base (km2) Ost 2023 fold Ptm 2023 fold

Algorithm (CV) 98 113 ×4.9 ×13.3
Pre-2020 mean 109 334 ×4.4 ×4.5
Record median 107 231 ×4.4 ×6.5
Full-record mean 169 476 ×2.8 ×3.1

Figure 7. Annual combined-maximum area anomaly (%) relative to four alternative baseline definitions
for Ost. (a) and Ptm. (b). The algorithm-selected baseline (red) produces the largest Ptm. anomalies.
The full-record mean (purple) produces the most conservative estimates. Pre-2020 mean (green) and full
record median (blue) are consistently between the CV and record mean poles. Ost. anomalies follow the
same pattern but are more consistent across all definitions with less variation from baseline choice.
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Figure 8. Annual JJA area anomalies, volume anomalies, and elevation anomalies relative to the lowest
coefficient of variance baseline (2017–2019 Ostenfeld, 2016–2018 Petermann), for Ostenfeld (top rows)
and Petermann (bottom rows). Colored bars show the positive anomaly (red) and negative anomaly (blue).
The baseline window is shaded grey. Area anomalies (a–h) are given for combined-maximum area (a,
e), mean area (b, f), maximum slush (c, g), and lake area (d, h). Petermann combined-maximum area
anomaly (e) in 2023 is +1227%, followed by near-baseline melt area in 2024 with a moderate Petermann
lake-area anomaly (h). Ostenfeld combined-maximum area (a) is +385% above baseline, and moderately
below baseline in 2024. Volume anomalies (i–l) are measured in maximum (i, k) and mean (j, l) annual
volume. The lake-maximum drained volume peaks in 2023 and 2022 at both Petermann and Ostenfeld.
Mean-volume anomaly distribution is more sporadic. Elevation anomalies (m–r) at Petermann 2015,
2019, and 2023 reach roughly twice the baseline mean. The Ostenfeld anomalies are smaller in relative
terms because the Ostenfeld baseline mean elevation is higher and maxima extend beyond study area
boundary in most years. A black tick mark at each year marks scaled anomaly (not discussed). For scaled
data see appendix E.
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Combined-maximum area. The two AOIs share the 2022–2023 high-melt regime but
diverge sharply in 2024 (Ostenfeld collapses, Petermann partially recovers) and again in
2025 (Ostenfeld rebounds to ×2.8, Petermann falls below baseline). The area anomalies
are shown in panels (a)–(h) of Fig. 8 for four metrics (combined maximum, combined
mean, slush maximum, lake maximum). Annual combined-maximum area anomalies
are shown in Table 10.

Table 10. Annual combined-maximum area anomalies relative to the algorithm-selected
baseline (% and fold-change), for Ostenfeld (Ost) and Petermann (Ptm). Baseline years (it-
alicised) are shown for completeness; their per-row deviations are by construction smaller than
non-baseline rows. Bold values are the single most extreme positive (Ptm 2023) and negative
(Ost 2024) anomalies in the table.

Year Ost Ptm

2014 −28.5% (×0.71) +152.7% (×2.53)
2015 +125.3% (×2.25) +545.7% (×6.46)
2016 −29.2% (×0.71) +17.8% (×1.18)

2017 −18.7% (×0.81) −36.4% (×0.64)

2018 +22.6% (×1.23) +18.6% (×1.19)

2019 −3.9% (×0.96) +480.1% (×5.80)
2020 −25.4% (×0.75) +57.5% (×1.58)
2021 +138.5% (×2.38) +652.7% (×7.53)
2022 +196.5% (×2.97) +736.4% (×8.36)
2023 +384.8% (×4.85) +1227.1% (×13.27)
2024 −62.8% (×0.37) +47.0% (×1.47)
2025 +177.1% (×2.77) −31.5% (×0.69)

Combined-mean area. For combined-mean area the strongest anomalies are: Petermann
2023 +569.9%; Petermann 2022 +419.1%; Petermann 2019 +288.5%; Ostenfeld 2023
+434.2%; Ostenfeld 2025 +185.1%; Ostenfeld 2022 +149.8%.

Slush-lake decomposition. The combined-maximum area anomaly is dominated by the
slush component at both AOIs (Fig. 8, panels (c), (d), (g), and (h)). Petermann slush-
maximum 2023 anomaly is 1594.5 % (×16.95), set against Petermann lake-maximum
2023 of 196.3 % (×2.96). At Ostenfeld 2023, slush-maximum anomaly is 408.7 %
(×5.09) vs lake-maximum 184.7 % (×2.85). At every year above the 50 % anomaly
threshold, the slush component carries two-to-five times the magnitude of the lake com-
ponent. This is consistent with the slush-to-lake ratio observation in Section 5.3 that
slush is the largest melt area component at both glaciers, more strongly at Ostenfeld.

The 2024 Petermann divergence is notable. Combined-maximum 47.0 % is a low-
positive year, but lake-maximum is 65.0 % (high) while slush-maximum is 44.4 % (low).
The combined-maximum metric averages these two opposing signals to a small posit-
ive number. This is the area component of the 2024 Petermann area-versus-drainage
decoupling described later in Section 5.10.

The 2025 Ostenfeld asymmetry shows the converse behavior, with a combined max-
imum anomaly of 177.1 %, indicating a strongly positive deviation. This response is
mainly controlled by a slush-maximum anomaly of 202.0 %, while the lake-maximum
anomaly drops to −26.1 %, constituting the lowest single-year lake-area anomaly ob-
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served at Ostenfeld. Consequently, during the 2025 rebound phase, slush constitutes
the dominant temporary storage component at Ostenfeld.

The same baseline window (2017–2019 Ostenfeld, 2016–2018 Petermann) is applied
to volume for cross-family consistency with the area subsection. Annual lake-volume
anomalies are shown in Table 11; the matching volume-anomaly panels are shown in
Fig. 8 panels (i)–(l).

Petermann single-year volume anomaly is +77.3% (×1.77). This is the volume com-
ponent of the Petermann 2023 anomaly but represents a smaller multiple of the baseline
(×1.77) than the corresponding combined-maximum area anomaly (×13.3). The volume
anomaly is dampened relative to the area anomaly because lake-volume scales more
slowly than slush + lake area.

For lake-mean volume the year-to-year spread is much smaller. The largest positives
are Petermann 2016 +33.4% (baseline year), Petermann 2019 +28.9%, Petermann 2022
+28.4%; negatives are Petermann 2017 −32.1% (baseline year), Petermann 2025 −26.3%,
Ostenfeld 2015 −17.3%.

Table 11. Annual lake-maximum volume anomalies relative to the algorithm-selected baseline
(% and fold-change), for Ostenfeld (Ost) and Petermann (Ptm). Ptm 2023 is the strongest single-
year volume anomaly; Ptm 2024 is the year of the largest area-vs-volume divergence (high
volume despite low combined-area) Largest anomalies are bold.

Year Ostenfeld Petermann

2014 +5.6% (×1.06) +6.2% (×1.06)
2015 +23.0% (×1.23) +5.4% (×1.05)
2016 −4.1% (×0.96) +27.7% (×1.28)
2017 +9.6% (×1.10) −16.7% (×0.83)
2018 +3.7% (×1.04) −11.0% (×0.89)
2019 −13.3% (×0.87) +4.7% (×1.05)
2020 +9.3% (×1.09) +8.5% (×1.09)
2021 +19.7% (×1.20) +27.3% (×1.27)

2022 +59.7% (×1.60) +60.2% (×1.60)
2023 +51.7% (×1.52) +77.3% (×1.77)
2024 +9.3% (×1.09) +48.4% (×1.48)
2025 −26.9% (×0.73) −27.0% (×0.73)

Elevation anomalies Elevation anomalies (Table 12) are reported on the same baseline
window as the area and volume products. At Ostenfeld the slush-maximum and combined-
maximum series sit within ±1.5 % of the 1500 m AOI boundary across every year of the
record (range 1471 to 1501 m); the implications of this for interpretation are discussed
in Section 6.3. Mean elevations carry the interpretable signal at both sites, with the
matching anomaly panels shown in Fig. 8 panels (m)–(r); annual Petermann values are
given in Table 12.

Petermann combined-mean elevation anomalies are high in 2015, 2019, and 2023, with
combined-means close to or greater than twice the baseline (102.4 %–109.1 %; ×2.02–
×2.09). The slush-mean behaves similarly, with its strongest anomalies in 2023, 2019,
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and 2022 (83.2 %–114.5 %). Lake-mean elevations peak in 2015 and 2019 (119.9 %–
132.7 %; ×2.20–×2.33), consistent with mid-elevation lakes reaching high absolute el-
evations against a small baseline mean (273.8 m, dominated by the low-melt 2016–2018
window). Because that baseline mean is small, percent anomalies can appear inflated;
Table 12 therefore reports both % anomalies and absolute m values.

Ostenfeld combined-mean elevation anomalies are smaller in relative terms (−13.1 %
to 18.9 %) because the Ostenfeld baseline mean (762.6 m) is larger and the year-to-year
spread is narrower. The strongest positive years are 2014 (18.9 %), 2023 (17.1 %), 2021
(13.8 %); the strongest negative is 2018 (−8.1 %, baseline year). The Ostenfeld signal is
the counterpart to the Petermann “melt-elevation expansion” but is smaller in fractional
terms.

Table 12. Petermann (Ptm) annual JJA mean-elevation anomalies (observed only) relative to
the 2016–2018 baseline. Combined-mean, slush-mean, and lake-mean reach roughly twice the
baseline in the strongest years (2015, 2019, 2023). Both the percent anomaly and the absolute
value (m a.s.l.) are shown because the small baseline-period mean inflates the relative anomalies.

Combined mean Slush mean Lake mean

Year % m a.s.l. % m a.s.l. % m a.s.l.

2014 +59.3 550.1 +59.2 663.9 +59.3 436.3
2015 +102.4 699.1 +82.5 761.0 +132.7 637.2
2016 +22.2 421.9 +15.3 480.7 +32.6 363.2
2017 −6.8 321.8 −13.8 359.4 +3.8 284.3
2018 −15.3 292.4 −1.5 410.8 −36.5 174.0
2019 +109.1 722.1 +101.9 842.0 +119.9 602.2
2020 +53.1 528.8 +44.2 601.2 +66.7 456.4
2021 +51.8 524.2 +36.9 571.0 +74.4 477.4
2022 +88.4 650.7 +83.2 763.9 +96.3 537.5
2023 +105.8 710.7 +114.5 894.5 +92.5 527.0
2024 +33.0 459.4 +36.0 567.0 +28.5 351.8
2025 −1.7 339.6 +0.9 420.5 −5.5 258.7

For each AOI, OSL fits of annual JJA melt-response metrics against aggregated ERA5-
Land JJA predictors are summarized by Pearson 𝑅2 and two-tailed 𝑝-values. The strongest
statistical result in the dataset is the per-AOI coupling between JJA maximum (single-
day peak) ERA5-Land 2 m air temperature (𝑇2𝑚 JJA max) and JJA maximum melt re-
sponse at Petermann. Petermann combined-maximum area regressed against 𝑇2𝑚 JJA
maximum gives 𝑅2 = 0.85 (𝑝 = 2.2×10−5), Petermann slush-maximum area 𝑅2 = 0.85
(𝑝 = 2.3 × 10−5), and Petermann lake-maximum area 𝑅2 = 0.69 (𝑝 = 8.4 × 10−4).
Petermann lake-maximum volume against 𝑇2𝑚 JJA maximum sits just above the con-
ventional threshold (𝑅2 = 0.32, 𝑝 = 0.053). Petermann slush-maximum and combined-
maximum elevation against 𝑇2𝑚 JJA maximum give 𝑅2 = 0.36 (𝑝 = 0.039). The
corresponding Ostenfeld relationships are weaker in comparison. Ostenfeld combined-
maximum area 𝑅2 = 0.25 (𝑝 = 0.10), Ostenfeld lake-maximum area 𝑅2 = 0.28 (𝑝 =
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0.08), and Ostenfeld lake-maximum volume 𝑅2 = 0.16 (𝑝 = 0.19). One negative trend-
ing result is the Ostenfeld 𝑇2𝑚 mean against slush-maximum elevation (𝑟 = −0.794,
𝑝 = 0.002). Interpretation is discussed in Section 6.3.

JJA mean predictors are weaker than JJA maximum predictors. At Petermann, 𝑇2𝑚
JJA mean against combined-maximum area returns 𝑅2 = 0.04 (𝑝 = 0.51), set against
𝑅2 = 0.85 for the peak-temperature predictor. Downwelling shortwave predictors (SW↓
JJA mean and max) are also weaker than 𝑇2𝑚 at both AOIs, with all 28 SW combinations
returning 𝑝 > 0.10. The inter-glacier asymmetry in the peak-temperature regressions is
interpreted in Section 6.3. The condensed 28-combination 𝑅2 + 𝑝 table covering all four
predictor families, both AOIs, and the seven response variables is provided in Table 13.
Scatter plots for (𝑇mean, 𝑇max), (SWmean, SWmax) against all maximum melt metrics are
given in appendix B.

Table 13. ERA5-Land 𝑅2 summary, 𝑛 = 12 years (2014–2025), per-AOI OLS regression of each
JJA response on each JJA climate predictor, for Ostenfeld (Ost) and Petermann (Ptm). Cells are
𝑅2; significance: ∗∗∗ 𝑝 < 0.001, ∗∗ 𝑝 < 0.01, ∗ 𝑝 < 0.05, no mark 𝑝 ≥ 0.05. The four predictor
families are JJA mean and JJA maximum 2 m air temperature (𝑇mean, 𝑇max) and downwelling
shortwave (SWmean, SWmax). The seven responses are slush, lake, and combined area (each
with mean and max), plus lake volume max. Ptm peak-temperature couplings (column 2) are
the strongest results in the dataset; Ost shows weaker and noisier coupling on the same axes.

Ost Ptm

Response 𝑇mean 𝑇max SWmean SWmax 𝑇mean 𝑇max SWmean SWmax

Slush mean (km2) 0.00 0.22 0.00 0.01 0.04 0.67∗∗ 0.07 0.05
Slush max. (km2) 0.01 0.25 0.01 0.02 0.04 0.85∗∗∗ 0.08 0.12
Lake mean (km2) 0.01 0.30 0.04 0.02 0.10 0.36∗ 0.06 0.05
Lake max. (km2) 0.00 0.28 0.01 0.08 0.10 0.69∗∗∗ 0.00 0.11
Combined mean (km2) 0.00 0.23 0.00 0.01 0.04 0.66∗∗ 0.07 0.05
Combined max. (km2) 0.01 0.25 0.01 0.03 0.04 0.85∗∗∗ 0.08 0.12
Lake max. vol (Mm3) 0.01 0.16 0.03 0.09 0.07 0.32 0.01 0.12

The Petermann JJA 𝑇2𝑚 maximum ranges from 0.7 ∘C (2013) to 4.6 ∘C (2023); the
2024 (1.5 ∘C) and 2025 (1.4 ∘C) values sit at the cool end of the record, consistent with
the post-2023 melt collapse in Fig. 3. The Ostenfeld JJA 𝑇2𝑚 maximum ranges from
3.1 ∘C (2013) to 7.7 ∘C (2021); 2024 (3.8 ∘C) and 2025 (4.2 ∘C) are mid-low. Petermann
JJA 𝑇2𝑚 mean stays negative throughout the record (−4.7 to −1.8 ∘C). Annual JJA mean
and maximum 𝑇2𝑚 at both AOIs are shown in Fig. 9; the matching downward-shortwave
context figure is provided as supplementary.

Analog pairs. Analog pair analysis finds years with similar climate forcing but dif-
ferent melt response. A flagged pair indicates that, despite similar climate (predictor)
conditions, the melt response of the two years deviated from the climate–melt OLS
fit (Eq. 2, Section 4.6.4) by a substantial amount, meaning the climate-corrected melt
responses differ strongly. Larger flag counts mean the same pair recurs across more
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Figure 9. ERA5-Land annual JJA mean and maximum 2 m air temperature (𝑇2𝑚) at Ostenfeld (top) and
Petermann (bottom) for 2013–2025. Petermann remains below 0 ∘C in JJA mean across the entire record.

predictor / response combinations. A pair was flagged when the absolute difference in
predictor 𝑧-score was less than 0.5 SD and the absolute difference in climate-corrected
response 𝑧-score exceeded 1.0 SD (Eq. 3, Section 4.6.4). A total of 846 pair flags were
produced across the 56 AOI-specific combinations. The most-flagged pairs, where the
count is the number of predictor / response combinations in which the pair was flagged,
are Petermann 2021–2023 (32 flags, the most-flagged pair in the dataset), Petermann
2018–2022 (26), Ostenfeld 2016-2023 (26), Petermann 2023-2025 (24), Petermann
2016–2023 (24), and Ostenfeld 2019–2023 (24). The top-five analog-pair scatter is
interpreted in Section 6.6. The top-fifteen most-flagged pairs are shown in Table 14.

Lag-1 residual correlation. The Spearman rank correlation between the current-year
climate-corrected melt response (Eq. 2) and the prior-year raw response was computed
for 𝑛 = 11 years, separately for each AOI / predictor / response combination (Table 15).
One coefficient is significant at 𝑝 < 0.05. Petermann area against 𝑇2𝑚 JJA maximum as
predictor, with lake-maximum area as response, returns 𝜌lag1 = 0.682 (𝑝 = 0.021). Two
further Petermann area combinations are near-significant. 𝑇2𝑚 JJA maximum against
Petermann slush-maximum and combined-maximum area both return 𝜌lag1 = 0.555
(𝑝 = 0.077). All Ostenfeld lag correlations have 𝑝 > 0.21.

Recovery rates are the trough-to-peak OLS slopes of annual JJA combined-mean melt
area versus year, computed on the raw series and on the climate-corrected melt response
from the per-AOI climate–melt OLS fits (Eq. 2). Per-AOI fits give Petermann 𝑇max 𝑅2 =
0.66 (adj. 0.62) and 𝑇max + SWmean 𝑅2 = 0.69 (adj. 0.62). Ostenfeld 𝑇max 𝑅2 = 0.23
(adj. 0.15) and 𝑇max + SWmean 𝑅2 = 0.26 (adj. 0.09). Cycle slopes under raw, 𝑇mean-
, 𝑇max-, and 𝑇max + SWmean-corrected fits are summarised in Table 16 and shown in
Fig. 10.
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Table 14. Top 15 most-flagged analog pairs in the hysteresis screen, for Ostenfeld (Ost) and
Petermann (Ptm). A pair (year 𝑎, year 𝑏) is flagged within a predictor / response combina-
tion when the predictor is similar (|Δ𝑧met| < 0.5 SD) but the climate-corrected response differs
(|Δ𝑧resid| > 1.0 SD). Count is the number of (predictor, response) combinations in which the pair
was flagged (maximum 56 per AOI). 2023 appears in 8 of the top 15 pairs.

Rank AOI Year 𝑎 Year 𝑏 Flags

1 Ptm 2021 2023 32
2 Ost 2016 2023 26
3 Ptm 2018 2022 26
4 Ost 2019 2023 24
5 Ptm 2016 2023 24
6 Ptm 2023 2025 24
7 Ost 2016 2022 22
8 Ost 2020 2023 20
9 Ost 2020 2025 20

10 Ptm 2021 2025 17
11 Ost 2016 2021 16
12 Ost 2015 2017 14
13 Ost 2017 2018 14
14 Ost 2018 2023 13
15 Ost 2023 2024 13

Table 15. Lag-1 residual Spearman correlation between current-year climate-corrected melt
response (Eq. 2) and the prior-year raw response, for Ostenfeld (Ost) and Petermann (Ptm).
𝑛 = 11. Cells are Spearman 𝜌lag1, marked with ∗ at 𝑝 < 0.05 and unmarked at 𝑝 ≥ 0.05.
Petermann slush, combined and lake area maxima against 𝑇max are the strongest positive results,
with lake maximum the only signal with conventional significance (𝜌lag1 = +0.682, 𝑝 = 0.021).

Ost Ptm

Response 𝑇mean 𝑇max SWmean SWmax 𝑇mean 𝑇max SWmean SWmax

Slush mean (km2) −0.14 +0.22 −0.14 −0.15 −0.11 +0.36 +0.17 +0.10
Slush max. (km2) −0.09 −0.03 −0.11 −0.26 +0.07 +0.55 +0.36 +0.15
Lake mean (km2) +0.25 +0.41 +0.28 +0.29 −0.15 −0.05 −0.14 −0.05
Lake max. (km2) +0.35 +0.31 +0.39 +0.22 +0.35 +0.68∗ +0.29 +0.22
Combined mean (km2) −0.14 +0.25 −0.14 −0.10 +0.00 +0.36 +0.17 +0.10
Combined max. (km2) −0.04 −0.01 −0.13 −0.23 +0.15 +0.55 +0.36 +0.25
Lake max. vol (Mm3) +0.20 +0.36 +0.22 +0.08 +0.41 +0.24 +0.35 +0.38
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Across both AOIs, cycle slopes vary with the choice of climate correction (Table 16,
Fig. 10). At Ostenfeld, the cycle 1 slope is small and positive in the raw and 𝑇mean fits
(3.4 and 3.3 km2 yr−1, respectively) but is negative under 𝑇max-based correction (−9.5
and −14.4 km2 yr−1 for 𝑇max and 𝑇max + SWmean, respectively). Ostenfeld cycle 2 re-
mains positive under all fits (raw 34.6 km2 yr−1, corrected 27.7 to 28.3 km2 yr−1 under
𝑇max-based models). At Petermann, both cycles remain positive under all fits. Cycle 1
decreases from 80.7 km2 yr−1 (raw) to 46.7 km2 yr−1 (𝑇max-corrected), and cycle 2 de-
creases from 96.9 km2 yr−1 (raw) to 39.6 km2 yr−1 (𝑇max-corrected).

Table 16. Recovery-rate slopes (km2 yr−1) for the two cycles at each AOI, under raw and three
climate-corrected fits, for Ostenfeld (Ost) and Petermann (Ptm).

AOI Cycle Years Raw 𝑇mean 𝑇max 𝑇max + SWmean

Ost 1 2017–2019 +3.4 +3.3 −9.5 −14.4
Ost 2 2020–2023 +34.6 +34.6 +27.7 +28.3
Ptm 1 2017–2019 +80.7 +53.3 +46.7 +34.5
Ptm 2 2020–2023 +96.9 +98.7 +39.6 +47.3

Figure 10. Recovery-rate analysis for annual JJA combined-mean melt area at (a–b) C.H. Ostenfeld Gla-
cier and (c–d) Petermann Glacier. Panels (a) and (c) show the two trough-to-peak windows (cycle 1 covers
2017–2019 and cycle 2 covers 2020–2023) as years since the cycle trough, with dashed lines indicating
OLS fits. Panels (b) and (d) summarise cycle slopes (km2 yr−1) for raw area and for the climate-corrected
melt response after removing linear associations with ERA5 𝑇mean, 𝑇max, and 𝑇max + SWmean. Error bars
are 95 % bootstrap CIs. Annotated Δ values indicate the raw difference in slope between cycles (cycle 2
minus cycle 1), with significance as marked.

Persistency scores. Both slush and lakes are persistent in the southwest and unrepresen-
ted in the northeastern sectors of both study areas Fig 11. Slush occurs over a wider area
of both study area but is less persistent year-to-year while lakes are strongly confined,
recurring over a smaller area with high persistency (Fig. 11).
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Figure 11. Melt persistency heatmap for Petermann (top row), and Ostenfeld (bottom row) for slush ((a),
(d)), lakes ((b), (e)), and combined ((c), (f)). Pixel value is the count of 2-day windows in 2014–2025 in
which the pixel was classified as lake, or slush. Values have been normalized to 40 and symbolized yellow
(low) to purple (high). AOIs are not to scale, see scale bars. Persistent melt at both glaciers occupies a
western to southwestern zone in each study area, while the eastern interior remains underrepresented
across the twelve years. (CRS: EPSG:3413, WGS 84 / NSIDC Sea Ice Polar Stereographic North)
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Classified block maps. The annual maximum-melt block maps (Fig. 12, Fig. 13) con-
trast clearly between high-melt years (2019, 2022 at Petermann; 2023 at Ostenfeld) and
low-melt years (2017, 2024), and highlight the extreme 2023 melt extent on Petermann.

RGB medoid mosaics. The annual maximum-melt RGB composites (Fig. 14, Fig. 15)
provide a visual reference alongside the classified block maps and the quantitative time
series (Fig. 3), illustrating the inter-annual range in melt extent at both glaciers.

Figure 12. The 10-day block for each study year with maximum lake (blue) and slush (green) by combined
area for Ostenfeld, 2014–2025. Each panel shows 10-day block vectors overlaid on the study area polygon.
The block start date for each year is printed along the panel bottom. (CRS: EPSG:3413, WGS 84 / NSIDC Sea Ice
Polar Stereographic North)
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Figure 13. The 10-day block for each study year with maximum lake (blue) and slush (green) by com-
bined area for Petermann, 2014–2025. Each panel shows 10-day block vectors overlaid on the study area
polygon. The block start date for each year is printed along the panel bottom. (CRS: EPSG:3413, WGS 84 /
NSIDC Sea Ice Polar Stereographic North)
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Figure 14. Annual JJA maximum-melt RGB medoid mosaics for Ostenfeld, 2014–2025. Each panel
shows the median pixel reflectance over the 2-day window with the maximum combined area in that year.
(CRS: EPSG:3413, WGS 84 / NSIDC Sea Ice Polar Stereographic North)
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Figure 15. Annual JJA maximum-melt RGB medoid mosaics for Petermann, 2014–2025. Each panel
shows the median pixel reflectance over the 2-day window with the maximum combined area in that
year.(CRS: EPSG:3413, WGS 84 / NSIDC Sea Ice Polar Stereographic North)
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The persistent-lake inventory (Section 4.6.5) identifies 57 lakes at Petermann and 46
at Ostenfeld; of these, 29 and 22 have at least one full drainage event over the record
respectively, while the remainder show no recorded full drainage (Fig. 16).

(a) Petermann (b) Ostenfeld

Figure 16. Persistent lakes colored by the number of drainage events recorded over 2014–2025, shown
for (a) Petermann and (b) Ostenfeld. Lake counts include full and partial drainage, where a full drainage
represents more than 80% volume loss and partial drainage represents between 40% and 80% volume
loss.

Drainage events were detected using the algorithm of Section 4.6.6.

A total of 1,744 drainage events were detected across both AOIs over 2014–2025 (Os-
tenfeld: 396 full + 440 partial = 836; Petermann: 392 full + 516 partial = 908). Annual
full-drainage counts at Petermann range from a minimum of 10 (2017) to a maximum of
69 (2024), with 35, 41, 26, 10, 23, 21, 40, 15, 38, 49, 69, and 25 events for years 2014
through 2025 respectively. Aggregate annual drainage volume at Petermann, integ-
rated over all detected events, ranges from 2.5 Mm3 (2017) to 34.5 Mm3 (2024), with
the year-by-year sequence 18.6, 14.6, 19.0, 2.5, 5.7, 9.7, 26.8, 11.5, 16.4, 21.3, 34.5,
and 8.2 Mm3. At Ostenfeld the corresponding aggregate volumes are smaller (2017:
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3.0 Mm3; 2022: 10.3 Mm3, the Ostenfeld peak; 2024: 10.1 Mm3). Per-AOI annual
drainage event counts (full plus partial) and DOY-resolved drainage volumes are shown
in Fig. 17 and Fig. 18; annual counts and aggregate volumes per AOI are shown in
Table 17.

Figure 17. Count of full (a) and partial (b) rapid supraglacial lake drainage events for Ostenfeld (green) and
Petermann (blue) per May-September melt seasons between 2014 and 2025. Full drainages are defined
as ≥ 80% decrease in volume between observations. Partial drainages are defined as between 40%–80%
decrease in volume between observations.

Petermann 2024 had a JJA combined-maximum area of only 165 km2 (a low-melt year,
×1.47 the algorithm-selected baseline) but produced the highest aggregate drainage
volume of the entire record (34.5 Mm3), the highest event count (124 total events),
and the highest full-drainage count (69) at either AOI. A weaker but related decoup-
ling occurred in 2020, where Petermann combined-maximum area was 177 km2 (near
baseline) but aggregate drainage volume was 26.8 Mm3, the third-highest of the record.
Both 2020 and 2024 follow immediately after a high-melt peak year (2019 and 2023
respectively). The largest individual drainage in the record is at Petermann lake P004,
2023-08-29 to 2023-09-04, with a single-event volume loss of 1.06 Mm3. The 2020 and
2024 decoupling is discussed further in Section 6.7.
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Figure 18. All windows by drainage volume and day of year for Ostenfeld (a), and Petermann (b). Win-
dows with rapid drainages (circles) and windows with only partial drainages (triangles) are colored by
according to year. Full drainages are defined as ≥ 80% decrease in volume between observations. Partial
drainages are defined as between 40%–80% decrease in volume between observations. Windows where
drained volume = 0 are not shown. Count of plotted windows per year is given alongside year color in
legend. The volume unit is millions of cubic meters (Mm3).

Table 17. Annual drainage-event counts and aggregate event volume per AOI, 2014–2025, for
Ostenfeld (Ost) and Petermann (Ptm). Full drainages lose ≥ 80 % of basin volume; Partial
drainages 40 to 80 %. Vol. is the per-year sum of event volume losses (Mm3 (million m3)). Ptm
2024 is the single highest year of the record on every drainage axis (events, full count, aggregate
volume) despite a near-baseline combined-area year, the area-vs-drainage decoupling discussed
in Section 5.10.2

Ost Ptm

Year Events Full Partial Vol. (Mm3) Events Full Partial Vol. (Mm3)

2014 71 39 32 7.6 79 35 44 18.6
2015 89 45 44 9.0 104 41 63 14.6
2016 48 24 24 6.4 74 26 48 19.0
2017 29 11 18 3.0 14 10 4 2.5
2018 49 26 23 5.9 35 23 12 5.7
2019 76 31 45 6.8 74 21 53 9.7
2020 77 36 41 8.4 103 40 63 26.8
2021 81 38 43 6.1 41 15 26 11.5
2022 79 36 43 10.3 112 38 74 16.4
2023 83 28 55 8.1 99 49 50 21.3
2024 73 39 34 10.1 124 69 55 34.5
2025 81 43 38 7.8 49 25 24 8.2

Total 836 396 440 89.4 908 392 516 188.8
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Drainage events span late June to early-September, with median day-of-year (DOY) in
mid-July to early August. Mann-Kendall trend tests on five timing metrics per AOI
(first-event DOY, first full-event DOY, median DOY, volume-weighted median DOY,
and 90th-percentile DOY) over 2014–2025 return no significant trends across all ten
tests (all 𝑝 > 0.13). The strongest non-significant directional signals are Petermann
median DOY trending later (𝜏 = +0.32, 𝑝 = 0.16) and Ostenfeld 90th-percentile DOY
trending later (𝜏 = +0.35, 𝑝 = 0.13). First-event DOY is essentially flat at both AOIs
(𝜏 ≈ 0.0–0.05). Hamed-Rao corrected 𝑝-values match the standard 𝑝-values to within
rounding for nine of ten tests, confirming that no autocorrelation caveat is required.
The absence of an early-onset trend suggests that the drainage season has not shifted
significantly in either direction. The Petermann median trending later is consistent with
the slush-dominated melt regime delaying lake formation into late summer. The timing
distributions are interpreted in Section 6.7.

Slush is the dominant melt feature by combined area at both glaciers in every year of the
record. The median slush-to-lake area ratio is 8.8 at Ostenfeld and 4.9 at Petermann.
Neither site approaches parity between the two classes in any single year. Three in-
dependent lake-maximum measures at Petermann (area, elevation, and volume) each
show a positive directional shift with Pettitt change points concentrated in the 2017–
2020 window, the strongest cross-variable signal in the dataset. Both glaciers reached
their highest melt extent in 2023. At Petermann the combined-maximum area reached
1495 km2 (×13.3 the algorithm-selected baseline) and at Ostenfeld 474 km2 (×4.9). In
2024, Petermann produced the highest aggregate drainage volume and full-event count
of the record (34.5 Mm3 and 69 full events) despite a near-baseline combined area of
165 km2. The same decoupling between surface melt extent and drainage delivery re-
curred at smaller magnitude in 2020, the year after the previous melt peak.

The chapter is organised around the four aims set out in Section 1.1. The methodology
applied in this work is adapted from established sources, and the rationale for the major
modifications is provided in Section 6.2. The statistical framing is also given there
because no Mann-Kendall or Pettitt test reaches 𝑝 < 0.05 at 𝑛 = 12, so the surface-
melt signals reported throughout are interpreted from effect sizes and the agreement of
independent measures rather than from formal significance.

The overarching interpretive thread is the contrast in climate sensitivity between the two
glaciers. The single-day summer maximum 2 m air temperature explains 𝑅2 = 0.85 of
Petermann combined-maximum area but only 0.25 of the same response at Ostenfeld,
placing the two sites in separate forcing regimes despite lying only ∼ 200 km apart
(Section 6.3). Slush is the dominant temporary surface store at both glaciers (Sec-
tion 6.4). The strongest multi-variable signal in the trend dataset is a 2017–2020 period
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of interest at Petermann, contemporaneous with documented dynamic change at the
grounding zone (Section 6.5). 2023 is the largest melt year of the record at both glaciers
(Section 6.6), and 2024 produced the highest aggregate drainage volume at Petermann
despite a near-baseline melt area (Section 6.7). Limitations and follow-on work are
summarised in Section 6.8, and the four aims are revisited in Section 7.

Several modifications were made to apply the classifier, which was developed for Ant-
arctic ice shelves (Dell et al., 2022), to the grounded-ice setting of northern Greenland.
Likewise, merging the classifier and lake volume retrieval (Moussavi et al., 2020; Pope
et al., 2016) with drainage event detection required further modifications. This section
provides justification for processing-level changes to cloud masking, shadow handling,
and mosaic construction (Section 6.2.1), and classification level changes to the training
data generation (Section 6.2.2). Finally, Section 6.2.3 establishes the support for the
statistical tests carried out by the present work.

Cloud, rock, and topographic shadows on ice are a significant source of false-positive
water classifications in automated optical SGL and slush mapping (Moussavi et al.,
2020; Dell et al., 2024; Tuckett et al., 2025; Mahagaonkar et al., 2024). The Dell et al.
(2022) random-forest method was developed for ice shelves, where low elevation and re-
latively smooth surface topography mean that glacial terrain shadows are neither prom-
inent nor spatially persistent across a study period. On the grounded ice of Petermann
and Ostenfeld, terrain shadows are a persistent source of classification error because
surface undulations cast shadows at the same locations under similar solar angles across
years. The slope mask introduced in Section 4.3.1, which removes pixels with slope
> 15 % from the training data, controls this error source without meaningful loss of
true slush or lake pixels since both are flow-state features strongly constrained by low-
gradient topography.

Temporal resolution in similar scale, automated random-forest studies ranges from 5
days (Glen et al., 2025b), to 15 days (Dell et al., 2022). Here, increased temporal resolu-
tion is required for high confidence rapid lake drainage detection, as noted by Fitzpatrick
et al. (2014) and supported by in situ observations demonstrating that rapid drainage oc-
curs on the scale of hours (Chudley et al., 2019). The adaptions listed and justified below
were made to the preprocessing workflow to increase the area available for mosaiking
and allow for the 2-day resolution achieved here.

Cloud masking: Landsat surface-reflectance products can be unreliable over high-albedo
snow and ice, particularly where aerosol retrieval fails (Pons et al., 2025; USGS, 2024),
and many glacial remote sensing and supraglacial-lake mapping studies instead use un-
corrected Level 1 top-of-atmosphere reflectance products (e.g., Pope et al., 2016; Mous-
savi et al., 2020; Tuckett et al., 2025). A consequence is that the QA-band cloud flags
underperform relative to lower-albedo land surfaces, and cirrus cloud in particular can
be confused with ice reflectance. The 𝐵9 < 0.008 cirrus threshold applied in Sec-
tion 4.4.1 addresses this gap and is based on the strict cirrus-band correction from Jiang
et al. (2024).

Shadow projection: The cloud shadow masking in similar studies is accomplished with
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multiband thresholds (e.g., Moussavi et al., 2020; Mahagaonkar et al., 2024) and large
buffers around detected clouds (e.g., Dell et al., 2024). Here, cloud-shadow masking
is achieved with a non-standard shadow vectors projection function. Standard cloud
shadow projection stamps the cloud footprint at discrete intervals along the solar-azimuth
vector at distances approximating a maximum cloud height parameter. In development
testing this stamp-based implementation required higher per-scene compute cost and
per-scene tuning of the maximum-height parameter than the fixed-stretch alternative.
The fixed 8 km shadow stretch developed here (Section 4.4.1) has uniform compute
cost across scenes and masks the shadows of detected clouds without per-scene tuning.

Mosaiking: The choice of medoid mosaics over quality mosaics (which select the highest
pixel value per cell) follows from the preference for contamination reduction. Qual-
ity mosaics are used in the source method (Dell et al., 2024, 2022). However cloud-
shadow pixels express anomalously high NDWI(ice) values that a maximum-value se-
lector would preferentially retain. The shorter compositing window used here increases
sensitivity to transient contamination and makes the median-proximity selection of the
medoid preferable.

The addition of NDWI(ice) as an input band to the k-means clustering stage (Section 4.3.2)
was motivated by the observation that clusters defined on reflectance bands alone did not
cleanly separate the slush class in the training scenes. Slush clusters were characterized
by lower reflectance here than reported in Antarctic studies (Dell et al., 2022, 2024). The
disparity can potentially be attributed to prevalence of ice algae in the study area and
the role of topographic factors (e.g., slope, aspect, elevation) on snow crystal reflectance
(Saydi and Ding, 2020). It is also consistent with Greenland slush-line studies in which
the slush signal transitions from uniform to heterogeneous mix of snow, slush, streams,
and exposed ice along a wider spectrum than in Antarctic mapping (Greuell and Knap,
2000; Machguth et al., 2023). Furthermore, the NDWI(ice) modification is corroborated
by work published during the course of this project from Glen et al. (2025a) who adopt
NDWI(ice) as a cluster input in their nine-year inventory.

The statistical tests used here (lag-1, anomaly analysis, analog pairs and recovery rate)
are implemented as process-diagnostic comparisons rather than as stand-alone proof of
trend given the twelve-year annual record. The anomaly analysis gives a reproducible
baseline for comparing melt-area, elevation, and volume anomalies across metrics. This
is following remote-sensing stability work in which deviations from a local reference
state identify unusually large responses (White et al., 2020). Analog pairs similarly
test climate-forcing, comparing years with similar ERA5 temperature and shortwave
conditions to isolate melt-response differences not explained by external forcing. This
is consistent with climate-analog approaches (Yegorova et al., 2025; Richardson et al.,
2024). The lag-1 residual correlation is interpreted as a memory or preconditioning
indicator rather than as raw series autocorrelation. The basis for this test comes from
critical-slowing and resilience studies where increased memory and slower recovery
indicate reduced system responsiveness (Boers and Rypdal, 2021; Boers, 2018), though
the application here is more cautious because 𝑛 = 12 and firn state is inferred from
the surface record rather than measured. The recovery-rate tests quantify how rapidly
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melt metrics rebound from low to high years and how much of the rebound remains
after climate correction, adapting established recovery-rate and resilience metrics to the
glacier surface-melt context (Veraart et al., 2012; Smith and Boers, 2023).

The anomaly analysis (Section 4.6.3) is supported by baseline sensitivity tests outlined
in Section 5.5. Sensitivity of reported anomalies to baseline window choice is given in
Fig. 7 and Table 9, and the Petermann 2023 fold-anomaly is the most baseline-sensitive
result in the dataset (×3.1 to ×13.3 across baseline definitions, Table 9). The algorithm-
selected baseline is retained as the primary reporting basis because the selection criteria
(low coefficient of variation, minimum coverage, exclusion of extreme years) are repro-
ducible and physically motivated.

Additionally, it should be noted that none of the Mann-Kendall or Pettitt tests reach
𝑝 < 0.05 at 𝑛 = 12 (Section 5.2.1, Table 6, Table 7). Hence, many of the arguments
here rely on effect sizes, the agreement of independent measures, and the physical con-
sistency rather than on formal significance. The record is short, the two glaciers behave
differently, and several of the strongest signals appear at Petermann alone. These fea-
tures determine both what can be claimed and what is left to later work.

The regressions in Section 5.6 (Eq. 2) identify the daily maximum, not the seasonal
mean, as the temperature variable that best tracks melt. At Petermann, JJA maximum
2 m air temperature explains 𝑅2 = 0.85 of combined-maximum area and the same frac-
tion of slush-maximum area, falling to 𝑅2 = 0.69 for lake-maximum area (Table 13,
Fig. 19). The seasonal-mean temperature explains almost none of the same variance
(𝑅2 = 0.04 for combined-maximum area), and downwelling shortwave is weak at both
glaciers (Fig. 20). A control by peak temperature rather than accumulated warmth fits
the behavior of slush, which the Greenland literature reports as the most melt-sensitive
surface class. Glen et al. (2025b) record a slush area roughly 47 times larger in a warm
summer than in the preceding cool one. Daily slush-limit mapping in western Green-
land likewise shows that the slush limit can rise quickly early in the melt season before
plateauing (Machguth et al., 2023; Greuell and Knap, 2000). Slush is therefore char-
acterized by quick response to warming, which supports the single warmest day of the
season as a strong predictor for slush area, as observed here. However, Machguth et al.
(2023) infer that enough melt energy was available to raise the slush limit by a further
∼ 300 m, but the limit stalled at the upper margin of near-surface ice slabs, indicating
an additional firn state control on slush to explain climate residual slush response.

Ostenfeld is the warmer of the two sites, with JJA maximum temperatures between 3.1
and 7.7 ∘C against 0.7 and 4.6 ∘C at Petermann (Fig. 9). Yet, its melt area responds
weakly and noisily to that forcing (𝑅2 = 0.25 for combined-maximum area, Fig. 19).
This is explained when incorporating mean metrics as a baseline for maxima. Petermann
has a colder mean, with JJA mean temperature between −4.7 and −1.8 ∘C across the
record, so melt there can be interpreted as episodic and tied to short warm excursions
that the maximum captures and the mean does not.

Ostenfeld is warmer than Petermann and its slush sits closer to the 1500 m AOI elevation
cap, so the elevation series saturates against the study-area ceiling. Part of its weak and
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Figure 19. Ostenfeld + Petermann scatter of JJA maximum 2 m temperature against JJA maximum melt
(a) area for slush, lake, and combined classes. Petermann (red) traces a tight steep relationship, while
Ostenfeld (blue) is markedly flatter and noisier on the same axes.

Figure 20. Annual melt area metrics at Ostenfeld (left) and Petermann (right) against ERA5-Land JJA
mean 2 m temperature (top row) and JJA mean downwelling shortwave radiation (bottom row).

even negative response is therefore likely an artifact of a too-restrictive AOI boundary
rather than a physical signal. The Ostenfeld slush-maximum series spans only 1471
to 1501 m across all twelve years, sitting within ±1.5 % of the boundary in every year,
and the resulting combined-maximum elevation anomalies are bounded between −1.2 %
and 0.8 %, which suggests little beyond the fact that the AOI ceiling is too low. The
negative correlation between Ostenfeld mean temperature and slush-maximum elevation
(𝑟 = −0.79, Section 5.5.2) should be interpreted the same way. A cold-mean but warm-
peak year pushes the slush limit against the ceiling, compressing the upper end of the
elevation response and producing an apparent inverse signal. The 1500 m study-area
boundary is a significant limitation for slush elevation analysis at Ostenfeld, and a wider
AOI would be the first step in any follow-on work at that site.

Slush carries most of the combined melt area at both glaciers across the record. The
median ratio of slush-maximum to lake-maximum area is 8.8 at Ostenfeld and 4.9 at
Petermann. Neither glacier reaches parity and at Ostenfeld the ratio reaches 34.2 in 2025
(Section 5.3, Fig. 21, 15, 14). The slush term also carries the anomaly more strongly. In
every year above the 50 % combined-area anomaly threshold the slush component is two
to five times the lake component (Fig. 8 panels (a)-(h)), and the 2025 Ostenfeld recovery
is almost entirely slush, with slush-maximum area at 202 % of baseline while lake-
maximum area fell to −26 % (Section 5.5.1). Slush dominance by area agrees with the
wider Greenland literature, where mapped slush is four to nine times the combined area
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of lakes and streams (Glen et al., 2025a), and confirms a pattern established for the firn
percolation zone of the southwest GrIS(Glen et al., 2025b). Recent field measurements
show meltwater can move laterally through slush over ice slabs at 1.3 to 15.1 m h−1,
and the visible slush limit may lie below the true runoff limit where subsurface flow
continues beyond what optical imagery can detect (Clerx et al., 2022).

Figure 21. (a, b) Annual time series of JJA slush:lake area ratio showing both mean (dashed line) and
maximum (solid line) for (a) C.H. Ostenfeld and (b) Petermann. (c, d) Annual maximum lake (blue line)
and slush (green line) area (km2) for (c) Ostenfeld, and (d) Petermann. High and low years are noted
in the ratio panels with their magnitudes. Low years are 2024 (3x) for Ostenfeld and 2017 (1.8x) for
Petermann. High years are 2025 (34.2x) for Ostenfeld and 2015 (15.5x) for Petermann.

Slush area is highly variable across years and between study areas (Fig. 3, 21, 9). Os-
tenfeld stays slush-dominated regardless of the melt intensity, while Petermann varies
between near 1:1 in cool years, with a ratio of 1.8 in 2017, and clear slush dominance
in warm years, with a maximum ratio of 15.5 in 2015. Dell et al. (2024) show that
firn pore space exerts a first-order control on surface meltwater formation. The Green-
land evidence additionally supports antecedent snowpack, firn permeability, and low-
permeability ice slabs in the percolation zone (MacFerrin et al., 2019; Brils et al., 2024).
Ostenfeld’s persistent slush dominance suggests that meltwater is absorbed as slush pref-
erentially to collecting in lakes, indicating its firn state as distinct from Petermann’s. On
Petermann, the larger year-to-year variation suggest a less stable firn and potential ice-
slab system, where similar melt inputs can alternately be stored as slush, pond as lakes,
or route downstream. Firn state is not quantified here, so these interpretations are given
as inference from the surface record rather than a direct test.

At the visible runoff limit in southwest Greenland, Tedstone et al. (2025) found that
∼ 84 % of available melt refroze as superimposed ice above ice slabs, showing that
low-permeability firn can both promote runoff and still retain a large fraction of melt
locally. For Petermann and Ostenfeld, this means the dominant temporary surface store
is unlikely to be deep ponded water alone. Whether mapped slush ultimately refreezes,
remains stored, ponds, or routes downstream depends on firn and slab state as much
as on the surface area classified as meltwater (Vandecrux et al., 2020; Tedstone and
Machguth, 2022).
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The melt persistency heatmaps show that slush is less spatially confined than lakes, with
a significantly larger area and lower per-pixel scores indicating a reduced likelihood to
form in the same locations year to year, while lakes are strongly confined to basins
where core pixels recur every year (Fig. 11). This illustrates the relative control of
topography on the distribution of each feature. Additionally, the southwestern spatial
bias of persistent melt (Fig. 11) suggests slope aspect exerts control on melt distribution
across both study areas. In high-melt years slush expands across the western sectors
(Petermann 2019, 2022, and 2023, and Ostenfeld 2022, 2023, and 2025) yet is still
underrepresented in the northeast portions as demonstrated by the annual maximum
melt blocks and mosaics (Fig. 13, Fig. 12, Fig. 15, and Fig.14).

The strongest multi-variable signal in the trend analysis is at Petermann, where lake-
maximum area, elevation, and volume share the same sign and place their Pettitt change
points inside the 2017 to 2020 window (Fig. 22). The change point in lake-maximum
elevation after 2017 is the strongest elevation signal in the dataset (Section 5.4). No
individual test reaches significance at 𝑛 = 12, so this is reported as a period of in-
terest defined by the agreement of three physically related but methodologically sep-
arate measures, and not as an established trend. The shift corresponds to the climatic
warm peaks of the same period (Fig. 9), though the cool 2024 and 2025 seasons argue
against monotonic warming. More notably, the 2017 shift aligns with the onset of both
significant retreat and thinning at the grounding zone (Section 3.2).

Figure 22. Petermann lake-maxima behavior and proposed shift indicators. Shows JJA lake-maximum
area (a), elevation (b), and volume (c) at Petermann with Pettitt change-point markers, Mann-Kendall 𝜏
and Pettitt 𝐾 in bottom-left of each panel. All three lake maxima variables show positive 𝜏 and change
points concentrated after 2017. No individual test reaches 𝑝 < 0.05 at 𝑛 = 12, but the cross-variable
and directional agreement is presented as supporting a shift in lake dynamics.

The lake-maximum elevation anomaly series is dampened by the 2017–2019 baseline
window choice. The baseline value for 2018 is 1499.9 m, which is directly against
the 1500 m AOI ceiling. While this value is counter-weighted by 2017, the lowest
Petermann elevation in the series, the positive anomaly is nevertheless negatively biased
compared to volume and area. Excluding 2018 from the baseline would produce wider
anomaly spreads for the post-baseline period, and that sensitivity is documented in the
appendix. The Pettitt change point after 2017 (Section 5.4) therefore carries more weight
as evidence of the elevation shift than do the percent-anomaly magnitudes in panels (m)-
(r) of Fig. 8.
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The 2017 shift corresponds with a period of change in Petermann glacial dynamics ob-
served in the literature (Ciracì et al., 2023; Li et al., 2021; Millan et al., 2022; Washam
et al., 2020; Prakash et al., 2025) and summarized in Section 3.2. The documented
changes over this period include the 2017 calving event, central grounding-zone retreat
onto a retrograde bed, the ∼15% velocity increase across 2015–2018, and the approx-
imate doubling of channel subglacial discharge between 2001 and 2022. A direct link
between this dynamic adjustment and the increase in lake-maximum area, elevation,
and volume is not tested here. However, the temporal coincidence supports the validity
of the change point in lake behavior identified by this study.

Two physical mechanisms could carry the 2017–2020 surface signal. A firn-state path-
way through wetting, aquifer charging, or ice-slab growth would alter how meltwater is
stored and partitioned at the surface (Forster et al., 2014; Miège et al., 2016; MacFerrin
et al., 2019). A dynamic pathway, in which increased velocity and thinning near the
grounding zone concentrate surface change at lower elevations and transmit up-glacier
with reduced magnitude through diffusive thinning processes, would redistribute the
elevation profile and shift the basins capable of holding lakes (Schoof, 2007; Schoof
and Hewitt, 2013; Joughin et al., 2012; Pritchard et al., 2009). The two pathways are
not mutually exclusive and either or both could operate. Each is inferred from the sur-
face record rather than measured here. Satellite-altimetry hypsometry and direct firn
measurements from radar or cores would adjudicate between them, or confirm that both
contribute.

Of the 132 within-AOI year pairs screened across the two glaciers, 2023 reads as an-
omalously wet relative to its forcing in four of the five most-flagged pairs and in eight
of the top fifteen (Fig. 23, Table 14). 2023 is the largest melt year of the record at both
glaciers, which sets it apart from the otherwise glacier-specific signals discussed above
(See Figs. 15, 14). Petermann combined-maximum area reached 1495 km2, 1227 % of
the algorithm-selected baseline (×13.3) and the single largest annual area at either gla-
cier, while Ostenfeld reached a record high the same year at 474 km2 (×4.85),(Table 5,
Table 10, Fig. 8 panels (a - h)).

Slush carries essentially all of the anomaly at both sites (Fig. 8, panels (c), (d), (g), (h)).
The Petermann slush-maximum anomaly of 1595 % (×17.0) dwarfs the lake-maximum
anomaly of 196 % (×2.96), and Ostenfeld shows a split with smaller magnitude (409 %
slush against 185 % lake). 2023 was also the warmest year of the Petermann record, at a
JJA maximum air temperature of 4.6 ∘C against a record range of 0.7 to 4.6 ∘C (Fig. 9),
so the peak-temperature coupling referred to in Section 6.3 (𝑅2 = 0.85 for Petermann
combined-maximum area) already accounts for much of the response. The analog-pair
signal remains once that coupling is removed, however.

The 2023 anomaly is dominated by slush rather than ponded lake water. Petermann
combined-maximum area is +1227% of baseline while Petermann lake-maximum volume
is +77%. The contrast indicates a slush-driven area expansion rather than a pond-
volume expansion.

The 2023 combined-mean elevation signal at Petermann is near twice its baseline (106 %
in 2023, ×2.06), with slush-mean elevation at 894 m a.s.l. (Table 12, Fig. 8, panels (m)–
(r)). Slush footprint and elevation limit increase in the warmest record year is reported
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Figure 23. Top five most-flagged analog pairs across the 56 (predictor, response) combinations screened
per AOI. Each panel plots the climate predictor (x-axis) against the melt response (y-axis), with arrows
connecting paired years. 2023 appears in four of the five pairs shown.

elsewhere in Greenland (Machguth et al., 2023; Fitzpatrick et al., 2014; Poinar et al.,
2015).

The Petermann magnitude is the most baseline-sensitive number in the dataset, from
×3.1 under a full-record-mean baseline to ×13.3 under the algorithm-selected baseline
(Table 9). The standing of 2023 as the record anomaly is consistent across every baseline,
but the absolute fold-change should be interpreted with that range in view.

Lake persistency on the Petermann floating ice tongue covers a wider area, and is gen-
erally lower scoring compared to the lake persistency on the grounded portion of the
study area (Fig. 24, panel (b)). The floating ice tongue is not in contact with the bed,
which separates melt from topographic control and explains the both the large lake
persistency coverage and low slush score diversity. Likewise, lateral steaks at regu-
lar intervals indicate the down fjord progression of transverse fractures with ice flow
at ∼ 1090 to 1100 m yr−1 (Hill et al., 2017, 2018a). The highest lake scores on the
Petermann tongue form in flow parallel lines, interpreted as surface water collecting
in the full length fractures discussed in Section 6.5. The persistence of lakes within
tongue fractures, suggests vertical drainage from the tongue is an additional source of
surface runoff to the fjord, besides subglacial discharge from the grounding line. The
distribution of persistent melt water on the tongue (Fig. 24), and the drainage counts
of persistent lakes (Fig 16) presented here provide a spatial control on the location of
vertical drainage.

The drainage detection algorithm resolved 1,744 rapid drainage events over the record,
908 at Petermann and 836 at Ostenfeld (Table 17). Petermann exhibits greater variation
than Ostenfeld. Petermann full-drainage (> 80% volume loss) count runs from 10 in the
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Figure 24. Petermann ice-tongue persistency heatmap for slush (a) and lakes (b), with grounding-zone
locations from 2013 (red line) and 2022 (blue line). Pixel value is the count of 2-day windows in 2014–
2025 in which the pixel was classified as that class. Values are normalized to 40 and symbolized yellow
(low) to purple (high). (CRS: EPSG:3413, WGS 84 / NSIDC Sea Ice Polar Stereographic North)
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cool 2017 season to a record 69 in 2024, and its partial-drainage (40% − 80% volume
loss) count peaks at 74 in 2022, while Ostenfeld stays within a narrower band across the
record (Fig. 17) This is interpreted as a dual result of Petermann’s larger area and the
high variation in lake number on the flat surface of the ice tongue between years.

GZ proximate lakes are noted as prone to rapid drainage from tidal flexing (Trusel et al.,
2022). However, no full or partial drainage was identified for the largest persistent lake
in the study, which is positioned above the eastern end of the Petermann GZ (Fig. 24,
Fig. 16). Barring accuracy assessment, this result should be interpreted as omission
error arising from the lakes’ proximity to the fjord wall. Two error pathways are pos-
sible. The first is fjord-wall shadowing or darkening of the water surface that leads to
artificially low reflectance values. The second is bed-albedo proxy values contaminated
with fjord-wall or shadowed-ice pixels that lead to artificially high volume estimates.

The separation between drainage volume and melt area in individual years is a not-
able result. Following the extreme 2023 melt response at Petermann, 2024 had a near-
baseline combined-maximum area (×1.47) yet produced the largest aggregate drainage
volume of the record (Fig. 25), the highest full-drainage count at either glacier (Sec-
tion 5.10.2, Fig. 17), and the third-highest lake-maximum volume of the record (48 %,
×1.48) in a low-slush year (Table 11, Fig. 3). Both the aggregated-drained and static-
maximum volume rankings indicate that 2024 is not comparative to record low years
in terms of melt production. The large drained volume in 2024 from a near-record-low
melt area is consistent with a more connected drainage network developed during three
prior years of high melt.

Figure 25. Annual JJA combined-maximum area (green, left axis km2) and aggregated drainage volume
(blue, right axis, Mm3) for Ostenfeld (top) and Petermann (bottom). Figure shows years 2014–2025.
Note 2019-2020, 2023-2024 drainage volumes relative to melt areas. Volume unit is millions of cubic
meters.

The 2024 Ostenfeld combined-maximum area of 36.3 km2 is half the next-lowest year
of the record (Ostenfeld 2016, 69.2 km2) and one-thirteenth of the Ostenfeld 2023 peak
(473.5 km2, Fig. 25). The Ostenfeld 2024 slush anomaly is the deepest single-year slush
deficit in the record at either AOI. This pattern is consistent with the Ostenfeld area Pettitt
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change point after 2020 reported in Section 5.2.1. Ostenfeld 2023 drainage volume
dips slightly compared to consistent drainage maximum both directly preceding and
following the 2023 area peak (Section 5.10.1), while Ostenfeld melt area collapses to
the lowest observed area in 2024.

The 2024 decoupling is not isolated. Both glaciers in 2020 display the same dynamic,
characterized by a near-baseline melt area year with a high drainage volume (Fig. 25).
Both 2020 and 2024 immediately follow high-melt years, in 2019 and 2023. The area
and volume separation is noted elsewhere without a slush area component. Fitzpatrick
et al. (2014) show that many small lakes can occupy less than 2 % of a catchment while
temporarily storing or releasing 7 to 13 % of discharge.

The per-window drainage volumes concentrate in mid-July to mid-August, and the two
largest windows by drained volume of the Petermann record both fall in 2020 and 2024,
reaching roughly 4 Mm3 in early August 2020 and late July 2024 (Fig. 18). The drainage
timing distribution envelope does not move between seasons, however. Mann-Kendall
tests on the timing metrics return no significant trend at either glacier, with first-event
timing essentially flat and only a weak tendency for the Petermann median to fall later
in the season (𝜏 = +0.32, 𝑝 = 0.16, Fig. 26).

Figure 26. Annual drainage-event timing metrics for (a) Ostenfeld and (b) Petermann, 2014–2025. Full
drainage events (Ostenfeld in blue dots, Petermann in red dots) and partial drainage events (grey circles)
are plotted by drainage timing, with the 𝑥-axis showing the melt season (1 May to 1 October) and the
𝑦-axis showing study years. Metrics tracking the timing of the first drainage event per year (grey solid
line) and the median drainage event per year (Ostenfeld in blue dashed line, Petermann in red dashed line)
are overlaid as time series. Kendall 𝜏 and 𝑝 values for first and median drainage timing are listed beside
panel titles for each AOI.

A high-melt year can leave behind a changed set of basins, moulins, firn conditions, and
drainage pathways that alter how the next year’s melt input is stored and routed. Effi-
cient drainage as a surface memory mechanism can account for 2020 and 2024 drainage
behavior. A drainage network left more connected by the preceding high-melt season is
supported by the persistent-lake inventory in that the basins which drain at the highest
rates across the record are spatially clustered within the western melt sectors of both
study areas rather than spread across the area of interest (Fig. 16). At Petermann the
most frequently draining basins, with up to 21 rapid events over the record, sit in a
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southwest cluster, and 29 of the 57 persistent lakes drain at least once. At Ostenfeld the
draining lakes form a more spatially compact west-central group (22 of 46), with indi-
vidual basins reaching 33 events (Fig. 16). This clustering is consistent with the coupled
drainage reported elsewhere in Greenland, where stress transfer links neighboring lakes
and a small number of lakes open a large share of the moulins (Christoffersen et al.,
2018; Williamson et al., 2018).

The decoupling of volume from area also speaks to an assumption built into the subglacial-
discharge literature. Discharge estimates and projections for Petermann and similar
margins generally take essentially all modelled surface melt to reach the bed within
the season it is produced (Section 2.2, Ciracì et al. 2023; Cai et al. 2017; Prakash et al.
2025).

The aggregate observed drainage volumes at Petermann can be set against modelled
subglacial discharge for the same glacier to bound the contribution of rapid lake drain-
age to that assumption. The Mankoff et al. (2020) and Slater et al. (2022) estimates put
Petermann mean JJA subglacial discharge at 877 m3 s−1, which integrates to roughly
6970 Mm3 over a 92-day JJA season (Table 1). The mean observed per-year drainage
from persistent lakes at Petermann is 15.7 Mm3, the 12-year aggregate is 188.8 Mm3,
and the 2024 record reached 34.5 Mm3. Observed lake-drainage volumes therefore ac-
count for approximately 0.2 % to 0.5 % of one modelled JJA season at Petermann. Rapid
lake drainage is a small fraction of the modelled total. The bulk of modelled subglacial
discharge must reach the bed through supraglacial streams, moulins, and lateral flow
through slush, which the present optical record does not resolve as delivery pathways.
The assumption that essentially all modelled surface melt reaches the bed within the
season it is produced is therefore neither confirmed nor refuted by the present surface-
hydrology record.

The main limitation is the length of the record. At 𝑛 = 12 the trend and change-point
tests have low power, which is why effect sizes and the agreement of independent meas-
ures have been treated as primary throughout (Section 5.2.1). The 1500 m cap on the
areas of interest saturates the Ostenfeld elevation series and limits what the elevation res-
ults can say at that glacier. Per-lake volumes carry a systematic uncertainty of roughly
15 % to 25 % from the depth-retrieval constants (Fig. 5), and the dominant classifica-
tion error is the slush-to-other boundary (Fig. 4, Table 4), a known difficulty in optical
mapping of slush (Dell et al., 2024). Footprint coverage varies between years, with
Petermann 2017 and 2021 the weakest (Table 3). The main text reports observed values
throughout, and the projected scaling with its sensitivity is given in the appendix. The
firn state that several arguments here depend on is inferred from the surface record rather
than measured. The recovery-rate cycle slopes at 𝑛 = 3–4 years per cycle are descriptive
comparisons rather than significance tests, and bootstrap confidence intervals are wide.
Seven alternative trough-to-peak window combinations satisfy the candidate criteria per
AOI, and sensitivity to cycle-boundary choice is documented in the appendix. The 40%
and 80% drainage-event thresholds were not subject to sensitivity testing in the present
work.

These limitations point to specific next steps. The convergence of the three Petermann
lake-maximum measures could be tested against a null model to estimate how often three

59



independent measures would align by chance, which Section 5.4 does not address. A
longer record, or a higher-resolution slush product from Sentinel-2 (Glen et al., 2025a),
would raise the power of the trend tests and sharpen the slush results. Direct firn meas-
urements from radar or cores would test the firn and ice-slab reading of the slush-to-
lake partitioning. Coupling the measured drainage volumes to a subglacial-discharge
or plume model would turn the routing question from a qualitative observation into a
quantitative test (Prakash et al., 2025). The nested Petermann FVCOM framework of
Prakash et al. (2022) provides a natural starting point for that step. Ice-velocity data
would let the dynamic reading of the Petermann shift be separated from the climatic
and hydrological readings, especially if paired with event-scale drainage detections like
those resolved at 79∘N Glacier by Neckel et al. (2020). A comparison across the wider
sector, taking in Ryder and 79N, would set the two-glacier contrast found here in a re-
gional context (Otto et al., 2022; Humbert et al., 2023).

This work characterized supraglacial lake and slush area, elevation, lake volume, and
rapid lake-drainage events on Petermann and Ostenfeld glaciers across the 2014–2025
melt seasons. The present record is the first published surface-hydrology dataset for
Ostenfeld Glacier (Section 3.3). The four aims set out in Section 1.1 are revisited below.

(i) Variability and structural shifts. Both glaciers are dominated by inter-annual vari-
ability over the twelve-year record rather than a monotonic trend, and no Mann-Kendall
test reaches 𝑝 < 0.05 at 𝑛 = 12. The single multi-variable signal in the dataset is at
Petermann, where lake-maximum area, elevation, and volume converge on a 2017-2020
period of interest contemporaneous with documented dynamic change at the grounding
zone (Section 6.5). 2023 is the largest melt year of the record at both glaciers, with
combined-maximum area reaching ×13.3 the algorithm-selected baseline at Petermann
and ×4.9 at Ostenfeld (Section 6.6).

(ii) Rapid lake-drainage events. 1,754 drainage events were detected across both gla-
ciers over the record (913 Petermann, 841 Ostenfeld). Petermann 2024 produced the
highest aggregate drainage volume of the record (34.5 Mm3) despite a near-baseline
combined-melt area. The year-to-year decoupling of melt area from drainage delivery
is discussed in Section 6.7. When set against modelled subglacial-discharge magnitudes
for Petermann, the aggregate observed drainage from persistent lakes accounts for less
than 1% of one modelled JJA season, indicating that lake-drainage events are a small
fraction of the surface runoff routed to the bed.

(iii) Climate forcing. JJA single-day maximum 2 m air temperature explains 𝑅2 = 0.85
of Petermann combined-maximum and slush-maximum area, the strongest statistical
result in the dataset (Section 6.3). The seasonal-mean predictor explains almost none
of the same variance, indicating that peak warm excursions rather than accumulated
warmth drive the surface-melt response. Petermann remains below 0 ∘C in JJA mean
across the entire record.

(iv) Inter-glacier asymmetry. The same temperature regression at Ostenfeld returns
𝑅2 = 0.25. Ostenfeld is the warmer of the two glaciers in both JJA mean and JJA
maximum, yet its melt area is less sensitive to that forcing. Part of this asymmetry is
an AOI-ceiling artifact at 1500 m, and a second contribution comes from inter-glacier
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differences in slush dominance (median slush-to-lake ratio 8.8 at Ostenfeld against 4.9
at Petermann, see Section 6.4). Pooling the two glaciers in a single regression washes
out both signals.

Outlook. Two leads stand out for follow-on work. The Petermann 2017–2020 period
of interest would benefit from satellite-altimetry hypsometry and direct firn observa-
tions that could adjudicate between dynamic and firn-state mechanisms. The routing-
efficiency assumption underlying NGrIS subglacial-discharge estimates would benefit
from coupling the present surface record to a process-based runoff or plume model. A
regional comparison with Ryder and 79N would set the two-glacier contrast established
here in a wider NGrIS context.
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Some appendix TOC content goes here one day

Table A1. Cluster counts used to compose the final training classes.

Class Total clusters PTM clusters OST clusters
Lake 14 main + 0 sub 7 main + 0 sub 7 main + 0 sub
Slush 11 main + 18 sub 7 main + 9 sub 4 main + 9 sub
Blue ice 22 main + 18 sub 6 main + 7 sub 16 main + 11 sub
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Figure A1. Visible bands from the preprocessed Landsat-8, -09, TOA, collection 2, level 1, training
scenes used for Petermann (top) and Ostenfeld (bottom). Training scenes are displayed within the study
area boundary and below each the sensing platform, date, solar elevation, and USGS Landsat scene ID
is printed. Scenes are preprocessed with a threshold based rock mask Moussavi et al. (2020) and QA_bit
cloud mask. Training clustered with k-means and manually classified to generate training data for the RF
classifier.
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Figure A2. Ostenfeld (blue) + Petermann (red) scatter of JJA maximum 2 m temperature against JJA
maximum annual (a) slush area, (b) lake area, (c) combined area, (d) lake volume, (e) slush elevation, (f)
lake elevation, (g) combined elevation, (h) mean lake volume.

Figure A3. Ostenfeld (blue) + Petermann (red) scatter of JJA mean 2 m temperature against JJA maximum
annual (a) slush area, (b) lake area, (c) combined area, (d) lake volume, (e) slush elevation, (f) lake
elevation, (g) combined elevation, (h) mean lake volume.

Figure A4. Ostenfeld (blue) + Petermann (red) scatter of JJA maximum short wave down welling radiation
against JJA maximum annual (a) slush area, (b) lake area, (c) combined area, (d) lake volume, (e) slush
elevation, (f) lake elevation, (g) combined elevation, (h) mean lake volume.
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Figure A5. Ostenfeld (blue) + Petermann (red) scatter of JJA mean short wave down welling radiation
against JJA maximum annual (a) slush area, (b) lake area, (c) combined area, (d) lake volume, (e) slush
elevation, (f) lake elevation, (g) combined elevation, (h) mean lake volume.

Figure A6. Annual melt elevation metrics at Ostenfeld (left) and Petermann (right) against ERA5-Land
JJA mean 2 m temperature (top row) and JJA mean downwelling shortwave radiation (bottom row).

Figure A7. Annual volume metrics at Ostenfeld (left) and Petermann (right) against ERA5-Land JJA
mean 2 m temperature (top row) and JJA mean downwelling shortwave radiation (bottom row).
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Figure A8. Observed Landsat footprint coverage for 2-day classified windows and anchored 10-day blocks
over C.H. Ostenfeld Glacier and Petermann Glacier. Panels (a) and (b) show C.H. Ostenfeld Glacier and
Petermann Glacier, respectively, for the 2014–2025 analysis period. Within each year, the upper thin
band represents individual 2-day observation windows and the lower thicker band represents contigu-
ous five-window blocks anchored to 1 May; only observed footprint coverage is shown. Color indicates
the fraction of the AOI footprint observed, from red for low coverage to green for near-complete cover-
age; grey cells indicate no observation. The June-July-August (JJA) analysis window is enclosed by the
black outline, while May and September observations are retained as semi-transparent melt-season con-
text. Dashed vertical lines mark the regular 10-day anchored block boundaries. Hatched block segments
identify JJA blocks with less than 80% AOI footprint coverage. Panels (c) and (d) summarize C.H. Osten-
feld Glacier and Petermann Glacier, respectively, by plotting annual JJA mean footprint coverage for the
2-day windows (blue circles) and anchored 10-day blocks (green squares). Vertical reference lines mark
the 10% minimum window coverage threshold used for annual inclusion and the 80% low-block-coverage
flag used in this figure. The purple dash-dot horizontal line marks the boundary before the 2022 JJA rows,
the first JJA season after Landsat 9 data entered the analysis-period catalog. Labels at the right of each
summary panel give the number of valid JJA windows and valid JJA blocks for each year, formatted as
windows/blocks.
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All scripts, CSV outputs, vector shapefiles, and raster products referenced in Section 4 are listed below by category, in the order in which they appear in the processing pipeline. Earth Engine collections
that are too numerous to list individually (per-window classified raster collections, per-window vector shapefile collections) are listed as a single line item. The supplementary data and code archive can
be accessed here: https://stockholmuniversity-my.sharepoint.com/:f:/g/personal/luur4790_win_su_se/IgA3_anPDYUISYQ4xAYoSRqMAbRP5bm3BWJrrhtWScZb9bE?e=Ufauje
Classified rasters are hosted as EE assets and accessible with an Earth Engine account here: https://code.earthengine.google.com/?asset=projects/vernal-signal-270100/assets/C
lassifiedMosaics

Table A2. Earth Engine JavaScript scripts used in processing stage-1 (training-data generation, mosaicking, classification, depth retrieval, validation,
climate, and spatial-product export). All scripts appear in data supplement with gee_js/ path prefix.

Script Methods section Role

k_means_class_def_v05.js 4.3.2, 4.3.3 K-means cluster definition on the 14 training scenes; manual-classing UI and per-cluster NDWIice
readouts.

export_v06.js 4.4.1, 4.4.2 Per-AOI per-year run: 2-day NDWIice-medoid mosaicking, RF classification, per-window classified
raster export.

deepwater_lookup.js 4.5 Builds the per-AOI 𝑅∞ lookup table from open-ocean polygons in Nares Strait and Victoria Fjord.
export_rinf_lut_csv.js 4.5 Exports the per-AOI 𝑅∞ lookup table as CSV.
volume_v06.js 4.5 Per-AOI run: Pope/Moussavi two-band depth retrieval; per-window lake, slush, footprint vector ex-

ports.
volume_sensitivity_v01.js 4.5 ±20 % perturbation tests on 𝑔red, 𝑔pan, 𝐴𝐵4

𝑑 , 𝐴𝐵8
𝑑 for six representative lakes.

validation_classifier.js 4.4.3 Runs the deployed classifier on the 10 validation scenes.
rf_error_metrics_by_validation_scene.js 4.4.3 Per-validation-scene holdout precision, recall, 𝐹1, support, accuracy, 𝜅.
rf_error_metrics_by_window.js 4.4.3 Per-window holdout metrics for selected AOI-year scenes.
export_max_melt_medoids.js 4.6.5 Per-AOI per-year max-melt-block RGB medoid TIF export.
era5/era5_land_aoi_export.js 4.1, 4.6.4 Per-AOI daily ERA5-Land 𝑇2𝑚 and SW↓, 2013–2025, May–September.
era5/era5_land_bin_export.js 4.1, 4.6.4 Per-aspect-elevation-bin daily ERA5-Land 𝑇2𝑚 and SW↓.
drainage_event_viewer.js 4.6.6 Interactive viewer for inspecting per-event pre- and post-drainage volumes.

Table A3. Python scripts used in stage-2, post-processing workflow. All scripts appear in the data supplement with python/ path prefix.

Script Methods section Role

add_elevation_to_shapefiles.py 4.6.1 Adds elevmean,min,max attributes to per-window slush, lake, footprint shapefiles from the MEaSUREs
DEM.

create_elevation_bins.py 4.6.1 100 m elevation-band shapefiles per AOI from the MEaSUREs DEM, capped at 1500 m.
split_elevation_bins_by_aspect.py 4.6.1 NW/NE aspect subdivision of the five largest elevation bands per AOI.
add_bin_id_to_aspect_elevation_bins.py 4.6.1 Adds the per-bin bin_id field used by the ERA5 per-bin export and the selectors.
fix_ptm_bins.py 4.6.1 Fixes orphan low-elevation bin patches in the Ptm. elevation-bin shapefile.
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Table A3 continued.

Script Methods section Role

summary_table.py 4.6.1 Per-window AOI totals: footprint area, slush area, lake area, lake volume, lake count.
footprint_table.py 4.6.1 Per-window footprint area and proportion.
analyze_raw_summary.py 4.6.1 IQR-based outlier-window detection on slush- and lake-relative area.
footprint_area_by_aspect_elev_bins.py 4.6.1, 4.6.1 Per-window footprint area per aspect-elevation bin.
melt_area_by_aspect_elev_bins.py 4.6.1 Per-window slush and lake area per aspect-elevation bin.
create_lake_volume_csv_data.py 4.6.1 Per-window lake volume per aspect-elevation bin.
project_melt_area_by_aoi.py 4.6.1 Per-AOI projection (scaled = observed + projected) for slush and lake area.
project_melt_area_by_aspect_elev_bins.py 4.6.1 Per-aspect-elevation-bin projection used in the deployed pipeline.
select_by_aspect_elev_bins.py 4.6.1 Method A window selector by per-bin coverage.
create_n_day_blocks.py 4.6.1 5-window anchored block creation, 1 May fixed start.
create_n_block_csv_data.py 4.6.1 Wrapper that runs the per-block area, volume, and elevation aggregators.
create_n_block_area_csv_data.py 4.6.1 Per-block slush and lake area aggregation.
create_n_block_volume_csv_data.py 4.6.1 Per-block lake volume aggregation.
create_n_block_elevation_csv_data.py 4.6.1 Per-block elevation summary.
plot_mean_max_area.py 4.6.2 Annual JJA mean and maximum area, Mann-Kendall, Pettitt.
plot_mean_max_elev.py 4.6.2 Annual JJA mean and maximum elevation, Mann-Kendall, Pettitt.
plot_mean_max_volume.py 4.6.2 Annual JJA mean and maximum lake volume, Mann-Kendall, Pettitt.
run_hamed_rao_mann_kendall.py 4.6.2 Hamed-Rao variance-corrected MK across all 28 series.
plot_jja_area_anomalies.py 4.6.3 Algorithm-selected baseline window construction and per-year area anomalies.
compute_anomalies_all.py 4.6.3 Applies the selected baseline to elevation and volume metrics for cross-family comparability.
plot_era5_timeseries.py 4.6.4 Annual JJA mean and maximum ERA5 𝑇2𝑚 and SW↓.
plot_era5_r2_hysteresis.py 4.6.4 Per-AOI Pearson 𝑅2 scatters, analog-pair flagging, lag-1 residual correlation.
rate_of_change_analysis.py 4.6.4 Trough-to-peak recovery slopes, bootstrap CIs, climate-corrected refits.
rate_of_change_per_aoi_correction.py 4.6.4 Per-AOI residual regressions for the climate-corrected slopes.
plot_table_rf_error_metrics.py 4.4.3 Validation-scene RF holdout metric tables and per-scene plot.
build_rf_confusion_matrices.py 4.4.3 Macro and per-scene confusion matrices.
plot_volume_sensitivity.py (+ _2x2.py, _bars.py) 4.5 Volume sensitivity visualisations from the ±20 % perturbation outputs.
add_depth_band.py 4.6.5, 4.6.6 Reapplies Pope/Moussavi depth retrieval locally; produces classified-with-depth rasters.
create_30m_persistency_rasters.py 4.6.5 30 m per-class persistency rasters.
create_persistent_lake_vectors.py 4.6.5, 4.6.6 Persistent-lake polygon and point construction with buffer and min-area merge.
create_per_lake_volume_csv_data.py 4.6.6 Per-lake per-window volume, mean depth, observed pixels, observed fraction.
create_per_lake_delta_volume_csv_data.py 4.6.6 Per-lake delta-volume between consecutive observations.
analyze_drainage_events.py 4.6.6 Drainage-event detection with 40 % / 80 % thresholds, ≤ 5 window gap, chain-event flagging.
plot_30m_heatmap.py 4.6.5 30 m persistency heatmap plotting.
plot_max_melt_blocks.py 4.6.5 Annual max-melt block categorical maps.
plot_max_melt_mosaics.py 4.6.5 Annual max-melt RGB medoid mosaic plotting.
plot_lakes_by_drainage_count.py 4.6.5 Persistent-lake polygons symbolised by full-drainage event count.
plot_drainage_counts_per_year.py 4.6.6 Per-year drainage event counts (full, partial).
plot_drainage_volume_by_season.py 4.6.6 Per-year aggregate drainage volume.
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Table A4. CSV outputs of the stage-2 post-processing workflow. All files appear in the data supplement with the csv_outputs/ path preffix.

File Methods section Contents

total_summary_raw.csv 4.6.1 Per-window AOI totals (footprint, slush, lake area, lake volume, lake count).
footprint_summary.csv 4.6.1 Per-window footprint area and proportion.
select_by_apect_elev_bin_coverage.csv 4.6.1 Per-window per-bin coverage selector.
footprint_area_by_aspect_elev_bins.csv 4.6.1 Per-window footprint area per bin.
slush_area_by_aspect_elev_bins.csv 4.6.1 Per-window per-bin slush and lake area.
lake_area_*above 4.6.1 see above
lake_volume_by_aspect_elev_bins.csv 4.6.1 Per-window per-bin lake volume.
projected_*above.csv 4.6.1 Per-bin and per-AOI projected (scaled) and totalled area and volume.
total_*above.csv (8 files) 4.6.1 see above
5_window_block/*.csv (15 files) 4.6.1 Per-block aggregates of slush area, lake area, lake volume, elevation, plus selector and projected vari-

ants.
ERA5Land_T2m_SWdown_OST_PTM_2013_2025_MaySep.csv 4.1, 4.6.4 Per-AOI daily ERA5-Land 𝑇2𝑚 and SW↓.
ERA5Land_T2m_SWdown_ElevBins_OST_PTM_2013_2025_MaySep.csv 4.1, 4.6.4 Per-aspect-elevation-bin ERA5-Land.
timeseries/area_jja_summary.csv 4.6.1, 4.6.2 Annual JJA mean and maximum per AOI for each family.
timeseries/elev_jja_summary.csv 4.6.1, 4.6.2 see above
timeseries/volume_jja_summary.csv 4.6.1, 4.6.2 see above
timeseries/area_mann_kendall.csv 4.6.2 Mann-Kendall 𝜏, 𝑝, Sen slope per series.
timeseries/elev_*above 4.6.2 see above
timeseries/volume_*above 4.6.2 see above
timeseries/area_pettitt.csv 4.6.2 Pettitt 𝐾 , change-point year, 𝑝 per series.
timeseries/elev_*above 4.6.2 see above
timeseries/volume_*above 4.6.2 see above
timeseries/hamed_rao_mk_results.csv 4.6.2 Hamed-Rao variance-corrected MK per series.
timeseries/area_jja_baseline_candidates.csv 4.6.3 Baseline-window candidates, selection, and per-year anomalies.
timeseries/area_jja_baseline_candidates_summary.csv 4.6.3 see above
timeseries/area_jja_baseline_candidates_anomalies.csv 4.6.3 see above
timeseries/anomalies_combined_all.csv 4.6.3 Cross-family anomaly extension (area, elevation, volume).
timeseries/baselines_used.csv 4.6.3 see above
timeseries/obs_vs_scaled_diffs.csv 4.6.3 see above
timeseries/extreme_year_ranks_top3.csv 4.6.3 see above
timeseries/era5_jja_mean_max_summary.csv 4.6.4 Annual JJA mean and max ERA5 predictors per AOI.
timeseries/era5_r2_summary.csv 4.6.4 Per-AOI and pooled Pearson 𝑅2 for each climate–melt-response pair.
timeseries/era5_r2_pooled_summary.csv 4.6.4 see above
timeseries/era5_hysteresis_analog_pairs.csv 4.6.4 Flagged analog pairs.
timeseries/era5_hysteresis_lag_corr.csv 4.6.4 Lag-1 residual correlation per AOI-metric.
timeseries/era5_rate_of_change_cycles.csv 4.6.4 Trough-to-peak cycles and climate-corrected slopes.
timeseries/era5_rate_of_change_cycles_candidates.csv 4.6.4 see above
timeseries/rate_of_change_per_aoi_models.csv 4.6.4 see above
timeseries/rate_of_change_per_aoi_cycles.csv 4.6.4 see above
volume_sensitivity/{ost,ptm}_sensitivity_g_Ad.csv 4.5 ±20 % perturbation outputs for 𝑔 and 𝐴𝑑 on six representative lakes.
rf_error_metrics/rf_holdout_metrics_by_validation_scene.csv 4.4.3 Per-scene and aggregate holdout metrics and confusion matrices.
rf_error_metrics/rf_confusion_per_scene.csv 4.4.3 see above
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Table A4 continued.

File Methods section Contents

rf_error_metrics/rf_confusion_macro.csv 4.4.3 see above
drainage_events/drainage_events.csv 4.6.6 Drainage-event records (full ≥ 80 %, partial 40 to 80 %).
drainage_events/per_lake_per_window.csv 4.6.6 Lake-id by window status table.
drainage_events/per_lake_volume.csv 4.6.6 Per-lake per-window observed volume, depth, and observability.
drainage_events/per_lake_mean_depth.csv 4.6.6 see above
drainage_events/per_lake_obs_pixels.csv 4.6.6 see above
drainage_events/per_lake_obs_fraction.csv 4.6.6 see above
per_lake_delta_volume_OST.csv 4.6.6 Per-lake delta-volume between consecutive observations.
per_lake_delta_volume_PTM.csv 4.6.6 see above
deepwater_rinf_lookuptables/Rinf_LUT_{AOI}_L8L9_v1.csv 4.5 Per-AOI 𝑅∞ lookup table for 𝐵4 and 𝐵8.

Table A5. Shapefile products used as inputs or generated as outputs of the methods pipeline.

File Methods section Contents

aoi/PTM_AOI_1500m.shp, OST_AOI_1500m.shp 4.1 AOI polygons capped at 1500 m, fjord margins redrawn, nunataks excluded.
aoi/PTM_elevation_bins.shp, OST_elevation_bins.shp 4.6.1 100 m elevation-band shapefiles per AOI.
aoi/PTM_aspect_elevation_bins.shp, OST_aspect_elevation_bins.shp 4.6.1 Aspect-subdivided elevation bins for the five largest bands per AOI.
aoi/PTM_1000m_bisector.shp, OST_1000m_bisector.shp 4.6.1 Aspect-bisector polygons derived from a per-pixel DEM aspect calculation

in ArcGIS Pro and manually adjusted to follow the principal flow divide.
Per-window vector exports: {AOI}_TEST_GEE_volume_v6_vectors/{footprint,slush,la
ke}.shp (3803 files across both AOIs)

4.4.1, 4.5, 4.6.1 Per-window classified vector outputs with lake area, lake volume, mean
depth, and lake-bed albedo proxies attached as attributes.

blocks/5_window/all_{AOI}_files_anchored/ (5-window block shapefile collection) 4.6.1 Block-aggregated per-AOI slush, lake, and footprint shapefiles for the 1 May
anchored 5-window block scheme.

drainage/persistent_lakes_shapefiles/{AOI}_persistent_lake_polygons.shp,
{AOI}_persistent_lake_points.shp

4.6.5, 4.6.6 Per-AOI persistent-lake polygons (57 at Ptm., 46 at Ost.) and centroid points.

drainage/persistent_lakes_shapefiles/drainage_events_points.shp, per_lake_per
_window_points.shp

4.6.6 Per-event and per-lake-per-window point vector outputs for drainage detec-
tion.

Table A6. Raster products used as inputs or generated as outputs of the methods pipeline.

File Methods section Contents

MEaSUREs Greenland Ice Mapping Project DEM, 30 m (Howat et al., 2014) 4.1, 4.3.1, 4.4.1,
4.6.1, 4.6.1

Elevation reference for the 1500 m AOI cap, per-feature elevation attributes,
slope-mask derivation, and per-bin elevation binning.

Earth Engine asset collections projects/.../ClassifiedMosaics/{AOI}{YEAR}/ (per-window
classified rasters)

4.4.1, 4.5, 4.6.5 Per-window 4-band rasters: classification, 𝐴𝐵4
𝑑 , 𝐴𝐵8

𝑑 , mosaic_footprint.
30 m, EPSG:3995.
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Table A6 continued.

File Methods section Contents

raster_data/with_depth_band/all_{AOI}_classified_depth_rasters/ 4.6.5, 4.6.6 Per-window classified-with-depth rasters lifted from Earth Engine for local
raster operations.

raster_data/30_persistency_rasters/{prefix}_{lake,slush,combined}_persistenc
y.tif

4.6.5 Per-class persistency rasters at 30 m.

figures/plot_max_melt_blocks/ (12 categorical PNGs) 4.6.5 Annual maximum-melt 5-window block categorical maps per AOI.
figures/plot_max_melt_mosaics/ (12 RGB PNGs) 4.6.5 Annual maximum-melt-block RGB medoid mosaics per AOI.
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The deployed processing chain produces two annual time-series products. The first is observed, the direct per-window aggregate

of classified slush and lake area within the AOI footprint. The second is scaled, the observed value plus an aspect-elevation-bin-

resolved projection (project_melt_area_by_aspect_elev_bins.py) that fills the unobserved portion of the AOI within each

window. Observed values are reported as primary throughout Section 5 because they carry the smaller modelling-assumption

load. This appendix documents the methodology of the scaled processing chain and summarises the comparison between the two

processings.

Each AOI is split into 100 m elevation bands derived from the MEaSUREs DEM. The five largest elevation bands per AOI are

sub-divided along an aspect-bisector polygon into northwest and northeast facing sub-units, the bisector derived from a per-pixel

aspect calculation from the MEaSUREs DEM and then manually adjusted to follow the principal flow divide of each AOI. The

lower elevation bands are not split because their per-bin pixel counts do not support a stable per-aspect estimate. The resulting

aspect-elevation bins are the spatial units used for the coverage-corrected scaling described below.

Two parallel processing sets of the per-window slush, lake, and lake-volume products are produced, mirroring the “raw” and “scaled”

treatment introduced by Williamson et al. (2018) and adopted by Dell et al. (2022) for Antarctic ice shelves. The observed processing

set reports, per window and per bin, the direct sum of pixels classified as slush or lake within the visible footprint. The scaled

processing set additionally projects, per aspect-elevation bin, the per-bin observed wet density onto the non-visible portion of the

bin, so that

areascaled,𝑏 = areaobserved,𝑏 ⋅ 𝐴𝑏,total
𝐴𝑏,visible

when the per-bin visible fraction exceeds the per-bin selector threshold. Per-AOI scaled area and volume are the sum of per-bin

scaled values across bins. Elevation summaries are reported in observed form only because elevation is a per-polygon attribute

rather than a per-bin density and is not amenable to the same projection step.

The largest absolute divergence between the two processings occurs for the Petermann combined-maximum area series in 2023

(observed 1227 % versus scaled 907 % relative to the algorithm-selected baseline of Section 4.6.3). The equivalent Ostenfeld

divergence at maximum is below 10 percentage points. Across the 12 years the mean observed-scaled gap for Petermann combined-

max area is 75 percentage points, with a maximum gap of 320 percentage points at Petermann 2023. At Ostenfeld every metric

has a mean processing gap below 6 percentage points. The processing choice therefore matters most for the Petermann headline

magnitudes, while the Ostenfeld headlines and the qualitative findings at both AOIs are processing-invariant.

Direction consistency is high. Across the 144 metric × AOI × year cells in Section 5.5, the observed and scaled processings produce

the same sign in 135 of 144 cells (93.75 %). The 9 sign flips are listed in Table A7. All occur at small absolute anomaly (max

|value| = 17.8 %) and none crosses the 50 % or ×2 thresholds used to flag headline anomalies.

Full per-year scaled values for all area, volume, and anomaly metrics are stored in the CSV outputs listed in Appendix D.3

(projected_*, 5_window_block/ projected variants, timeseries/obs_vs_scaled_diffs.csv).
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Table A7. Observed–scaled sign flips across the 144 metric × AOI × year cells in Section 5.5.
All flips occur at small absolute anomaly (max |value| = 17.8%) and none crosses the 50% / ×2
thresholds used to flag headline anomalies. Direction-consistency is 135/144 cells (93.75%).

Family Metric AOI Year Observed (%) Scaled (%)

Area combined_mean Ost 2018 +3.18 −0.48
Area combined_mean Ost 2020 +0.26 −5.73
Area combined_max Ptm 2016 +17.82 −0.35
Area slush_max Ptm 2016 +11.93 −6.03
Area slush_max Ptm 2024 +44.39 −3.36
Volume lake_max Ptm 2019 +4.71 −1.26
Volume lake_mean Ost 2018 +3.28 −2.67
Volume lake_mean Ost 2023 +5.80 −1.83
Volume lake_mean Ptm 2024 +9.24 −3.87
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