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Abstract. Calving front positions of marine-terminating glaciers are an essential parameter to
::
for

:
understanding dynamic

glacier changes and constraining ice modelling. In particular, for the Antarctic Peninsula, where the current ice mass loss is

driven by dynamic glacier changes, accurate and comprehensive data products are of major importance. Current calving front

data products are limited in coverage and temporal resolution because they rely on manual delineationbeing
:
,
:::::
which

::
is

:
time-

consuming and unfeasible for the increasing amount of satellite data. To simplify the mapping of calving fronts we apply a5

deep learning based processing system designed to automatically delineate glacier fronts from multispectral Landsat imagery.

The U-Net based framework was initially trained on 869 Greenland glacier front positionsand is here extended by 236 .
::::
For

:::
this

:::::
study

:::
we

::::::::
extended

:::
the

:::::::
training

::::
data

::
by

::::
252

:
front positions of the Antarctic Peninsula. The here presented data product

includes 2064
:::
data

::::::
product

:::::::::
presented

:::
here

::::::::
includes

::::
4817

:
calving front locations of 19

::
42

:
key outlet glaciers from 2013 to 2023

and achieves sub-seasonal temporal resolution. This data set
::::
The

::::
mean

:::::::::
difference

:::::::
between

:::::::::
automated

:::
and

::::::
manual

:::::::::
extraction

::
is10

::::::::
estimated

::
at 59.3± 5.9m.

::::
This

::::::
dataset

:
will help to better understand marine-terminating glacier dynamics on an intra-annual

scale, study ice-ocean interactions in more detail and constrain glacier models. The data is publicly available at PANGAEA

under https://doi.pangaea.de/10.1594/PANGAEA.963725 (Loebel et al., 2023a).

1 Introduction

From 1992 to 2020 the Antarctic Ice Sheet lost 2671± 530Gt of ice, raising the global sea level by 7.4± 1.5mm (Otosaka15

et al., 2023). Mass loss is dominated by ice-dynamic processes, where warming ocean temperatures and the collapse of ice

shelves reduce buttressing and accelerate ice flow
:
a
::::::::
decrease

::
of

:::
ice

::::
shelf

::::::::
thickness

:::
and

::::::
extent

:::::::
reduces

:::::::::
buttressing

:::
and

:::::::
thereby

:::::::::
accelerates

:::
the

::
ice

::::
flow

::::::::
discharge

::
of

::::::::
grounded

:::
ice

:::::
across

:::
the

:::::::::
grounding

:::
line

:
(Slater et al., 2020). At the Antarctic Peninsula (AP)

in particular, increasing ice loss has been linked with ice shelve disintegration (Rott et al., 1996; Rignot et al., 2004; Cook and Vaughan, 2010; Adusumilli et al., 2018; Rack and Rott, 2004)

. Forcing from ocean (Cook et al., 2016) and atmosphere (Vaughan and Doake, 1996; Cook et al., 2005; Cape et al., 2015) has20

led to reduced ice shelf thickness and extent. And this, in turn, has reduced buttressing strength and thereby increased outlet

glacier dynamics
::::
shelf

::::::::::::
disintegration

:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
(Rott et al., 1996; Rignot et al., 2004; Rack and Rott, 2004; Cook and Vaughan, 2010)

:
.
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:::::::
Thereby,

::::::::::
atmospheric

:::
and

:::::::
oceanic

::::::::
in�uences

:::::
cause

:::
ice

::::
shelf

:::::::
thinning

::::
and

::::::::::
precondition

:::::::
collapse

::::::::::::::::::::::::::::::::::::::
(Pritchard et al., 2012; Adusumilli et al., 2018)

:
.

::::::::
Although

:::::::::
collapsing

:::
ice

::::::
shelves

:::
do

:::
not

:::::::
directly

::::::::
contribute

:::
to

:::
sea

::::
level

::::
rise,

::::
they

::::
play

:::
an

::::::::
important

::::
role

::
in

:::::::::
stabilizing

:::::
their

:::::::
tributary

:::::::
glaciers

:::::::::::::::::::::
(Dupont and Alley, 2005)

:
.

:::::
Once

:::
this

:::::::
support

::
is

:::::
lost,

:::
the

::::::::
dynamics

:::
of

:::
the

:::::::
tributary

:::::::
glaciers

::::
and

:::::
their

:::
ice25

::::::::
discharge

:::::::
increase,

:::::::::::
contributing

::::::
directly

::
to

::::::::
sea-level

:::
rise

::::::::::::::::::::::::::::::::::
(Rignot et al., 2004; Seehaus et al., 2018).

:::::
This

:::::::::
mechanism

:::
has

:::::
been

:::::::
observed

::
in

:
a
:::::::
number

::
of

:::::
cases

::::
most

::::::
notably

::::
after

:::
the

:::::::
collapse

::
of

:::
the

::::::
Prince

::::::
Gustav

::
ice

:::::
shelf

:::::::::::::::::
(Glasser et al., 2011)

:::
and

:::
the

::::::
Larsen

:
A

::::
and

::
B

:::
ice

::::::
shelves

:::::::::::::::::::::::::::::::::::
(Hulbe et al., 2008; Rott et al., 2011, 2018)

:
.

::::::
Beyond

:::::
that,

::::
even

::::::
marine

::::::::::
terminating

:::::::
glaciers

:::
that

:::::
were

:::
not

::::::
directly

:::::::
affected

:::
by

:::
ice

:::::
shelf

::::::::
collapse,

::::
most

:::
of

::::::
which

::::::
�owing

:::::::::
westward

:::::
from

:::
the

:::
AP

:::::::
plateau,

:::
are

::::::::::::
experiencing

::::::::
changing

::::::::
dynamics

::
as

:
a
:::::
result

:::
of

:::::::
warming

:::::::
climate

::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
(Cook et al., 2016; Hogg et al., 2017; Wallis et al., 2023a; Davison et al., 2024).

::::
The30

:::::::
negative

::
ice

:::::
mass

::::::
change

:::
rate

::
of

:::
the

:::::
entire

:::
AP,

:
� 13� 5 Gt yr � 1

::::::
between

:::::
1992 andicedischarge(Rignot et al., 2004; Rott et al., 2018; Seehaus et al., 2018; Wallis et al., 2023a)

. Hence,it is of utermostimportanceto monitor AP
::::
2020

::::
and

:
� 21� 12 Gt yr � 1

:::::::
between

:::::
2017

:::
and

:::::
2020,

:::::::::
represents

:::::
14 %

:::::::
(between

:::::
1992

:::
and

:::::
2020)

:::
and

:::::
18 %

:::::::
(between

:::::
2017

:::
and

:::::
2020)

::
of

:::
the

::::
mass

::::
loss

:::
rate

::
of

:::
the

::::::::
Antarctic

:::
Ice

:::::
Sheet

:::::::::::::::::
(Otosaka et al., 2023)

:
.

:::::::::
Monitoring

:::
of

:::
AP

::::::
marine

::::::::::
terminating glaciers and ice shelvesto comeup with

::
is

::
of

:::::::::
paramount

::::::::::
importance

:::
for

:
up-to-date

diagnosticsandreliablepredictionsof futurechange
:::::::
diagnosis

::::
and

::::::
reliable

:::::::::
prediction

::
of

:::::
future

:::::::
changes.35

One particularly important parameter of each glacier is the calving front position and its temporal variation.Calving

::::::
Firstly,

::::::
calving

:
front locations areessentialfor (1)

::
the

:::::
basis

:::
for

:
mapping glacier area change(Davies et al., 2012); (2) .

:::
In

:::
this

::::
way,

::::::::::::::::
Cook et al. (2014)

::::
show

::::
that

:::
the

:::::::
majority

::
of

:::
AP

:::::::
glaciers

::::
have

:::::::
reduced

::
in

::::
area

:::::
since

:::
the

:::::
1940s

:::::
with

:::::::
temporal

::::::
trends

::::::::
indicating

:::::::
uniform

::::::
retreat

:::::
since

:::
the

:::::::
1970s.

:::::
Most

:::::::::
signi�cant

::::
area

::::::
losses

:::::::
occurred

:::
in

:::
the

::::::::
northeast

::::
AP

:::
and

::::
are

:::::::::
associated

::::
with

:::
ice

::::
shelf

::::::::
collapse.

:::::
Area

::::
loss

::
on

::::
the

::::
west

:::::
coast

::::::
shows

:
a
::::::::::

north-south
::::::::

gradient
:::
and

::::
has

::::
been

::::::
linked

::
to

::::::::
warming

::::::
ocean40

::::
water

::::::::::::::::
(Cook et al., 2016)

:
.

::::::::
Secondly,

:::::::
calving

::::
front

::::::::
locations

::::
are

:::::::
essential

:::
for

:
studying and understanding ice-ocean interac-

tion as well as underlying processes(Scambos et al., 2011; Seehaus et al., 2015, 2016); and (3) .
:::
In

:::
this

:::::
way,

::::
they

::::
help

:::
to

:::::::::
understand

:::
the

:::::::
response

::
of

:::
the

:::
AP

:::
to

:
a

::::::::
warming

::::::
climate.

:::::
This

::::::
applies

::
to

::::
local

::::::
studies

::
of

:::::::::
individual

:::::::
glaciers

::
or

::::::
glacier

:::::::
systems

::::::::::::::::::::::::::::::::::::::::
(Scambos et al., 2011; Seehaus et al., 2015, 2016),

:::
but

::::
also

::
to

:::::::
regional

::::::
studies

::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
(Friedl et al., 2018; Wallis et al., 2023a; Ochwat et al., 2024; Surawy-Stepney et al., 2024)

:
.

:::::::
Thirdly,

::::::
calving

:::::
front

::::::::
locations

::::
play

::
an

:::::::::
important

::::
role

::
in

:
constraining ice-dynamic models to improve simulations of fu-45

ture mass loss and sea level contribution (Alley et al., 2005; Barrand et al., 2013; Cornford et al., 2015).
::::::::
According

:::
to

::::::::::::::::::::::::
Pattyn and Morlighem (2020),

:::::::
calving

::
is

:::
one

::
of

:::
the

::::
key

:::::::
physical

::::::::
processes

::::::
where

::
its

::::
lack

::
of

:::::::::
knowledge

:::::::
reduces

:::
the

::::::
ability

::
to

::::::::
accurately

::::::
predict

:::::
mass

::::::
changes

::
of

:::
the

::::::::
Antarctic

:::
Ice

:::::
Sheet

:::
and

:::::
de�ne

::::::::
potential

::::::
tipping

::::::
points.

::::::::
Modelling

::::::
studies

:::
for

::::::::::
Jakobshavn

::::
Isbræ

:::
in

:::::::::
Greenland

::::::::
identi�ed

:::
the

:::::::
calving

::
as

:::
the

:::::::::
dominant

::::::
control

::::
with

:::::::
calving

::::
front

:::::::::
migration

:::::::::
accounting

:::
for

:::::
90 %

:::
of

:::
the

::::::::::
acceleration

::::::::::::::::::
(Bondizo et al., 2017).

:::::::
Similar

::::::::::
conclusions

:::
are

:::
also

::::::
drawn

:::
by

::::::::::::::::::
Vieli and Nick (2011)

::::
who

::::::::
emphasise

:::
the

:::::
need

:::
for50

:
a

:::::
robust

::::::::::::
representation

::
of

:::
the

:::::::
calving

::
in

:::
ice

::::
sheet

:::::::
models.

Accurate calving front data with both high temporal resolution and a high spatial coverage is therefore critical.These
::
At

::::::
present,

::::::::
however,

::::
these

:
data products are not widely available for the AP. This is due to limitations of the manual and therefore

time-consuming, process of delineating these frontal positions from the increasing amount of satellite imagery available.

Table 1 gives an overview of publicly available calving frontdatasets
:::::::
datasets for the AP. The Antarctic Digital Database55

(ADD)
:::::::::::::::::
(Cook et al., 2021b) and Global Land Ice Measurements from Space (GLIMS)

::::::::::::::::::::::::::::::::::::::
(GLIMS Consortium, 2005; Raup et al., 2007)

products have circum-Antarctic coverage but very limited temporal resolution. The calving front data by Seehaus et al. (2015),
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Table 1.Overview of publicly available calving front datasets for the AP Ice Sheet. The number of fronts mapped by Cook et al. (2021a) is

not documented. It is speci�ed that more than 2000 aerial photographs and over 100 satellite images were used to compile the dataset.

dataset Annotation Sensor type Glaciers Mapped fronts Time span

ADD (Cook et al., 2021a) Manually Optical 244 1843-2008

GLIMS (GLIMS Consortium, 2005) Manually Optical >300 >900 Since 1986

Seehaus et al. (2015) Manually SAR 1 147 1992-2014

Seehaus et al. (2016) Manually SAR 1 133 1993-2014

CryoPortal (ENVEO) Manually SAR & Optical 16 124 2013-2017

Gourmelon et al. (2022) Manually SAR 5 457 1996-2020

Wallis et al. (2023b) Manually SAR 8 3430 2015-2021

:::::::::::::::::
Surawy-Stepney (2024)

:::::::
Manually

::::
SAR

::
&

:::::
Optical

:
9

:::
245

::::::::
2002-2023

This study (Loebel et al., 2023a) Automatic Optical 42 4817 2013-2023

Seehaus et al. (2016),Lippl (2019)andWallis et al. (2023b)
::::::::::::::::
Wallis et al. (2023b)

:::
and

::::::::::::::::::::
Surawy-Stepney (2024) are by-products

of regionalglaciological studies. Calving fronts reported by Gourmelon et al. (2022) are part of a benchmark dataset developed

for evaluating automated extraction from SAR imagery.
:::
For

:::
the

::::
vast

:::::::
majority

:::
of

:::
the

::::::::::::
approximately

::::
800

::::::::::::::::
marine-terminating60

::::::
glaciers

::
at

:::
the

:::
AP

:::::::::::::::::::::::::::::::
(Cook et al., 2014; Huber et al., 2017),

:::::::
current

:::
data

::::::::
products

::
do

:::
not

::::::
exploit

:::
the

:::::::
potential

::
of

::::::::
available

:::::::
satellite

:::::::::::
observations. The availability of calving front positions at the AP is limited, emphasising the necessity for additional and more

comprehensive data products.Forthis
::
To

:::::::
generate

:::::
these

::::
data

:::::::
products

::::::::
ef�ciently, we need to use automatic annotation methods.

In recent years, deep learning has emerged as the tool of choice to accomplish this task (Mohajerani et al., 2019; Baumhoer

et al., 2019; Zhang et al., 2021; Heidler et al., 2021; Marochov et al., 2021; Periyasamy et al., 2022; Davari et al., 2022b, a;65

Heidler et al., 2022; Herrmann et al., 2023). This has already been demonstrated by Baumhoer et al. (2023), who applied

neural networks on SAR imagery to generate a high temporal resolution dataset of Antarctic ice shelf frontal positions.

On the AP this IceLinesdataset
::::::
dataset

:
(Baumhoer et al., 2023) solely encompasses the Larsen Ice Shelf and excludes

the outlet glaciers. Similar methods have been used to generate calving front data products for outlet glaciers in Greenland

(Cheng et al., 2021; Zhang et al., 2023; Loebel et al., 2023b)
:::::::::::::::::::::::::::::::::::::::::::::::::
(Cheng et al., 2021; Zhang et al., 2023; Loebel et al., 2024c) and70

Svalbard (Li et al., 2023).

With this contribution, we provide a dense calving front data product for19
::
42 key glaciers of the AP. We achieve this

by applying a processing system, initially developed for Greenland, and incorporating new reference data. The locations of

these glaciers are shown in Figure 1, andthe .
::::
The period covered ranges from 2013 to 2023. Glaciers were chosenfor their

glaciologicalimportance,massbalanceandsize.Mainly, ourdataincorporatestheglaciersandformericeshelftributariesof the75

two sub-regionsLarsen-Aand-B (eastcoastof thenorthernAP) aswell asWordieBay– thetwo majorhotspotsof ice lossat

theAP . Ourdatafor Larsen-Aand-B areaincludestheglaciersCrane,Jorum,Punchbowl,Hektoria-Green-Evans,Drygalski,

Dinsmore-Bombardier-Edgeworth,SjogrenandBoydell.ForWordieBayweprovidedatafor theglaciersHariot,Flemingand
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Figure 1. Overview map of the Antarctic Peninsula and the19
::
42

:
glaciers included in the presented data product.TheLarsenIce Shelf is

partof
::
All

:::::::
glaciers

::
lie

:::::
within theIceLines(Baumhoer et al., 2023)dataset

::::::
drainage

:::::
basins

::
25

:::
and

::
26

::::::
mapped

:::
by

::::::::::::::
Zwally et al. (2012).

Prospect.TheFleming,DrygalskiandHektoria-Green-Evansglaciersaloneaccountfor almost40 %of thetotal masslossin

our studyareafrom 2013to 2017(Seehaus et al., 2023). Driven by ice shelfdisintegration,glaciersin thesetwo sub-regions80

haveundergonerecentchangesin icedynamics,elevation,andcalvingfront retreat(Seehaus et al., 2018; Friedl et al., 2018; Rott et al., 2018)

. Theremainingglaciersin ourdataset(MurphyWilkinson,Widdowson,Hugi,Birley, Trooz,Bleriot,CayleyandStringfellow),

all locatedon the westcoastof the AP, wereselectedbasedon
::::
based

:::
on

::::
four

:::::::
criteria.

:::
We

:::::::
process

::
all

:::::::
glaciers

::::::
which

:::
are

:::
(1)

:::
part

::
of

:
therelativelylargesizeof their calvingfront.

::
AP

:::
Ice

::::::
Sheet,

:::
(2)

::::::::::::::::
marine-terminating,

:::
(3)

:::::
listed

::
in

:::
the

::::::
SCAR

:::::::::
Composite

::::::::
Gazetteer

::
of

:::::::::
Antarctica

::::::::::::::::::::
(Cervellati et al., 2000)

::
and

:::
(4)

:::::
have

:
a

:::::::::
minimum

::::::
calving

:::::
front

:::::
length

::
of

:::::
5 km.

::::
The

::::
�rst

::::
three

:::::::
criteria85

:::::
de�ne

:::
the

:::::
scope

:::
for

::::
this

::::::
dataset,

::::
our

::::::
product

:::::
does

:::
not

::::::
include

:::::::
glaciers

:::
on

::::::::::
surrounding

::::::
islands

::::
nor

:::
ice

:::::
shelve

::::::::::
tributaries,

:::
the

:::::
fourth

:::::::
criterion

::
is

::::::
related

::
to

:::::::::
processing

::::::::::
limitations.
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Figure 2. The work�ow of the applied processing system divided into the various processing blocks.

2 Methods

The processing is based on the method previously describedin Loebel et al. (2023b)
::
by

:::::::::::::::::
Loebel et al. (2024c). Originally de-

veloped for marine-terminating outlet glaciers in Greenland, the method is built with a high degree of automatization. The90

only
::::
main

:
modi�cation applied to the framework is the extension of the reference dataset to incorporate glaciers on the AP.

Figure 2 gives a comprehensive overview of the processing system. The steps involved arebrie�y described below, followed

by an accuracy assessment of the results.

2.1 Calving front delineation by
:::::
using deep learning

Our processing is based on multispectral Landsat-8 and Landsat-9 Level-1 data. During pre-processing
:
, nine available satellite95

bands, ranging from visible and infrared (VNIR) over short-wave infrared (SWIR) to thermal infrared (TIR), are cropped

into 512 px� 512 px tiles with a uni�ed ground sampling distance of 30 m, centered at the corresponding calving front. To

counteract image overexposure we apply a cumulative count cut image enhancement, clipping the data between the 0.1 and

98 percentile. Furthermore, all bands are normalized between 0 and 1 by a 8-bit quantization. Ground truth reference was

inferred by manual delineation for both training and testing our Arti�cial Neural Network (ANN). To train the model we100

apply 869 Greenland calving front positions and additional236
:::
252

:
calving fronts from11

::
12

:
AP glaciers. Due to the similar

morphology of Greenland and AP outlet glaciers, these 869 Greenland calving front positions represent an ideal basis for a

well-generalized ANN model. The additionalAP 11 glacier
::
12

:::
AP

:::::::
glaciers

:
are Jorum, Punchbowl, Prospect, Hektoria-Green-

Evans, Dryglaski, Birley, Crane, Widdowson,
::::::::::
Drummond,

:
Fleming, Sjogren and Boydell. Expanding the trainingdataset

::::::
dataset is bene�cial to account for the partly different glacier morphology, such as the presence of free-�oating glacier tongues.105

To avoid model over�tting, we make sure that the training data covers different calving and ice mélange conditions, as well as

varying illumination,
:::
and cloud situations.
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The applied ANN performs a land cover classi�cation where an ocean class is semantically segmented from a glacier/land

class. In particular we use a modi�ed U-Net (Ronneberger et al., 2015) with two additional contracting and expanding blocks.

This modi�cation results in a larger receptive �eld
:
, which is helpful for calving front extraction (Heidler et al., 2021). 20 % of110

the input data is used for internal model validation and model selection. Training data is augmented eight times by rotation and

mirroring. For model training, we used the Adam optimization algorithm (Kingma and Ba, 2014) on a binary cross-entropy

loss function for 200 epochs and randomized batches of size eight. The model output is a �oating point probability mask. Each

image pixel is assigned a probability between 0 (water) and 1 (glacier and land). Since the terminus length of the Hektoria-

Green-Evans glacier system exceeds the �xed window size, we infer �ve separate but partially overlapping predictions here.115

We then merge these �ve predictions by averaging the values where they overlap. During post-processing the prediction is

vectorized using the Geospatial Data Abstraction Library (GDAL/OGR contributors, 2020). Theglacier
::::
using

::
a

::::::::
threshold

::
of

:::
0.5.

::::
The

::::::::
threshold

::
of

:::
0.5

::
is

::::
the

::::::::
boundary

:::::::
between

:::
the

::::::::
predicted

::::::
water

:::
and

::::::::::
glacier/land

:::::::
classes,

:::
i.e.

:::
the

::::::::
predicted

:::::::::
coastline.

:::
The

::::::
glacier

:
front is then extractedfrom thepredictedcoastlineusing

::
by

::::::::::
intersecting

:::
the

::::::::
predicted

:::::::::
vectorized

:::::::
coastline

::::
with

:
a

static mask.
:::::
which

::
is

::::::::
manually

::::::::
generated

:::
for

::::
each

::::::
glacier.

:::::::
Masked

::::::::::
predictions

:::::::
therefore

::::
only

:::::::
contain

:::
the

::::::
calving

:::::
front.

::::
This

::
is120

::::::::
important

:::
not

::::
only

::
to

:::::::
produce

::
a

::::::::
consistent

::::
data

:::::::
product,

:::
but

::::
also

::
to

:::::::
perform

::
a

::::::
correct

:::::::
accuracy

::::::::::
assessment,

::
as

:::
the

::::::::::
land-ocean

::::::::
boundary

:
is

::::::
almost

:::::
static,

:::::::
making

::
it

:::::
easier

:::
for

::
the

:::::
ANN

::
to

:::::::::
delineate.

For further analysisand illustration, the calving front location shape-�les are processed using the rectilinear box method

(Moon and Joughin, 2008). We use this method not only to generate the time series of terminus area change but also to

remove failed calving front extractions. For this
::
and

::::::::
separate

:::::::
outliers.

::
In

:::::::::
particular,

::::::
calving

::::::
fronts

:::::
which

:::
do

:::
not

::::
split

:::::
their125

:::::::::::
corresponding

:::::::
glaciers

::::
box

:::
are

::::::::
discarded

::
as

:::::
failed

::::::::::
extractions.

::
In

::::::::
addition, we separate all entries that have an area difference

of more than
::::
20 %

:::
of

:::
the

::::::::::::
corresponding

::::
box

:::::
width

:
from the previous and following entries. Separated entries are checked

manually.
:::
and

:::::
either

:::
(1)

::::::::
reinserted

::::
into

:::
the

::::::
dataset

::
if

::::
they

:::::
were

::::::::
separated

:::
due

::
to

::
a

:::
true

::::
area

:::::::
change

::::
(e. g.

:::
due

:::
to

::::::
calving

::
of

::
a

::::
large

:::::::
iceberg)

::
or

:::
(2)

::::::::
discarded

::
if

:::
the

::::
area

::::::
change

:::
was

::::
due

::
to

:
a
::::::::::::::
misclassi�cation

:::
by

::
the

::::::
ANN.

:::
For

:::
the

:::::::::
generation

::
of

:::
our

::::
data

:::::::
product

:::
we

::::::::::
downloaded

::::
4991

:::::::::
Landsat-8

:::
and

:::::::::
Landsat-9

:::::::
Level-1

::::::
scenes,

::
all

::::::::
available

::::
data

:::
for130

::
the

:::
42

:::::::
glaciers

::::
until

:::::
May

:::::
2023.

:::::
These

::::
are

::::
then

:::::::::::
preprocessed

::::
into

:::::
30453

:::::::
stacked

::
(9

::::::
bands,

:::::::::::::::
512 px� 512 px)

:::::
raster

:::::::
subsets.

::::
Since

::::::::::
consecutive

:::::::
Level-1

:::::::
Landsat

::::::
scenes

::
of

:::
the

::::
same

::::
path

:::::::
overlap,

:::
we

:::::
select

:
a
:::::::::
maximum

::
of

::::
one

::::
entry

:::
per

::::
day

::
by

::::::::::
minimising

::::::
no-data

::::::
pixels.

:::
The

::::::::
resulting

:::::
23230

:::::
raster

::::::
subsets

:::
are

:::::::::
processed

::
by

:::
the

:::::
ANN.

:::::
More

::::
than

::::
half

::
of

:::
the

:::::::::
extractions

:::
fail,

::::::
mostly

::::
due

::
to

::::
cloud

::::::
cover,

::::::
leaving

:::::
8688

::::::
calving

::::::
fronts.

::::
After

::::::
outlier

:::::::::
separation

:::
and

::::::::
checking,

:::
our

::::
�nal

::::
data

:::::::
product

:::::::
contains

::::
4817

:::::::
calving

::::
front

::::::::
positions.

::::
The

::::::
success

::::
rate,

::::::
which

::
we

::::::
de�ne

::::
here

::
as

:::
the

::::
ratio

::
of

:::::
raster

::::::
subsets

:::::
going

::::
into

:::::
ANN

:::::::::
processing

::
to

::::
�nal

::::::
quality135

::::::::
controlled

::::
data

:::::::
product

::::::
entries,

::
is

:::::
21 %.

:::
All

::::
data

::::::
product

::::::
entries

::::::::
provided

:::
are

:::
full

:::::::
calving

::::
front

:::::::::
extractions

::::::::
covering

:::
the

:::::
entire

::::::
calving

::::
front

:::::::::
trajectory.

2.2 Accuracy assessment

The accuracyof the
::::
main

::::::::
accuracy

::::::::::
assessment

::
is

::::
done

:::
by

:::::::::
comparing

::::::::::::::
ANN-delineated

:::::::
calving

::::
front

::::::::::
predictions

::
to

:::::::
manual

:::::::::
delineation

:::
for

:::::::::::
independent

:::
test

::::::::
imagery.

::::
The

::::::
results

::
of

::::
this

::::::::::
comparison

::::
will

:::::::
validate

:::
our

::::::::::
processing

::::::
system

::::
and

:::::::
provide140

:::::::
valuable

::::::
metrics

:::
for

:::::::::
comparing

:::
this

:::::::
method

::
to

:::::::
existing

::::::
studies.

:::
As

::
an

:::::::::
additional

::::::
metric

::
we

::::::::
introduce

:::
the

::::::::::
inter-model

::::::::
distance.
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::::::::
Although

::
the

::::::::::
inter-model

:::::::
distance

:::
has

::::::
limited

:::::::::
reliability,

:
it

:::
has

:::
the

:::::::::
advantage

:::
that

::
it

:::
can

::
be

::::::::::
determined

::
for

::::
each

:::::
ANN

:::::::::
prediction

::::::
without

:::
the

::::
need

:::
for

:::::::
manual

:::::::::
delineation.

:

2.2.1
:::::::::::
Comparison

::
to

:::::::
manual

::::::::::
delineation

:::
The

::::::::
accuracy

::
of

:::
the

:
data product is estimated by comparing automated calving front extractions to manual delineations.In145

Loebel et al. (2023b),
:::::::::::::::::
Loebel et al. (2024c)

::::
have

::::::
already

:::::::::
evaluated the processing systemhasalreadybeenvalidatedfor ac-

curacy and generalizability, with particular emphasis on Greenland Glaciers. Since we use additional training data for this

analysis, we also apply a manually delineated testdataset
:::::
dataset

:
speci�cally for the AP. This testdatasetcontains57

::::::
dataset

:::::::
contains

::
60

:
calving front locations overall 19processed

::
20 glaciers. This includes additional eight glaciers which are not part

of the trainingdataset
::::::
dataset. These additional eight test glaciers ensure the spatial transferability of our method. Whereas150

the training data contains calving fronts from 2013 to 2021, the testdataset
::::::
dataset

:
contains calving fronts for the sepa-

rate period from 2022 and 2023. As ANN training is not deterministic, we train �ve separate models for our assessment.

Our main error metric is the distance between the predicted delineation and the manual delineation.This is implemented
:::
For

:::
this

:::
we

:::::::::
implement

::::
two

::::::::
different

:::::::
distance

:::::::::
estimates.

::::::
Firstly,

:::
we

:::
use

:::
an

:::::::
average

:::::::
minimal

::::::::
distance

::::
error

::::::
which

:::
we

::::::::
calculate

by averaging the minimum distance every30 m along the predicted front trajectory.
:::
This

::::::::
estimate

::
is

::::::::::
comparable

::
to

::::
the155

::::
ones

::::
used

:::
by

::::::::::::::::
Cheng et al. (2021),

:::::::::::::::::
Loebel et al. (2022),

::::::::::::::::::::
Baumhoer et al. (2023)

:::
and

::::::::::::::::
Zhang et al. (2023)

:
.

::::::::
Secondly,

:::
we

::::::
report

::
the

:::::::::
Hausdorff

:::::::
distance

::::::::::::::::::::::
(Huttenlocher et al., 1993)

:::::
which

::::
only

::::::::
considers

:::
the

::::::
largest

:::::::
distance

::
of

:::
all

:::::::
minimal

::::::::
distances

:::::
along

:::
the

:::
two

::::::::::
trajectories.

::::
The

::::::::
Hausdorff

::::::::
distance

::
is

:::::::
therefore

:::::
very

:::::::
sensitive

::
to

::::::::::::
discrepancies

::::
even

:::::
along

:::::
small

:::::::
sections

:::
of

:::
the

::::::
glacier

::::
front

:::::::
between

:::
the

:::::
ANN

:::
and

:::
the

::::::::
manually

:::::::
derived

::::::
calving

:::::
front.
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