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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 a
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
inetades2064-data product presented here includes 4817 calving front locations of +9-42 key outlet glaciers from 2013 to 2023
and achieves sub-seasonal temporal resolution. This-data-setThe mean difference between automated and manual extraction is
estimated at 59.3 £ 5.9 m. 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 £ 530 Gt of ice, raising the global sea level by 7.4 = 1.5 mm (Otosaka

et al., 2023). Mass loss is dominated by ice-dynamic processes, where warming-ocean-temperatares-and-the-collapse-ofiee
a decrease of ice shelf thickness and extent reduces buttressing and thereb
accelerates the ice flow discharge of grounded ice across the grounding line (Slater etal., 2020). At the Antarctic Peninsula (AP)

in particular, increasing ice loss has been linked with ice she

glacter—dynamies—shelf disintegration (Rott et al., 1996; Rignot et al., 2004; Rack and Rott, 2004;
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Cook and Vaughan, 2010).
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A andB ice shelvegHulbe et al., 2008; Rott et al., 2011, 201Bpyondthat, evenmarineterminatingglaciersthat werenot

negativéicemashangeateof theentireAP, 13 5Gtyr ! betweer992 andeedischargdRignotet-al—2004;Rott-etal2018;-S
—Heneeit-is-of-utermostimportanceto-monitorAP-2020and 21  12Gtyr * between2017and 2020, representg4 %
(betweer992and2020)and18 %(hetweer017and2020)of themasdossrateof theAntarcticlce Shee{Otosaka et al., 2023)

acceleratior{Bondizo et al., 2017)Similar conclusionsarealsodrawnby Vieli and Nick (2011)who emphasis¢he needfor

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

In recent years, deep learning has emerged as the tool of choice to accomplish this task (Mohajerani et al., 2019; Baumhoel
et al., 2019; Zhang et al., 2021; Heidler et al., 2021; Marochov et al., 2021; Periyasamy et al., 2022; Davari et al., 2022b, a;
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 IceLineslatasetdataset(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
{Chengetal; 2021 Zhangetal; 2023 Loebetetal20Cheng et al., 2021; Zhang et al., 2023; Loebel et al., 2024c) and
Svalbard (Li et al., 2023).

With this contribution, we provide a dense calving front data product:fo42 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 Figureshethe-. The period covered ranges from 2013 to 2023. Glaciers were clieséreir
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Figure 1. Overview map of the Antarctic Peninsula and ##42 glaciers included in the presented data prodibearsentce-Shetfis
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Figure 2. The work ow of the applied processing system divided into the various processing blocks.

2 Methods

veloped for marine-terminating outlet glaciers in Greenland, the method is built with a high degree of automatization. The
enty-mainmodi 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 involied-greescribed below, followed

by an accuracy assessment of the results.

Our processing is based on multispectral Landsat-8 and Landsat-9 Level-1 data. During pre-pratiessavgilable satellite

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 an
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 we
apply 869 Greenland calving front positions and additiét# 252 calving fronts fromt+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

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 elavhich is helpful for calving front extraction (Heidler et al., 2021). 20 % of
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.
We then merge these ve predictions by averaging the values where they overlap. During post-processing the prediction is

For further analysesnd-tustration, 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

manually-andeither(1) reinsertednto the datasetf theywere separatediueto a rue areachange(e. g, dueto calving of a
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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 delifieatisnmpltementee-or






