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Abstract. The mass balance of the Greenland ice sheet is strongly influenced by the dynamics of its outlet glaciers. Therefore,
it is of paramount importance to accurately and continuously monitor these glaciers, especially the variation of their frontal
positions. A temporally comprehensive parameterization of glacier calving is essential to understand dynamic changes and
to constrain ice sheet modelling. However, current calving front records are often limited in temporal resolution as they rely
on manual delineation, which is laborious and not feasible with the increasing amount of satellite imagery available. In this
contribution, we address this problem by applying an automated method to extract calving fronts from optical satellite imagery.
The core of this workflow builds on recent advances in the field of deep learning while taking full advantage of multispectral
input information. The performance of the method is evaluated using three independent validation-datasets—test datasets. We
calculate a mean delineation error of 61.2 m, 73.7m, and 73.5 m, respectively. Eventually, we apply the technique to Landsat-8
imagery. We generate 9243 calving front positions across 23 Greenland outlet glaciers from 2013 to 2021. Resulting time series
resolve not only long-term and seasonal signals but also sub-seasonal patterns. We discuss the implications for glaciological
studies and present a first application analysing-the-interaction-between-ecalving front-variation-and-bedrock-topography-to the

analysis of the effect of bedrock topography on calving front variations. Our method and derived results represent an important

step towards the development of intelligent processing strategies for glacier monitoring, opening up new possibilities for
studying and modelling the dynamics of Greenland outlet glaciers. Thus;-these-also-contribute-to-advance-the-constraetion-of

‘Q

1 Introduction

Over the past two decades, the Greenland Ice Sheet has been a major contributor to sea level rise (Horwath et al., 2022). Mod-
els suggest, that this imbalance will continue with a warming climate (Goelzer et al., 2020; Edwards et al., 2021; Riickamp

et al., 2020). About half of the ice mass loss is due to increased meltwater runoff, while the other half is caused by dynam-
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ical imbalance(the-tMBIETeam;262dDtosaka et al., 2023). While changes in the surface mass balance are forced by the
atmosphere, the dynamic imbalance is driven by changes at the ice-ocean boundary formed by the outlet glaciers that drair
the Greenland Ice Sheet. Here, several mechanisms act as controls and indicators for dynamic glacier changes. In particula
calving and calving front variations have been identi ed as crucial parameters for investigating the physical mechanisms of
Greenland outlet glaciers (Joughin et al., 2008a; Moon and Joughin, 2008; Benn et al., 2017; Trevers et al., 2019; Cook et al.,
2021; Melton et al., 2022). In addition, recent studies have shown that calving front retreat is associated with increased ice
discharge (King et al., 2018; Mouginot et al., 2019; King et al., 2020). An accurate representation of calving front behaviour
is therefore an important requirement for constraining ice sheet modelling and improving simulations of future mass loss and
sea level contribution (Vieli and Nick, 2011; Bondizo et al., 2017; Morlighem et al., 2017, 2019). Overall, temporally and spa-
tially comprehensive data products of calving front variation are essential for a better understanding and modelling of marine
terminating glaciers.

The steady increase in quality and availability of satellite imagery provides new opportunities for a continuous and accurate
monitoring of glacier calving front positions. Nevertheless, current data records mostly rely on manual delineation (Schild and
Hamilton, 2013; Joughin et al., 2015; ENVEO, 2017; Andersen et al., 2019; King et al., 2020; Goliber et al., 2022; Black
and Joughin, 2023). This is a laborious, time-consuming and therefore ineffective process, given the ever-increasing volume
of data. Thus, such calving front products often lack temporal resolution, making seasonal analysis and associated modelling
efforts dif cult. In response to the need for scalable processing strategies, several empirical feature extraction algorithms have
been introduced over the last decades, all aiming to provide robust automated calving front extraction (Sohn and Jezek, 1999
Liu and Jezek, 2004; Seale et al., 2011; Rosenau, 2014; Krieger and Floricioiu, 2017; Liu et al., 2021). Yet, most of these
methods are either not tested for spatial transferability and large-scale application, or require case-speci ¢ modi cations.

With the advent of deep learning and big data methods in remote sensing, new opportunities have emerged to solve complex
image processing tasks (Zhu et al., 2017). In recent years, a number of case studies have used deep Arti cial Neural Networks

(ANN) to extract calving front positions. Both optical (Mohajerani et al., 2019) and synthetic aperture radar (SAR) (Zhang

Building on these achievements, this paper discusses the application and extensive validation of a specially tailored deep
learning method for automated calving front extraction using Landsat-8 optical imagery. In doing so, we provide a data product
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variabitity for the-rst-timeour methods ableto extracta signi cant amountof calvingfrontsthatcouldnotbeextractecby the

providea-+st-an application of our results to analyse the interaction between calving front change and bedrock topography.
Finally, in Section 6 we draw conclusions and provide an outlook.
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Figure 2. High-level overview of the applied work ow for automated calving front extraction. Based on multispectral satellite imagery
in visible (VIS), short-wave infrared (SWIR) and thermal infrared (TIR) wavelengths, the ANN performs a pixel-wise semantic image
segmentation. The nal calving front position is obtained after vectorizing and masking the ANN prediction. Landsat-8 image courtesy of

the U.S. Geological Survey.

100 differenttestingsets.The TUD. testingdatasefncludesfour additionalGreenlangylaciers,Boydell and

contains200 calving front positionsacross27 glaciersfrom 2020.and 2021. In additionto. our own testingdatasetwe use

105 scenewith lessthan24 hourstime difference.This

110 inputfrom 17 to nine layers.Additionally, we haveexpandedhe referencedatasetby 170 entries,Thesenew calving front
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expandingblocks.As calvingfront extractionneedsadequatepatialcontext(Heidler et al., 2021)n this studywe enhancghe
gthepre-processettainingdata Beforeinitializing themodeltrainingwe selectevery fth imageof
internalvalidation.Theremainingtrainingdatais augmenteightfoldby rotatingand.ipping. Finally,
theresulting6208rastersubsetareusedfor tting themodel.Forthis, we userandomizechatchef sizeeightandapplythe

sfunctionfor atotal of 200 epochsFinal

derive a_oating_point number probability mask where eachimage pixel is_assigneda

.During post-processingwe vectorizethis probability maskusingthe
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3 Accuracy assessment

Ourown TU Dresden (TUD) testing set contains 200 labeled images from the years 2020 and 2021. We emphasize that they
are temporally separated from the years of the training datasets. To ensure spatial transferability of our methiathtiia
test data set includes imagery for additional four Greenland glaciers, two glaciers at the Antarctic Peninsula, one glacier in

Svalbard and one glacier in Patagonia. In addition to our own testing dataset we apply another 100 manually picked calving
fronts provided by the ESA Greenland Ice Sheet CCI project (ENVEO, 2017) and 110 provided by the CALFIN product
(Cheng et al., 2021 Figure2-givesa-spatialeverviewof-the-Greenlandglaciersusedwithin-thi bey-Overviewmap-o

ocean, sea ice and ice mélange situations. Furthermore, the model is also able to handle images affected by challenging clou
(Fig. 3d, j) and illumination (Fig. 3c) conditions, as well as calving fronts near the edge of a satellite scene (Mgic8ejen
Testimages showing large errors are associated to delineation subjectivity (Fig. 3f,h,i) or even human error (Fig. 3k).

Since the ANN training is stochastic every tted model performs slightly different on our testing data. To ensure statistical
stability for a broader numerical assessment we trainvaidatetest50 models using the same reference data and model
parameters. In order to assess the distance error, we report both the mean and median over the scenes in the test data set. T
validationtestresults for these 50 models are shown in Figure 4. Whereas the mean distance error is sensitive towards outliers
the median distance error informs about systematic model over tting and general scene-by-scene performance. Since eact
of the three testing data sets originated from its own, hence independent, imagery, resulting error estimates are not directly






