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We thank all reviewers for their thorough reviews. We carefully modified the paper according to their suggestions. Below,
we provide a detailed list of our responses and the changes undertaken to the manuscript.

Reviewer 1 - Major Concerns:

Compared with previous studies, this manuscript has room to improve regarding innovation. The previous study has used
deep learning to extract the glacier termini from multiple remote sensing datasets. If combining multi-sensor and long-
term images brings innovations, the author needs to justify the reason (where are the challenges and how do you solve
them).

Thank you for raising this point. This study does not focus on innovative deep learning techniques. Instead, the focus of this
manuscript is to present a novel dataset that can be used to train and evaluate deep learning techniques. Training and testing
on a common dataset ensures comparability between studies. Different models trained and evaluated on different datasets
will get different error rates. It is, however, not clear if this performance difference results from the models or the dataset.
It may well be that one of the used datasets is not representative, or that the test dataset is simpler (e. g., glaciers such as
Mapple, where there is only one calving front with little curvature and variability). Therefore, a challenging benchmark
data set is highly needed. We now emphasize this aim more clearly in change 1, change 2, deletion 1, change 3, addition 1,
change 4, change 5, addition 4, addition 9, addition 10, and addition 11. Moreover, time series from multiple missions
introduce new challenges for calving front segmentation, such as different spatial resolutions, different penetration depths
or sensitivity to surface changes, different signal-to-noise ratios, and different geometries, topographic effects, shading,
and overlay effects. We inserted this statement in addition 2.

The second concern is about the data quality and quantity. The uncertainty is high for one of the two test glaciers, and
the terminus results are not usable for further analysis. Also, deep learning aims to produce a large number of termini
by automating terminus delineation. But the number of terminus traces derived from this study is limited. Considering the
ESSD is a journal focusing on data, I think the manuscript needs to improve in this regard.

The reviewer raises an important point. The dataset presented is not intended to be used directly for further analysis.
Rather, it is intended to provide a basis for training and evaluating new deep-learning pipelines that can then be used
to delineate calving fronts in new satellite imagery. As the reviewer correctly notes, the baseline model predictions for
Columbia Glacier are not accurate enough to be used for further analysis. We make no claim that this is the case. With
the base models, we aim to provide a foundation for future models and show how the dataset can be used in deep learning
pipelines. We want to encourage further research to improve upon challenging samples (such as the Columbia Glacier) in
the test set, as this is the only way to evaluate and thus ensure the generalizability of future models to difficult glaciers.

The quality of our annotated dataset has been verified by two additional persons. If there exist concerns about the
annotations, please indicate the specific annotations that need to be revised. Concerning the quantity of data, a total of 681
annotated images with a mean size of 2182 x 2010 is a reasonable size for a dataset designated for training deep learning
segmentation techniques. For comparison, the EuroSat benchmark dataset (https://github.com/phelber/eurosat) has 27 000
images of size 64 x 64. If we would divide our dataset into patches of 64 x 64, this would result in approximately 728 670
patches of this size making our dataset 27 times large than the EuroSat benchmark. Therefore, we think that the manuscript
is a good fit for the special issue “Benchmark datasets and machine learning algorithms for Earth system science data”.
To enhance the comprehensibility of the manuscript, we highlight our intentions more clearly in change 1, change 2,
deletion 1, change 3, addition 1, change 4, change 5, addition 4, addition 9, addition 10, and addition 11.

Reviewer 1 - Specific Comments:

Page 2 Line 58: It would be nice if the author could explain more about why the dataset from this study is beneficial for
bridging the gap regarding the evaluation among different studies.

Thank you for this comment. With this dataset, different approaches for the detection of glacier calving fronts can be
implemented, tested, and their performance fairly compared so that the most effective approach can be determined. Models
trained and tested on different datasets are not comparable without re-training and testing on a common dataset. To clarify
this, we added some explanations. Please see addition 3, change 1, and addition 9.
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Page 10 Line 212: Please explain more about re-mapping.

Thank you for your request. By re-mapping, we just meant that we manually redrew all the front lines because we couldn’t
make the ones from ( ) fit. We have clarified this in addition 5.

Page 10 Line 222: What is the rationale behind identifying four zones since this study will only pick the boundary between
glacier and ocean.

Thank you for this question. There are two reasons why we decided to designate four zones instead of just two. First, if we
were to divide the scene into ocean and non-ocean, the boundary between the two zones would be the entire coastline, not
just the calving front. Therefore, it is important to include the rock outcrop as one zone. Second, SAR shadows, overlay
regions, and areas outside the swath are shown as zero values in the satellite imagery. Labelling the same pattern (patches
of zero values) once as ‘ocean’ and once as ‘non-ocean’ can confuse neural networks and affect their learning ability. In
the early stages of creating the dataset, we saw evidence that there was indeed an advantage to including multiple zones
instead of just two. To clarify this in the manuscript, we included addition 6.

Page 11 Line 246: Morphological dilation can resolve the imbalance to some degree but will also cause uncertainty in
terminus delineation. The more balanced between positive and negative pixels, the larger uncertainties the terminus will
have.

This raises an interesting point. We adopted this technique to cope with the class imbalance from , )
and ( ). Our baselines” mean distance error rates are significantly higher than Scturing elgmem size 1.
max(pixel resolution) = 2 - 20 = 40. Therefore, we hypothesize that the dilation is not the main factor for the deviations
to the ground truth front. Still, this is a great suggestion to improve over the baseline models. We will take it into account
in our future work.

Page 13 Line 277: I like the idea of applying Gaussian importance weighting before taking the average. It would be nice
if the author could provide more details.

Thank you! Gaussian importance weighting is done by element-wise multiplying each patch prediction with a Gaussian
kernel of similar size. During patch merging, the sum of the respective pixel values is normalized by the sum of the
corresponding Gaussian kernel’s elements. We added this information in addition 7.

Page 15 Line 298: Is this a universal threshold? Please explain more about setting this threshold and what will happen
if the threshold is too large. Usually, the threshold would be 0.5. The threshold can indeed be different as long as it is
Justified.

Thank you for pointing this out. The threshold was treated as a hyperparameter that we optimized on the validation set.
We added this explanation to the manuscript in addition 8.

Page 21 Line 436: the uncertainty value might be wrong (150 m?). I couldn’t find this value in Table 7.

We apologize, there was a mistake in the numbers! It should be 134 meters instead of 143 meters. The 134 meters are the
difference between the front network’s MDE over the complete test set and the zone network’s MDE over the complete
test set (887 — 753 = 134). We corrected this in the manuscript (see change 8) and thank the reviewer for pointing this out!

Page 22, Line 461: Maybe consider including such post-processing in this study. Using the bedrock mask can eliminate
the fjord boundaries.

Thank you for this comment. We actually have considered this before submitting the paper but decided against it. This
post-processing technique covers errors that the neural network makes (the coastline would not be detected as calving front
if the rock would have been correctly recognized). If our models were used directly to produce new terminus delineations
for further analysis, this post-processing would of course make sense and be highly beneficial. However, our models shall
serve as baselines for future deep learning techniques and if a new model would enhance the recognition of rocks, this
would not lead to an adequate decrease in the mean distance error compared to the baseline that uses this post-processing.



2.9 Table 8, Table 9, and Figure 9: The predicted terminus position for the Columbia glacier deviates from its true position,
and the uncertainty for the Columbia glacier is too large.

» Thank you again for this important point. As outlined before, the aim of this paper is not to provide a perfectly working
deep learning model for calving front segmentation but to present the benchmark dataset for training and testing deep
learning models as well as to provide baseline models to this dataset. Please refer to comment 1.1 and comment 1.2.



Reviewer 2 - Major Concerns:

3.1 It would be helpful to include the type of data covered by each study in Table 1, such what types of glacial features are
provided by each dataset. These may include (but are not limited to) one or more of the following: full-line delineation
(ESA), a centerline position (King), or glacial outline (GLIMS).

» Thank you very much for the helpful recommendation! We updated Table 1 and its caption accordingly.

3.2 Since the primary data of interest is the training/testing benchmark dataset, it would be bene cial to further emphasize
this in some way throughout the manuscript, such as including the total number of image pairs/metadata in the abstract.
This will enable readers to see the primary contribution more easily, and enhance visibility/usage of this work within the
eld.

» Thank you for this important suggestion. We revised our manuscript and put more emphasis on the benchmark dataset.
Please see change 1, change 2, deletion 1, change 3, addition 1, change 4, change 5, addition 4, addition 9, addition 10,
addition 11, and addition 3.

Reviewer 2 - Speci c Comments:
4.1 P5L108: “Lansat” -> “Landsat”

» Thank you for this correction! You can nd it in change 6.

4.2 P19 L364: “So there is a trade-off between patch size and batch size” Rephrase.

» Thank you. We reformulated the sentence in change 7.

4.3 P24 L463: “are” -> “is”

» Thank you. We integrated this correction in change 9.

4.4 P32 L539: “25rd” -> “25th”

» Thank you for pointing out this mistake. We corrected it in the manuscript in change 10.
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Calving Fronts and Where to Find Them: A Benchmark Dataset
and Methodology for Automatic Glacier Calving Front Extraction
from SAR Imagery
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Abstract. Exact information on calving front positions of marine- or lake-terminating glaciers is a fundamental glacier
variable for analyzing ongoing glacier change processes and assessing other variables like frontal ablation rates. In recent
years, researchers started implementing algorithms that could automatically detect the calving fronts on satellite imagery.
Most studies use optical images, as in these images, calving fronts are often easy to distinguish due to suf cient spatial
resolution and the presence of different spectral bands, allowing the separation of ice features. However, detecting calving
fronts on SAR images is highly desirable, as SAR images can also be acquired during the polar night and are independent
of weather conditions, e. g., cloud cover, facilitating all-year monitoring worldwide. In this paper, we present a benchmark
dataset of SAR images from multiple regions of the globe with corresponding manually de ned-iabeis

providing information on the position of the calving front. With this
dataset, different approaches for the detection of glacier calving fronts can be implemented, tested, and their performance

fairly compared so that the most effective approach can be determihed: The dataset consists of 681 samplgs; ¢***3%2

making it suf ciently large to train deep learning segmentation models. It is the rst dai@peovide long-term glaciep-c2 @123

calving front information from multi-mission data. As the dataset includes glaciers from Antarctica, Greenland and Alaska,
the wide applicability of models trained and tested on this dataset is ensured. The test set is independent of the training
set so that the generalization capabilities of the models can be evaluated. We provide two sets of labels: one binary
segmentation label to discern the calving front from the background and one for multi-class segmentation of different
landscape classes. Unlike other calving front datasets, the presented dataset contains not only the labels but also the
corresponding preprocessed and geo-referenced SAR images as PNG les. The ease of access to the dataset will allow
scientists from other elds, such as data science, to contribute their expertise. With this benchmark dataset, we enable
comparability between different front detection algorithms and improve the reproducibility of front detection studies.
Moreover, we present one baseline model for each kind of label type. Both models are based on the U-Net, one of the
most popular deep learning segmentation architectures. Addittonaly, /We/ Inttodidce/ Kivolis/Speatidl / RytEmid PooINg /id
e/ oitleradk 18y éein the following two post-processing procedures, the segmentation results are converted into* ne?*?

pixel-wide front delineations. By providing both types of labels, both approaches can be used to address the problem.
To assess the performancetatdifferentmodels, we suggest tost review the segmentation results using the recatf; 1232

Al (1.1,1.2,32)
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precisionF1-score, and the Jaccard Index. Secomnd; the front delineation can be evalugjed 1232
by calculating the mean distance error to the labeled front. The presented vanilla models provide a baseline c2450 m

mean distance error for the Mapple Glacier in Antarctica and 8408#% m for the Columbia Glacier in Alaska, which has

a more complex calving front, consisting of multiple sections, as compared to a laterally well constrained, single calving
front of Mapple Glacier.

1 Introduction

Ice mass loss of the ice sheets and glaciers is one of the major contributors to current global sea-level rise (

, ; , ; , ; , ). Alongside surface mass balance, ice losses at the
calving fronts of marine- or lake-terminating glaciers are the major causes for ice depletion ( , ;

, ). Hence, frontal ablation, de ned as glacier mass loss due to calving and submarine melt ( ,

), is an essential parameter of total glacier mass balances. This is all the more true because ice discharge at the
calving fronts of marine-terminating glaciers is a self-reinforcing system, as calving events lead to an expansion of the

ice-melange triggered by the jamming wave and the break-up and thinning of the melange subsequently weakens the

buttressing forces stabilizing the glacier ( , ). There exist some estimates of frontal ablation at glaciers outside
the large ice sheets ( , ; , ; , ). Neglecting the frontal ablation
can signi cantly bias the numerical glacier models. For example ( ) reported an underestimation of ice

thickness in Alaska in the range of 19% on regional and up to 30% on glacier scales when omitting frontal ablation.

A spatio-temporal quanti cation of frontal ablation can therefore provide much needed reference data for glacier model

parametrization ( , , ). Frontal ablation has successfully been parametrized for individual glaciers
( , ; , ; , ; , ). These models, however,
rely on data that are hard to obtain for entire glaciated regions ( , ). An automated process to determine

the frontal ablation based on easily accessible data is required. Changes in the position of the glaciers' calving fronts are
crucial information for estimating frontal ablation. Satellite imagery facilitates the mapping of calving front positions in
remote areas and on large spatial scales. Calving front positions can be acquired from optical as well as synthetic aperture
radar (SAR) satellite imagery. Both imaging modalities have advantages and disadvantages for calving front delineation
( , ). Optical satellite imagery has higher spatial accuracy and often higher resolution compared to
SAR imagery. Moreover, different spectral bands allow the separation of ice types in optical images ( , ;

, ), whereas the backscatter in SAR images might be similar for different ice types. The water—ice boundary in
SAR images has, however, a high contrast ( , ). Additionally, SAR can penetrate clouds and thin snow
cover and is independent of solar illumination, allowing recordings during the night and polar night. This leads to higher
temporal availability, in particular at polar regions, for SAR images than for optical images. The majority of the calving
glaciers are situated in polar regions ( , ). Consequently, we decided to use SAR imagery for calving

front delineation due to the better temporal coverage. Until recently, ice-shelf fronts and glacier termini in related work
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were usually manually delineated ( , ). However, this approach is no longer feasible with the rapidly
growing satellite image archives, as manual delineation is a highly time-consuming, tedious, and expensive task. Recent
studies ( ) ; , ; ; ; ; ' ; ) ;

: ; : ; : ; : ; : : )
focus on deep learning to extract the calving front and show great success. However, the evaluations of these studies were
generally based on different datasets and are therefore not comparable. To bridge this gap, we introduce a benchmark
dataset for calving front delineation of marine-terminating glaciers located in the Arctic, Greenland, and Antarctica. It is
the rst dataset to provide long-term calving front information from multiple missions. Time series from multiple missions
introduce new challenges for calving front segmentation, such as different spatial resolutions, different penetration depths
or sensitivity to surface changes, different signal-to-noise ratios, and different geometries, topographic effects, shading,

and overlay effects.Deep learning models can be trained and tested on this publicly available dataset, and the pas&line

models also presented in this paper provide an initial reference point for the performance of future models. [A3 2132

To automatically delineate the calving front in SAR imagespur baseline modefperform a segmentation of the SARs a1.1232

image. In segmentation, each pixel is assigned to a speci c class. In related works, two different segmentation approaches
are used for the delineation. The rst approach performs a binary segmentation between land and ocean (including ice-
melange) and extracts the calving front from the boundary between the two classes in a post-processing step. The second
approach directly assigns the pixels of the SAR image to the classes calving front and background. Both segmentation
approaches are supervised learning tasks. Hence, ground truth segmentation images are needed for the algorithm to learn
to distinguish the classes. As the classes in the two approaches differ (front and background versus land and ocean),
different ground truth masks are needed for the two segmentation tasks. Likewise, our presented benchmark dataset has
two ground truth annotations for each SAR image, one showing the segmentation front versus the background and the other
one showing a segmentation into the classes ocean (including ice-melange), rock, glacier, and “no information available”
(from now on called “NA"), which consists of SAR shadows, layover regions, and areas outside the swath. The second set
does not represent a binary pixel classi cation task but a multi-class segmentation task. The calving front delineation is
then carried out during post-processing using the boundary between the classes glacier and ocean.

In this study, we present the rst publicly available annotated dataset for quantifying the performance of glacier calving
front delineation algorithms on SAR images. Besides the calving front labels, the dataset also contains the corresponding
preprocessed and geo-referenced SAR images enabling a direct application of deep learning segmentation models. Our
train and test datasets include both images of where the ocean in front of the glacier front is covered by ice-melange and
images where mainly open water is present. This ensures the generalizability of tested algorithms to all ocean surface

settings. Two vanilla baselimaodels are presented: one for the multi-class segmentation into glacier, ocean, rock putérois 2

and NA areas and one for the binary segmentation into front and background. Future models can use these models as a
basis and compare against their performance on the presented dataset. For the evaluation of the algorithms, metrics are
introduced that assess the segmentation performance of the presented Convolutional Neural Network (CNN) models and

the result of the front delineation after post-processing.
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The next section of this paper gives an overview of related work, including other datasets and algorithms for front
delineation. In Sect. 3, we explain the details of our own dataset, while Sect. 4 introduces the baseline methods. The
evaluation of these methods on our dataset is given in Sect. 5 before we draw some conclusions in Sect. 6.

2 Related work

Due to the high demand for information on the position of ice shelf fronts and glacier termini, several related datasets have
been published and studies have been carried out aiming at automatically extracting these positions from satellite imagery.

2.1 Datasets

Existing datasets can be divided into SAR and optical imagery, as well as datasets that are based on both imaging modali-
ties. Most datasets were constructed using solely optical images ( , ; , ; , ;

, ; , ). ( ) contains manually delineated calving front locations through-
out the James Ross Island that were extracted using panchromatic Landsat-8 data. The remaining optical datasets feature
delineations of Greenlandic glaciers. Calving front positions of Helheim and Kangerdlugssuag are given by

( ) based on MODIS imagery. ( ) delineate 47 of the largest outlet glaciers in Greenland an-
nually at the end of the melt season between 1999 and 2018 based on ASTER and Landsat imagery. Front position changes
of an even larger number (234) of Greenlandic glaciers are displayed over more than three decades by
( ). Their delineations are based on ASTER and Landsat 4-8 imagery. Another extensive database ( , )
comprises 22,678 calving front lines across Greenlandic marine-terminating glaciers. Parts of the calving fronts were man-
ually delineated using optical Landsat NIR band imagery while the deep learning algorithm CALFIN ( , )
produced the other part of the provided calving fronts. CALFIN was trained and tested on the manually mapped fronts
included in the dataset as well as additional SAR images from Antarctica. Only two datasets were constructed using solely

SAR imagery, which are both located at Jakobshavn Isbree in Greenland. ( ) comprises manually delineated
calving fronts based on TerraSAR-X imagery that ( ) used to train a neural network to extract calving
fronts from SAR images automatically, while ( ) includes the calving fronts that the trained network extracted
from additional TerraSAR-X images. The ( ) provides calving front po-

sitions of 28 major outlet glaciers in Greenland. The manual delineation is carried out based on both SAR and optical

imagery taken from ERS-1/2, Envisat, Sentinel-1 andsatLandsds, 7, and 8. The dataset is continuously updatedwe*®

refer to version 3 here. Optical and SAR imagery from Landsat-8, Sentinel-2, Envisat, ALOS-1, TerraSAR-X, Sentinel-1,
and ALOS-2 was also used by ( ) to manually delineate Jakobshavn Isbree, Kangerlussuaq and Helheim
glaciers. This dataset was again used to train and test a deep learning network that was afterwards used to produce a

second dataset ( , ). Two massive databases that need to be mentioned for the sake of completeness are
the Global Land Ice Measurements from Space (GLIMS) ( , ) and the SCAR Antarctic Digital Database
(ADD) ( , ). ADD includes Antarctica's coastline south of 60°S including grounding lines and ice shelf



fronts. Up to now, GLIMS provides 546,300 glacier outlines from glaciers around the world with an ingest rate of 7529

outlines per month. Their outlines are based on optical imagery.
An overview of all datasets can be seen in Table 1. Every described dataset only provides the glacier outlines or poly-
gons and not the corresponding preprocessed satellite imagery, hence, hindering the direct application of deep learning

130 algorithms.

Modality Dataset Type Annotation Area # Glaciers # Mapped Fronts ~ Time Span Res.
[Lippl] Line Manually Antarc. 26 656 2014 - 2018 15m
[King] Center Manually Greenland 234 128,442 1985 - 2018 30m
[Fausto] Line Manually Greenland 47 1180 1999-2018 10-30m
[Schild] Poly Manually Greenland 2 1862 2001 - 2010 250m
Optical Line Manually
[Cheng] ) Greenland 66 22,678 1972 - 2019 30m
& Fjord & Network
Manually )
[ADD] Coast . Antarc. Since 1843
& Semi-Auto.
) Manually .
[GLIMS] Glacier . Global 200,000 546,300 Since 1750
& Semi-Auto.
[Zzhang19a] Line Manually Greenland 1 159 2009 - 2015 3m
SAR [Zhang19b] Line Network Greenland 1 159 2009 - 2015 3m
Line Alaska, Antarc.
Ours Manually 7 681 1996 - 2020 6-20m
& Zones & Greenland
Obical [Zhang20a] Line Manually Greenland 3 2087 2002 - 2019 3-40m
ical
&pSAR [Zhang20b] Line Network Greenland 3 2087 2002 - 2019 3-40m
[ESA] Line Manually Greenland 28 1089 1990-2016 10-30m

Table 1. Overview of publicly available front line datasets. The enfiypeindicates what types of glacial features are provided. The
different types are abbreviated as line (full-line delineation), center (centerline delineation), poly (polygon-bounded), fjord (fjord bound-
aries), coast (coastline), glacier (glacial outline), and zones (landscape zones as described in Sect.Ahaptatienentry refers to

how the delineations were produced, i. e., manually, by a network or by a model. Thet&blagiersgives the number of presented
glaciers and# Mapped Frontghe number of glacier front delineations over all glaciers inherent in a dataseR&hmdicates the

spatial resolution of images used for the mapping of the glacier fronts. The datasets are: [Lippl] ( ), [King]

(2020), [Fausto] (2019), [Schild] (2013), [Cheng] (2020), [ADD] ( , ),

[GLIMS] ( , ), [Zhang19a] ( ), [Zhang19b] ( ), [Zhang20a] ( ), [Zhang20b]
( ), [ESA] ( ), and the dataset presented in this paper (

) is denoted &urs



135

140

145

150

155

160

2.2 Algorithms

Since 2019, several studies have applied deep learning techniques to delineate the calving front of marine-terminating

glaciers in satellite imagery. The rst studies are all based on the U-Net ( , ), which still is the
basis of many state-of-the-art networks in image segmentation. ( ) employs this encoder-decoder
network to segment multispectral Landsat images into calving front and background. ( ) and

( ) performed the rst analyzes based on SAR imagery. ( ) employ ( )'s dataset for
training and testing, while ( )'s database is not publicly available. In a subsequent study (

, ), modi ed their U-Net and used it to delineate the entire Antarctic coastline for 2018.

The U-Net architecture was replaced with DeepLabv3 ( , ) by both ( ) and

( ). Both studies segment optical and SAR imagery into land and sea, including sea ice. ( ) performs

a comparison between the U-Net and DeepLabv3+ with different backbones. They published their manual delineations in

( ). In contrast to ( ), ( ) employs the Xception model ( , )
as backbone like in the original DeeplLabv3 paper ( , ). ( )'s network, called CALFIN,
outputs two probability masks: land versus sea and coastline versus background. They evaluate CALFIN not only on their
own published dataset ( , ) but also on images from ( ), ( ), and

( ). Another study that learns two tasks simultaneously is conducted by ( ). Their
network is based on the U-Net architecture but features two output heads: one for the segmentation into sea and land and
one for delineating the coastline. They compare their model against other deep learning approaches including the U-Net
model from ( ). While their code is open source, their dataset is not publicly available. A completely
different approach to front delineation is taken by ( ). Instead of directly segmenting the entire images
into the desired classes, ( ) use classi cation networks to determine the class of every single pixel
in each image separately. In their paper, ( ) compare their model's results with the results given in

( )'s, ( )'s, ( )'s and ( )'s studies. However,
this is not a valid comparison because the models were trained and tested on different datasets, so the differences in
performance can not solely be attributed to the models but may be due to the data itself. Five more studies perform their
experiments on SAR imagery solely. ( ) incorporate attention gates in the skip connections of the
U-Net to improve the segmentation performance. ( ) implement a Bayesian U-Net to quantify the
uncertainty of the model and use the uncertainty as an additional input to a second U-Net to improve its prediction of the

calving front position. ( ) use a distance map-based loss to train their U-Net. ( )
further optimize the feature extraction of the U-Net. Lastly, ( ) formulate the front segmentation as a
regression task, letting a U-Net predict the distance of each pixel to the front. All ve studies, use ( )'s

U-Net as baseline, but do not publish their dataset.
About half of the presented studies make their code publicly available ( , ; , ;
, ; , ; , ; , ). Only two-thirds of the described studies
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make an effort to compare their method with other existing methods by either testing on the same dataset or by re-training
and testing the other's model on the own dataset ( , ; , , ; , ;

, ; , ; , ; , ). Furthermore, testing on another's
dataset alone without re-training the own model on the other's training dataset beforehand is not a strong comparison, as
the own training dataset might form a better learning basis. The low rate of informative comparisons is understandable, as
most datasets and codes are not easily accessible or employable. Satellite imagery is not provided, and preprocessing steps
like geo-referencing need to be repeated. Therefore, a benchmark dataset and an easily reusable baseline code are highly
needed. The dataset and code will bene t not only the comparability of future studies but also their reproducibility and the
broad applicability of future models.

3 Dataset
3.1 Study sites

Seven tidewater glaciers situated in Greenland, Alaska and on the Antarctic Peninsula (AP) were selected to generate
labels to train and evaluate automated calving front mapping approaches for SAR imagery (see Fig. 1). The glaciers were
selected considering existing data sets of calving fronts, available SAR coverage and reports on calving front variability.
Along the AP, ve former ice-shelf tributary glaciers were selected. The AP is a hot spot of global warming, and a
signi cant temperature increase was observed during the 20th century ( , ; , ). As a result,
( ) reported rapid retreat and even disintegration of various ice shelves along the AP. In 1995,
the Prince-Gustav-Channel and Larsen-A ice shelves broke up, followed by the disintegration of the Larsen-B Ice Shelf
in 2002 ( , ; , ; , ). Consequently, the former ice shelf tributary glaciers
reacted with increased ice discharge and further frontal recession due to the loss of buttressing forces by the ice shelves
(e.0., , ; , , ). For this benchmark database, we selected the Dinsmoore-Bombardier-
Edgworth (DBE) and Sjogren-Inlet (Sl) glacier systems, which were major tributaries of the Larsen-A and Prince-Gustav-
Channel ice shelves, respectively. At the Larsen-B embayment, the former ice shelf tributaries Crane, Mapple and Jorum
were chosen. Similar reaction patterns were observed at these glaciers. A signi cant rise in ice ux after the ice shelve
break-ups, followed by a long-term decrease, was measured. Concurrently, the glacier fronts retreated strongly after the
disintegration of the ice shelf and partially stabilized or showed a readvance again after a few years (e.g., ,
. ; : ; : , )
At Greenland, we incorporated Jakobshavn Isbrae (JAC) in our database. It is located on the west coast and drains
the Greenland ice sheet. For the last decades, pronounced ice ow and calving front variabilities were reported (
, , ). A frontal retreat of 16 km between 2002 and 2008 was revealed by ( ). Correlations
between changes in the calving front positions and variations in ice discharge and the formation of ice melange in the
glacier fjord were observed by various analyses ( , ; , , ).






