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Abstract. Glaciers across the globe react to the changing climate. Monitoring the transformation of glaciers is essential for

projecting their contribution to global mean sea level (GMSL) rise. The delineation of glacier-calving fronts is an important

part of the satellite-based monitoring process. This work presents a calving front extraction method based on the deep learning

framework nnU-Net, which stands for no new U-Net. The framework automates the training of a popular neural network, called

U-Net, designed for segmentation tasks. Our presented method marks the calving front in Synthetic Aperture Radar (SAR)5

images of glaciers. The images are taken by six different sensor systems. A benchmark dataset for calving front extraction is

used for training and evaluation. The dataset contains two labels for each image. One label denotes a classic image segmentation

into different zones (glacier, ocean, rock, and no information available). The other label marks the edge between the glacier

and the ocean, i. e., the calving front. In this work, the nnU-Net is modified to predict both labels simultaneously. In the field

of machine learning, the prediction of multiple labels is referred to as Multi-Task-Learning (MTL). The resulting predictions10

of both labels benefit from simultaneous optimization. For further testing of the capabilities of MTL, two different network

architectures are compared, and an additional task, the segmentation of the glacier outline, is added to the training. In the end,

we show that fusing the label of the calving front and the zone label is the most efficient way to optimize both tasks with no

significant accuracy reduction compared to the MTL neural network architectures. The automatic detection of the calving front

with a nnU-Net trained on fused labels improves from the baseline Mean Distance Error (MDE) of 753 ± 76m to 541 ± 84m.15

The scripts for our experiments are published on GitHub (https://github.com/ho11laqe/nnUNet_calvingfront_detection). An

easy access version is published on Hugging Face (https://huggingface.co/spaces/ho11laqe/nnUNet_calvingfront_detection).

1 Introduction

Unlike the large majority of land-terminating glaciers, marine and lake-terminating (MALT) glaciers reach a water body at a low

elevation. The contact surface is often referred to as the calving front. Their ice is lost by sub-marine melting or calving, i. e.,20

ice that breaks off, gets de-connected, and starts to float freely in the form of icebergs or ice floes. Both processes, sub-marine

melting and calving, determine the total frontal ablation, i. e., the mass loss at the calving front. Frontal ablation is often a

dominant factor in the total mass budget of MALT glaciers (McNabb et al., 2015; Shepherd et al., 2018; Minowa et al., 2021).

Besides its importance in the total glacier mass balance, the representation of processes controlling frontal ablation is currently

a pressing task for numerical glacier models (Beer et al., 2021). Neglecting frontal ablation can introduce an important bias.25
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Recinos et al. (2019) analyzed the impact on ice thickness reconstruction (based on mass conservation) in Alaska and reported

an underestimation of 19 % on regional and up to 30 % on glacier scales. Various successful approaches exist to parameterize

frontal ablation for individual glaciers. Still, the implementation in large-scale or global models is limited by the amount and

quality of measurements to constrain the models (Recinos et al., 2019). Thus, large-scale measurements (ideally time series)

of frontal ablation are demanded by the modelling community (Recinos et al., 2021). Driving forces of frontal ablation are,30

on the one hand, ice flux (higher flux, e. g., due to bed lubrication by meltwater can trigger calving events) and, on the other

hand, marine factors such as ocean temperature, fjord bathymetry, and sea ice/ice mélange conditions (Carr et al., 2014; Straneo

et al., 2013). For example, the persistence of the ice mélange in front of the glacier can stabilize the calving front and affect the

glacier dynamics. In contrast, the breakup of the ice mélange can lead to increased calving and ice flow at the glacier terminus

(Amundson et al., 2010; Kneib-Walter et al., 2021; Rott et al., 2020). Moreover, a significant frontal retreat can also indicate35

a retreat of the grounding zone (Friedl et al., 2018). The retreat of the grounding zone of a glacier with retrograde bedrock

formation will lead to further grounding zone retreat, resulting in increased ice loss and destabilization of the glacier or ice

stream (Robel et al., 2016). Thus, information on the temporal variability of the calving front position provides fundamental

information on the state of the glacier or ice stream. Therefore, the glacier area has been defined as an Essential Climate Variable

(ECV) product by the World Meteorological Organization (WMO). Calving front positions were usually manually mapped using40

different remote sensing imagery (Baumhoer et al., 2018). Only a few studies applied automatic or semi-automatic approaches.

In polar regions, the ocean downstream of the glaciers is often covered by sea ice and calved off icebergs, forming the so-called

ice mélange, making calving front delineation a challenging task, even when captured by hand. Deep learning approaches have

shown high potential for carrying out such complex segmentation tasks, e. g., on medical imagery (Jang and Cho, 2019). In

recent years, the application of deep learning techniques for glacier front detection started (Zhang et al., 2019; Cheng et al.,45

2021; Baumhoer et al., 2019; Hartmann et al., 2021; Mohajerani et al., 2019; Baumhoer et al., 2021; Zhang et al., 2021; Heidler

et al., 2021; Marochov et al., 2020; Loebel et al., 2022). Calving fronts can be located in both optical and SAR imagery. In

optical imagery, calving fronts are more easily distinguishable, whereas SAR imagery has a higher scene availability, as it is

independent of daytime, season and cloud coverage (Baumhoer et al., 2018). A direct comparison between the results of existing

deep learning-based calving front extraction studies is not possible, as the models have been trained on different data, tested on50

different test sets, and evaluated using slightly differing metrics.

The benchmark dataset published by Gourmelon et al. (2022) provides 681 SAR images of calving fronts. SAR imagery is

independent of sunlight and cloud coverage, enabling continuous temporal coverage of the observation area, but compared to

optical data, it has only one channel and has more speckle noise. For every SAR image, two labels are provided. One label

provides four classes: ocean, glacier, rock, and no information available (e. g., radar shadow and layover areas, areas outside the55

swath). The other label marks the calving front with a one-pixel wide line. Based on the training set of the dataset, Gourmelon

et al. (2022) train a modified U-Net for each label. One U-Net solves the task of glacier segmentation, and one detects the calving

front. On the two test glaciers of the dataset, the segmentation model achieves an Intersection over Union (IoU) of 67:7 ± 0:6.

By taking the boundary between ocean and glacier, they extract a prediction of the calving front from the zone prediction with a

Mean Distance Error (MDE) of 753 ± 76m. The model trained directly on the front label achieved an MDE of 887 ± 189m.60
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Figure 1. Illustration of the modi�ed nnU-Net for simultaneous predicting landscape zones and the glacier front. On the left is an exemplary

satellite image of the Crane Glacier taken by TanDEM-X (TDX) on 24 June 2011. On the right, the upper image shows the four segmentation

classes: ocean (white), glacier (light grey), rock (dark grey), and no information available (black). The lower image shows the glacier's calving

front as a white line versus the black background.

In this work, we present a method that utilises both labels of the dataset instead of training separate models for each task

(see Fig. 1). Multi-Task-Learning (MTL) is a technique for machine learning algorithms that uses one model to tackle multiple

tasks. In most cases, the potentially larger dataset and higher information content lead to higher performance for the individual

tasks (Bischke et al., 2019; He et al., 2021; Li et al., 2019; Amyar et al., 2020; Chen et al., 2019).

Our method is based on the nnU-Net (no new U-Net) proposed by Isensee et al. (2021), which is an out-of-the-box framework65

for training the U-Net. The framework takes a �ngerprint of the dataset and adjusts the hyperparameters accordingly. Therefore,

the nnU-Net is a powerful tool that simpli�es the application of deep learning algorithms. Its performance on segmentation

of SAR data has not been tested, and the availability of two labels suggests the modi�cation of the nnU-Net forMTL. As a

baseline for our evaluation of the nnU-Net, we use the results of Gourmelon et al. (2022).

In particular, our contributions are as follows: (1) Visualizations showing the temporal and spatial distribution of the dataset70

by Gourmelon et al. (2022). (2) Out-of-the-box application and evaluation of the nnU-Net for calving front detection and zone

segmentation. (3) Evaluation of two different U-Net architectures forMTL. (4) Test if an arti�cial third label improves the

calving front detection. (5) Introduction of an ef�cientMTL approach that fuses the two labels of the dataset. (6) Analysis of the

in�uence of season, glacier, and satellite on the performance of the model.

The paper is organized as follows: After presenting the related work in Sec. 2, we give an overview of the dataset (Gourmelon75

et al., 2022) in Sec. 3. Section 4 explains the method and our six experimental setups. Section 5 examines the results and

analyses the in�uence of different properties of the satellite images. Section 6 summarises the work.
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2 Related Work

Automated monitoring of glacier-covered areas is a growing research �eld. Recent glacier monitoring uses deep learning

methods due to the increasing availability of satellite images and computing power. Many methods are based on the U-Net80

(Ronneberger et al., 2015). They modify the vanilla U-Net for better performance on calving front detection (Loebel et al., 2022;

Mohajerani et al., 2019; Zhang et al., 2019). One approach is to segment the images into different areas and extract the calving

front as the border between segmentation areas (Hartmann et al., 2021; Zhang et al., 2019; Baumhoer et al., 2019; Periyasamy

et al., 2022; Loebel et al., 2022). Another approach directly trains a model on the position of the calving front (Davari et al.,

2022). This task suffers from severe class imbalance due to the thin calving front. They approach this problem by creating a85

distance map from every pixel to the front line. The network is trained on the distance map instead of the thin front line. The

actual front-line prediction is then extracted during post-processing.

Other works use the segmentation network DeepLabv3 (Chen et al., 2018) to detect calving fronts. The main advantage of

DeepLabv3 over U-Net is the atrous spatial pyramid pooling, which makes the network adaptable to different image resolutions

(Zhang et al., 2021; Cheng et al., 2021).90

Calving Front Machine (CALFIN) proposed by Cheng et al. (2021) segments optical andSAR images into the ocean-land

zones and extract the calving front during post-processing with a topography map of the area. They applyMTL with a late-

branching architecture. They use two labels: a binary ocean mask and a binary calving front mask. They achieve state-of-the-art

predictions with an86 mdeviation from the measured calving front. A detailed comparison to aforementioned U-Net-based

methods by Mohajerani et al. (2019) and Baumhoer et al. (2019) revealed the generalization ability ofCALFIN on other glacier95

datasets. The images had to be down-sampled for CALFIN. Therefore, the distance in meters doubles but comparing the pixel

distance errors reveals a similar performance. With29 M parameters,CALFIN is still a large network that needs a large amount

of training data. Chen et al. (2019) propose a similar approach for medical image segmentation and show that the individual

tasks bene�t fromMTL. Several other approaches have advanced the U-Net architecture forMTL for medical applications

(Abolvardi et al., 2020; Kholiavchenko et al., 2020; Li et al., 2019; Amyar et al., 2020). The work of Heidler et al. (2021) uses100

MTL for the segmentation of a binary ocean-land mask and edge detection of the Antarctic coastline, where the calving front is

just part of the coastline. They add task-speci�c heads for the two tasks to the U-Net. They achieve results with a deviation from

the reference of345 mcompared to483 mwith the vanilla U-Net. To avoid distortions of the metric from areas far from the

coast, the metric is calculated within2 km of the true coastline. A further development of the HED-UNet for Antarctic ice shelf

front detection is proposed by Baumhoer et al. (2023). Their post-processing includes an elevation threshold of110 mto remove105

erroneous classi�cations in the high-altitude dry snow zones.

3 Dataset

The dataset used in this work is provided by Gourmelon et al. (2022). It contains 681 Synthetic Aperture Radar (SAR) images of

seven marine-terminating glaciers taken by six different satellites. Two glaciers are located in the northern hemisphere, namely

Columbia (COL) Glacier in Alaska and Jakobshavn Isbrae (JAK) (Sermeq Kujalleq) in Greenland. The �ve glaciers in the110
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Figure 2. Location of the seven benchmark glaciers: Columbia Glacier in Alaska; Crane; Mapple; Jorum; Dinsmoore, Bombardier, Edgeworth

(DBE); Sjogren Glacier in the Antarctic Peninsula; and Jakobshavn Isbrae Glacier in Greenland. The background images are taken from the

Google Maps Satellite imagery layer © Google 2019.

Alaska Antarctic Peninsula Greenland

Columbia Mapple Crane Jorum DBE Sjögren-InletJakobshavn Isbrae

Split - test: 122 - - train: 559 -

Images# 65 57 69 77 133 121 159

Area [km] 32 x 15 8 x 8 19 x 25 20 x 13 22 x 20 23 x 19 16 x 19

Table 1.Properties of the dataset, including a list of captured glaciers, train-test split, number of images per glacier, and covered area.

southern hemisphere are all located on the Antarctic Peninsula (AP) (see Fig. 2). The Crane, Mapple, and Jorum glaciers are

closest to the south pole, followed by Dinsmoore, Bombardier, Edgeworth (DBE). They are located so close together that they

are treated as one glacier site. The last glacier is the Sjögren-Inlet (SI) Glacier.

Table 1 lists the seven glacier sites with the number of images and the area they show. The table also depicts the train-test split.

The samples of the train set are used for the parameter optimization of the segmentation method, and the test set is exclusively115

used for evaluating the method. The test set contains the glaciers Mapple and Columbia. Columbia is the only mountain glacier

in the dataset. The other glaciers are outlet glaciers of polar ice sheets. Therefore, Columbia can be seen as a benchmark glacier

for the generalization capability of the segmentation method. Columbia and Mapple also differ in the shape of the glacier. The

images of Columbia show multiple calving fronts in one image, and the �ow of the glacier arms goes in different directions. On

the other hand, Mapple is a less complex glacier, moving in only one direction with one clearly de�ned calving front between120

the lateral fjord side walls.

The dataset contains two labels and a bounding box of the glacier for eachSAR image. One shows a mask of the different

zones of the glacier (ocean, glacier, no information available, rock). The other label contains a one-pixel wide line representing
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Figure 3. Sample images of every glacier in the training set and their corresponding labels. The �rst row shows the front label with a black

background and a one-pixel wide white line representing the calving front. The second row contains the zone labels with four classes: ocean

(white), glacier (light grey), rock (dark grey), and no information available (black). Black dots in the ocean zone of Crane are areas with no

data available due to a small artefact at the former calving front of Crane Glacier in the DEM (Cook et al., 2012) used for the orthorecti�cation

of the SAR data. SAR imagery is provided by DLR, ESA, and ASF.

the calving front. The bounding box is not utilized for our method. A sample of each glacier in the training set with its

corresponding labels is shown in Fig. 3. Predicting the zone mask can be seen as a classic segmentation problem. The calving125

front can also be extracted from the zone label by taking the border between ocean and ice areas in the corresponding bounding

box. The direct delineation of the calving front is a more dif�cult task due to the high-class imbalance. Fewer than 1 % of the

pixels are labelled as front pixels. Additionally, the structure of the class region is not a convex hull but a thin line.

Corresponding to the change of glacier area, the position of the calving front changes. In Fig. 4, the retreat of Columbia is

visualized by plotting the calving front position of every sample in a different colour. The bright lines represent past calving130

fronts, and the dark red lines the more recent positions. The constant retreat ofCOL is visible through the tiered lines. The
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