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Abstract. Continuous monitoring of Antarctic ice shelf fronts is essential for understanding ice sheet dynamics, detecting
iceberg calving events, supporting operational logistics, and generating up-to-date continental maps. However, the automated
and continuous delineation of ice shelf fronts has been held back by a lack of suitable training data for deep learning models.
We present Shelf-Bench, a comprehensive benchmark dataset comprising 161 manually annotated SAR scenes from three
satellite sensors (ERS, Envisat, and Sentinel-1), providing spatial coverage of the Antarctic coastline with multi-temporal
seasonal acquisitions spanning 1992-2021. The dataset features manually delineated masks paired with pre-processed imagery
at moderate spatial resolution. Through complexity analysis, we characterize delineation challenges, including fast ice,
crevassed surfaces, dense iceberg mélange, and limited spatial context. We evaluate five state-of-the-art semantic segmentation
architectures, establishing baseline performance metrics. Baseline models showed strongly contrasting behaviour on Shelf-
Bench: architectures that achieved higher pixel-wise accuracy tended to produce larger boundary errors, while models with
better geometric precision obtained lower semantic scores. This trade-off indicates that the dataset jointly challenges ice-ocean
classification and fine-scale calving front delineation, revealing complementary challenges which make it a profound
benchmark for automated ice front mapping. By providing this open-access, standardized benchmark, Shelf-Bench enables
accelerated development of deep learning methodologies for automated Antarctic coastline detection and supports continuous
monitoring across current and future SAR satellite missions. The Shelf-Bench dataset is available at
https://doi.org/10.5281/zen0do.17610870.

Introduction

Ice shelves are extensions of the Antarctic ice sheet. Seventy-five percent of the Antarctic coastline is fringed by ice shelves
(Rignot et al., 2013), creating a very dynamic coastline that is continuously influenced by the advance and retreat of ice shelf

margins and glacier tongues (Baumhoer et al., 2021; Greene et al., 2022). Ice shelves serve as a safety band for the Antarctic
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ice sheet, providing in large regions a buttressing force that regulates ice discharge into the ocean (First et al., 2016).
Consequently, the current state of ice shelf extent is critical for understanding future ice sheet mass loss and its direct impact
on global sea level rise (Alley et al., 2005; Dutton et al., 2015). Monitoring these dynamic changes is essential for predicting
the potential impacts of ice shelf retreat on the stability of the Antarctic ice sheet and global sea levels.

Continuous monitoring of Antarctic coastlines serves multiple critical functions. Accurate and up-to-date front positions are
vital for operational logistics, enabling safe unloading of supplies at ice shelf fronts, and for scientific applications including
masking model outputs, processing satellite-derived datasets, and rapidly detecting iceberg calving events. Such monitoring is
essential for understanding calving dynamics and ice sheet stability, yet remains challenging across the 40,000 km Antarctic
coastline due to its remoteness and complexity (Baumhoer et al., 2018; Liu and Jezek, 2004a).

Although open-access satellite data now enables continuous monitoring through automated methods, existing deep learning
models for calving front delineation exhibit spatially variable accuracy, with significant error margins persisting in certain
regions (Baumhoer et al., 2019; Heidler et al., 2021). Developing robust deep learning models for Antarctic coastline
delineation requires high-quality, representative benchmark datasets to support robust model training and enable standardized
algorithm comparison. While benchmark datasets now exist for marine-terminating glaciers (Gourmelon et al., 2022; Lu et al.,
2025), equivalent standardized training and validation datasets for the Antarctic coastline remain unavailable. The availability
of benchmark datasets for Greenland has substantially accelerated model development in recent years (Gourmelon et al.,
2025b; Wu et al., 2024; Zhao et al., 2025). In contrast, automated deep learning-based mapping of Antarctic ice shelf fronts
remains limited (Baumhoer et al., 2019, 2023; Heidler et al., 2021), representing a significant gap in the field.

To address this gap, we present Shelf-Bench: a benchmark dataset for Antarctic ice shelf front and coastline delineation
comprising 161 manually annotated Synthetic Aperture Radar (SAR) scenes from three satellite sensors (ERS, Envisat, and
Sentinel-1). The applicability of Shelf-Bench extends across multiple research communities. Because the dataset is built on
open-access satellite imagery, glaciologists can leverage models trained on Shelf-Bench to continuously monitor ice shelf front
positions in future satellite acquisitions. Models trained on the dataset can be readily applied to current and future SAR satellite
missions, particularly Sentinel-1 with its consistent global coverage, enabling sustained monitoring of Antarctic ice shelf fronts
well into the future. For the computer vision and machine learning community, the curated nature and accessibility of Shelf-
Bench provide an ideal benchmark for evaluating and adapting existing deep learning architectures to novel cryospheric
applications. Furthermore, as foundation models become increasingly prevalent in Earth observation, large-scale annotated
datasets like Shelf-Bench serve as valuable training resources to improve the representation of polar regions and cryospheric
processes. The availability of this standardized, multi-purpose resource will drive progress toward continuous, automated
monitoring of Antarctic ice sheet dynamics, positioning Shelf-Bench as an asset for advancing glaciological research,

algorithm development, and operational monitoring in an era of continuous satellite data acquisition.
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2. Background and Related Work

The labour-intensive task of mapping the Antarctic coastline has historically relied on both national and international
collaboration. Initiated by the United States Geological Survey (USGS) in the 1990s, the Coastal-Change and Glaciological
Maps of Antarctica project, in partnership with the Scott Polar Research Institute, aimed to create a comprehensive series of
70 24 maps detailing coastlines, ice-shelf fronts, and glacier termini through the manual digitization of selected Landsat data
(Ferrigno et al., 1998; Williams et al., 1995). Liu and Jezek (2004b) further contributed to this effort by developing a semi-
automated method for coastline extraction using RADARSAT-1 data. Significant contributions from NASA and the National
Snow and Ice Data Center (NSIDC) resulted in the creation of the Mosaic of Antarctica, featuring manually mapped coastlines
for 2004, 2009, and 2014 (Scambos et al., 2007). During the International Polar Year, additional coastline products were
75 generated using ALOS PALSAR and Envisat ASAR imagery for 2007-2009 (Rignot et al., 2013). Today, while manual, semi-
automated, and automated techniques coexist in coastline mapping, manual methods still dominate, with valuable tools like
GEEDIT simplifying manual front delineation (Lea, 2018). The coastline dataset of the Antarctic Digital Database (ADD) is
updated manually by the British Antarctic Survey (BAS) on a regular basis (Gerrish et al., 2024). Moreover, Greene et al.
(2022) presented significant efforts in Antarctic coastline mapping and derived annual coastlines from multi-sensor satellite
80 imagery with a semi-automated approach. Some recent studies have continued to rely on manual digitalization from Landsat
imagery (Pritchard et al., 2025). Automated delineation for monitoring was introduced by Baumhoer et al. (2023) employing
deep learning (DL) to detect calving front positions from Sentinel-1 imagery. As both national and international mapping
initiatives diminish whilst the amount of available satellite data increases, it becomes crucial to advance the methodological

development for the automated delineation of calving front boundaries.

85 2.1. Antarctic calving front and coastline datasets

At present, there is no comprehensive, large-scale benchmark dataset for Antarctica that supports training and evaluating deep
learning models for ice shelf front and coastline delineation. A benchmark dataset does exist for glacier calving front detection,
known as CaFFe, and it includes five Antarctic glaciers (Gourmelon et al., 2022). However, while this dataset is of high quality
and utility for glacier studies, it covers only a limited coastal segment of the Antarctic Peninsula and does not extend to the
90 broader Antarctic ice-shelf domain. This lack of a standardized and widely adopted dataset limits the reproducibility of
methods and makes it difficult to directly compare the performance of different approaches.
Nevertheless, several valuable geospatial datasets on calving front and coastline positions are already available, many of which
have been produced through manual delineation, semi-automated processing or fully automated approaches. When used with
the original imagery, these datasets could serve as an important resource for DL training and validation tasks. However, their
95  use typically requires additional preprocessing, including harmonization of spatial resolution, alignment of temporal coverage,
and correction for differences in mapping conventions. Despite these challenges, such datasets represent a foundation for

advancing automated monitoring efforts and could be leveraged to develop regional or problem-specific training and validation
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datasets. In Table 1, we provide a summary of the existing datasets on Antarctic calving fronts and coastline positions and the

satellite modality they were derived from. Shelf-Bench offers several key advantages over existing datasets listed in Table 1.

Shelf-Bench features manually curated and precisely delineated training masks paired with pre-processed satellite imagery

stored in two file formats ready to use for training deep neural networks. Moreover, it has a comprehensive spatial coverage

spanning the most complex regions of the Antarctic coastline with multi-temporal acquisitions in both summer and winter

seasons to cover all possible backscatter values.

Table 1 Overview of open-access datasets mapping Antarctic glacier and ice-shelf fronts and the Antarctic coastline. Datasets are
grouped by type and listed in reverse chronological order, with the most recent datasets first

o : Spatial
2| Dataset |Modality| Satellite |Coverage Time Annotation Tempofa' Resolution Available at
= Span Resolution [m]
) irregular,
Loebel et optical | Landsat-8/9 AP‘.42 2013 automatic up to 30 https://doi.org/10.1594/PANGAEA.963725
al. 2024 glaciers | 2023 weekly
-E—i ERS, Envisat,
< Radarsat, .
>|Gourmelon | ¢, o ALOS, AP, 43 11996-| o nually | irregular | 96PENAING |1y iidoi.org/10.1594/PANGAEA 940950
et al. 2022 glaciers | 2021 on sensor
TerraSAR-X,
Sentinel-1
Baumhoer . Antarctica, 2015- . .
o | etal. 2023 SAR Sentinel-1 36 2025 automatic | monthly 40 https://doi.org/10.15489/btc4qu75gr92.
b shelves
S . Ronne-
n -
Wuite et al. SAR CryoSat-2 Filchner 2011 automatic | bi-annual 200 http://cryoportal.enveo.at
2019 2018
Ice Shelf
. Worldview,
ADD optical/ Sentinel-1, |Antarctica 1993- manually updated <30 https://add.scar.org/
SAR 2024 regularly
Landsat
. . ) https://doi.org/10.5285/2d0e4791-8e20-
BedMap3 | optical Landsat 8 |Antarctica| 2022 | manually | Jan-Mar 500 46a3-80e4-f5(6716025d2
Greene et | optical/ various 1997- semi-
al. 2022 SAR datasets and | Antarctica 2021 | automatic annual 240 https://doi.org/10.5281/zenodo0.5903643
sensors
Antarctica
@ | Andreasen . '| 2009- .
c .
< | et al. 2023 optical MODIS 34 2019 manually annual 250 https://doi.org/10.5281/zenodo.7830051
@ shelves
8 2004, | manually,
MOA optical MODIS Antarctica | 2009, semi- annual 125/750 . .
2014 | automatic https://doi.org/10.5067/68TBTOCGJISOJ
MEaSUREs ALOS, .| 2008/ - s
v2 SAR Enivsat Antarctica 2009 manually | two years 150 https://doi.org/10.5067/AXE4121732AD
Cook et al. | optical/ |T0> Sﬁtr:eal & ap 1843 | e e 30 https://doi.org/10.5285/07727663-9b94-
2021 SAR imagery 2008 y 9 4069-a486-67e4d82177d3
. 1997, semi- http://research. bpcrc.osu.edu/rsl/
RAMP SAR Radarsat | Antarctica 2000 | automaitc annual 25 radarsat/data/
This study | SAR Sentinel-1, Antarctica 1992- manually | irregular 30/40 https://doi.org/10.5281/zenodo.17610870
ERS, Envisat '] 2021 ) ) ) )
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2.2. Algorithms for Antarctic calving front delineation

DL methods are increasingly applied to delineate calving fronts and ice sheet coastlines in satellite imagery, yet the task is
110 complicated by the need to distinguish between several visually similar boundaries in polar regions. Marine-terminating
glaciers end in the ocean with narrow, often rapidly changing calving fronts, typically surrounded by ice mélange and smaller
icebergs. In contrast, ice shelves are floating extensions of the ice sheet that can span hundreds of kilometres, with calving
fronts that are broader, more stable over short timescales, and shaped by often longer calving cycles of tabular icebergs over
several decades (Fricker et al., 2002). Delineating the Antarctic coastline is particularly challenging because the coastline is
115 not a simple land-water boundary, but a composite of ice-water and rock-water margins. Large coastline segments consist of
calving fronts from marine-terminating glaciers along the Antarctic Peninsula and extensive ice shelves in West and East
Antarctica, where ice flows into the ocean as floating ice platforms. In these regions, the coastline coincides with the seaward
edge of floating ice, which can shift seasonally or over longer periods following tabular iceberg calving. Other sections trace
the grounded ice sheet margin, where ice rests on bedrock, and exposed rock outcrops form stable boundaries within the
120 otherwise dynamic ice-dominated coastline boundary. Recognizing that each boundary type exhibits distinct geometric
patterns, backscatter intensity, and temporal variability is critical for developing benchmark datasets and training algorithms.
Recent advances in machine learning have enabled automated mapping of calving fronts, including those of both glaciers and
ice shelves. We briefly summarise existing DL-based methods for the automated extraction of calving fronts in polar regions,
and organise the studies according to their design and release year (Figure 1). However, the absence of a standardized
125 benchmark dataset for Antarctic ice shelves prevents objective performance comparison across algorithms. Whereas,
standardized model intercomparison using the CaFFe benchmark dataset has enabled identification of optimal algorithms for
outlet glacier applications (Gourmelon et al., 2025a), determining the most effective approach for ice shelf front delineation
remains unclear without a standardized benchmark dataset.
The use of DL for automatically identifying calving fronts from satellite images started in 2019, mainly using variations of the
130 U-Net architecture (Baumhoer et al., 2019; Mohajerani et al., 2019; Zhang et al., 2019). This initial work led to the development
of various DL techniques for extracting calving fronts from both optical and SAR satellite data. Most of these techniques rely
on Convolutional Neural Networks (CNNs), with the U-Net framework being the most commonly used for segmentation
(Baumhoer et al., 2019; Hartmann et al., 2021; Loebel et al., 2022, 2025; Mohajerani et al., 2019; Zhang et al., 2019).
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Deep learning algorithms for

v Antarctic calving front delineation !
Edge-based method | Contour-based method
Segmentation
Heidleret al. 2021 i l Heidleret al. 2023
HED-U-NET CITIN Transformer COBRA
'[ ' ' ¥
U-Net other DeeplLabv3+

' v '

‘ Baumhoer et al. 2019 ‘ Marochov || Zhang et al. Zhu etal. 2023
GLA-STDeepLab
| Mohajerani et al. 2019 | et\f’ééfg A 2t°T21 P
utolerm Wu et al. 2024

‘ Zhang etal. 2019 ‘ Zhaoetal. || Chengetal. HookFormer
‘ Davari et al. 2021 ‘ Czlglz\ls " Ci(lj_zF]N Gourmelon et al. 2025
‘ Hartmann et al. 2021 ‘ ©

Loebel et al. 2021

Holzmann et al. 2021

Periyasamyet al. 2022

Hermann etal. 2023

nnU-Net
Gourmelon etal. 2023
Wu et al. 2023 [ ] Attention
uetal.
AMDHookNet ASPP

Figure 1 Tree diagram of studies applying deep learning (DL) methods for calving front delineation divided into edge detection
(blue), segmentation (green) and contour-based methods (pink). The model’s name is shown in bold if a model architecture has a
specific name.

Additionally, Marochov et al. (2021) investigated a VGG16 based architecture for classifying satellite images of glaciers, with
calving front extraction as a secondary focus. The CISNet is another recent CNN design that employs a U-ConvNextV2 to
explore semantic relationships in glacier images by linking semantic segmentation with change detection tasks (Zhao et al.,
2025). Subsequent research continued to use U-Net architectures, but with modifications that incorporate architectural
advancements like Atrous Spatial Pyramid Pooling (ASPP) (Gourmelon et al., 2023; Periyasamy et al., 2022) and attention
mechanisms (Heidler et al., 2021; Holzmann et al., 2021; Wu et al., 2023). By integrating ASPP modules into the U-Net's
bottleneck stage, multi-scale features can be extracted. Attention-enhanced U-Nets add spatial, channel-wise, or self-attention
blocks into skip connections or decoder layers, enabling the network to focus on important areas while minimizing distractions
from irrelevant background features. Another enhancement to the original U-Net architecture is the concept of deep
supervision, which involves adding auxiliary loss functions to intermediate layers rather than depending solely on the final

output layer for training supervision (Heidler et al., 2021; Herrmann et al., 2023; Wu et al., 2023).

6
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Alongside these advancements, DeepLabv3+ has emerged as an alternative to traditional U-Net designs (Cheng et al., 2021;
Zhang et al., 2021). The network combines ASPP for comprehensive multi-scale context capture with an encoder-decoder
refinement module to enhance object boundary recovery. A recent study has also begun exploring contour-based methods for
calving front delineation with the development of the COBRA architecture (Heidler et al., 2023). The aim is to trace the
boundary between the ocean and the ice sheet, rather than segmenting these features within the image. The COBRA
architecture outperformed previous CNN-based architectures for glacier front detection and achieved competitive accuracy for
ice shelf front delineation.

Finally, while transformer architectures are quite new in this field (Gourmelon et al., 2025b; Wu et al., 2024), they have
demonstrated superior performance in large-scale comparisons on the CaFFe benchmark dataset for glacier calving front
delineation (Gourmelon et al., 2022). Transformer models have achieved an average accuracy of 221 meters for post-processed
results on glacier calving fronts (Wu et al., 2024). The latest model, SSL4SAR, uses a transformer architecture with self-
supervised learning, achieving a mean distance error (MDE) of 75 meters on the CaFFe dataset, getting closer to the human
annotation MDE of 38 meters (Gourmelon et al., 2025b). In summary, the development of deep learning techniques for calving
front delineation indicates a transition from conventional CNN frameworks to novel transformer architectures, resulting in a

significant improvement in accuracy that more closely matches human annotations.

The Shelf-Bench dataset
Temporal and Geographical Coverage

The Shelf-Bench dataset encompasses various segments of the Antarctic coastline and is made up of 161 satellite images based
on open access C-band SAR data obtained through the satellite missions Sentinel-1, Envisat, and ERS-1/2 with main
specifications noted in Table 2. The test set was defined after expert evaluation of the images. It includes a representative
selection of typical ice-shelf boundaries with varying levels of complexity to ensure comprehensive coverage of the problem
space acquired by different sensors. The training and validation set is based on 81 scenes of varying spatial resolution and size
from Sentinel-1, 10 scenes from Envisat, and additional 32 scenes from ERS-1/2. The test set is based on 38 scene subsets
especially focusing on the front, consisting of 27 from Sentinel-1, 3 from Envisat, and 8 from ERS. The geographical

distribution of both the training and test datasets is illustrated in Figure 2.
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175 Table 2 Summary of the SAR sensor specifications of the imagery used in the benchmark dataset. Only multi looked imagery was

used in the IMP (ERS/Envisat) and GRD (Sentinel-1) formats.

Repeat

Pixel size

Mission SAR freq. Pixel size Swath width

Platform  Sensor Launch Mode Pol. cycle ) (pre-

end band d] (multi-looked) processed) [km]
1991/ 2000/
ERS-1/2 AMI 1995 2011 IMP C-band \AY 35/1 125 m 30.0m 100
Envisat ASAR 2002 2012 IMP C-band \AY 35 30.0m 30.0m 100
Sentinell AR 2014  ongoing EW  C-band  HH  6/12 40.0 m 40.0 m 410
-
ZL_J“W 20°E
o o _—Firw;b-L;I. Ice éﬁ;é;w,._ SIE

3 B /
aieg
(S
Brunt Ice Shelf

Filchner Ice Shelf

W

Ronne Ice Shelf
Stange Ice Shelf

Pine Island Glacier
. Ross Ice Shelf

Crosson Ice Shelf

140°W. " Cook Ice Shelf ~140°E

Train Test
/ | \ Envisat Envisat
160°W | 160°E " |ERS CJERrRs
180° Sentinel-1 [ Sentinel-1

Figure 2 Geographical distribution of the training and test datasets. Filled scene extents mark training imagery, and boundary
180 extents mark test imagery for ERS-1/2 (blue), Envisat (turquoise) and Sentinel-1 (pink). Larger extents of Sentinel-1 reflect the

larger swath width compared to Envisat and ERS-1/2 data.

The uneven geographical distribution of the dataset stems from the available satellite data, the use of legacy datasets from
earlier studies (Baumhoer et al., 2019, 2023; Heidler et al., 2021; Wagner, 2023), and a strategic focus on morphologically

varied ice shelves and coastal areas. For instance, increased data availability at the highly dynamic Pine Island Bay coastal

185 region is due to ERS and Envisat data created in a prior study (Wagner, 2023). Moreover, the sampling strategy emphasizes
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data quality, quantity, and relevance over data uniformity in coverage, making the dataset particularly suitable for evaluating
models across diverse coastal environments. The temporal composition of the benchmark dataset (Figure 3) is determined by
the availability of satellite imagery from each satellite and spans the period from 1991 to 2022. Training data for Sentinel-1 is
accessible for the years 2017 to 2019, while test data is available for the years 2014 and 2016, as well as from 2020 to 2022.
Envisat training data encompasses the years 2004 to 2011, with test data collected in 2008 and 2009 during a period without
training data. For ERS-1/2, training data covers a longer period from 1991 to 2011, and the test data is from the year 1996.
This year is significant as it is the sole year offering pan-Antarctic coverage during the ERS-1/2 era, facilitating a
geographically diverse test set for ERS. None of the three satellite sensors provide data between 2012 and early 2014, resulting
in a short time series gap. The entire benchmark dataset guarantees that there exists either a temporal or geographical distinction
between the test and training datasets to prevent overlaps. A detailed list of temporal and geographical coverage by each
satellite mission can be found in Table A lin Appendix A.

soimua [ E2E T T
| ERS (test) 27 test
Envisat (train)
| Envisat (test)
Envisat | Sentinel-1 (train) 10 train
nvisat 1 1 sentinel-1 (test) 3 test
32 train
ERS o I I 8 test

1992 1994 1996 1998 2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020 2022
Date

Figure 3 Temporal distribution of the training and test datasets for Sentinel-1, Envisat and ERS-1/2.
Dataset generation
Pre-processing ERS-1/2 & Envisat data

ERS-1, launched by the European Space Agency (ESA) in July 1991, was the first European SAR mission, followed by ERS-
2 in April 1995. Together, they provided continuous SAR data from 1991 to 2011, creating one of the longest time series of
its kind. Both satellites were equipped with an Active Microwave Instrument (AMI) operating at C-band frequency and
Vertical-Vertical (VV) polarization, capturing scenes sized 100 by 102.5 km with a spatial resolution of 12.5 m, and a revisiting
time of 35 days. The dataset includes ERS-1/2 SAR IM Precision L1 products (SAR_IMP_1P), which are multi-look, ground
range amplitude products corrected for radar gain and range spreading loss (Jensen, 1995; van ’t Klooster, 2011).

Envisat, launched in March 2002 as the successor to the ERS mission, operated until its failure in April 2012. It featured the
Advanced Synthetic Aperture Radar (ASAR) sensor, which captured data in both single-polarization and co- and cross-
polarization modes. This study utilizes the ASAR IM Precision L1 product (ASA_IMP_1P), a continuation of the ERS IM
Precision L1 product with VV polarization. The data offers a resolution of 30 meters, covering scenes of 100 by 55-100

kilometres, with a revisit interval of 35 days (ERS-products-specification-with-Envisat-format, 2025; Rignot and van Zyl,
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1993). Using the Graph Processing tool of the ESA SNAP Toolbox, the initial step involved applying the Precise Orbit files
from the Delft Institute for Earth-Oriented Space Research (DEOS) for each ERS and Envisat scene (DEOS, 2016). These
orbit files provide accurate satellite position and velocity information and can significantly enhance the SAR images’
geolocation accuracy. Both the ERS and Envisat images were adjusted from digital numbers (DN) to the backscattering
coefficient 60, using techniques from Laur et al. (2002) for ERS and Rosich (2004) for Envisat. This adjustment accounts for
elements like antenna patterns, incidence angles, and absolute calibration constants. Next, to lessen the variation in pixel
intensity caused by speckle, a low pass filter was used to reduce speckle while keeping structure of the features of interest
intact. The Refined Lee filter was chosen for its simplicity and better edge preservation compared to other filters. Due to the
side-looking nature of SAR, images can become geometrically distorted, particularly over uneven landscapes such as the
Antarctic coast. To correct for this, geometric terrain correction was used, which mimics radiometric effects caused by terrain
with the help of the PolarDEM (90 m resolution) (Wessel et al., 2021). To achieve consistency across sensors, all images were
resampled to 30 m resolution using bilinear interpolation and were reprojected to the Antarctic Polar Stereographic projection
(EPSG:3031). To focus on the ice front areas, the images were clipped using the RADARSAT-1 Antarctic coastline product
from Liu and Jezek (2004a), with an added 50 km buffer to both sides.

Pre-processing Sentinel-1 data

The Sentinel-1 mission, part of the European Union’s Copernicus Programme, consists of a constellation of SAR satellites
designed for all-weather, day-and-night Earth observation. For the benchmark dataset, we selected data with the imaging mode
Extra Wide (EW) swath with a spatial resolution of 40 m, which is specifically tailored for monitoring large ocean and sea ice
areas such as the Antarctic coastline (Nagler et al., 2015; Sun and Li, 2021). In EW mode, Sentinel-1 provides SAR data with
a swath width of around 400 km and operates in single and dual polarization. To keep the benchmark dataset uniform, we
selected only the HH polarization to maintain a fixed number of channels in line with the ERS and Envisat data. We selected
the HH polarization because it is more sensitive to the double bounce effect at edges such as the ice shelf front. The pre-
processing is performed with the Graph Processing Tool of the ESA SNAP Toolbox 8.0 on a Hadoop Cluster with 63 nodes
(32/64 GB RAM). For single-polarized scenes, the pre-processing includes applying the orbit file, thermal noise removal,
radiometric calibration and geometric terrain correction with the TanDEM-X PolarDEM (Wessel et al., 2021). To create a
dataset focused on the coastline, we clipped the pre-processed scenes with a more recent 50 km buffered coastline based on
the MODIS coastline from the year 2014 (Scambos et al., 2007). The coastline buffer significantly influences the Sentinel-1
data because its swath width is 400 km, compared to 100 km for ERS and Envisat, with most image data falling within the
buffer.

Data Annotation and Label Production

Labels were produced through a multi-expert annotation protocol. Initially, one expert labeled a subset of the available
Sentinel-1 scenes. Entire scenes were annotated in QGIS by delineating the coastline as the border between ocean and ice.

10
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These annotations were then refined using high-resolution optical imagery (e.g., WorldView), particularly over small outlet
glaciers and mélange-dominated areas. Elevation data from the TanDEM-X PolarDEM 90 (Wessel et al., 2021) were
additionally employed to validate and adjust annotations in regions of fast ice, where elevation provides a more reliable
indicator than backscatter alone.

The refined annotations were compared against established coastline products (Liu and Jezek, 2004a; Scambos et al., 2007),
which exhibit notable methodological differences in coastline definition (Baumhoer et al., 2021). The expert determined the
final front positions by balancing correctness to the Sentinel-1 imagery with consistency relative to these existing products and
labeled all remaining Sentinel-1 scenes based on this protocol. The annotated Sentinel-1 scenes were subsequently provided
to two additional experts, who labeled the corresponding ERS and Envisat data. Their annotations were then reviewed and
corrected by the initial expert to ensure consistency and quality. Finally, the line-based front positions were converted to

polygons and rasterized to produce the final binary label set.

The Baseline
Baseline Models

We employed five baseline models to establish initial accuracy metrics for our benchmark dataset. These baselines provide a
foundational performance reference, allowing future studies to compare and assess new methods against consistent, well-
defined standards. By reporting the results of multiple baselines, we ensure a comprehensive evaluation of the dataset’s
difficulty and characteristics, thereby supporting reproducibility and facilitating fair benchmarking within the research
community. Shelf-Bench is trained on the following five deep learning models to evaluate image segmentation performance
and provide a baseline for future model developments:

- U-Net: (Ronneberger et al., 2015)

- Feature Pyramid Networks (FPN) (Lin et al., 2017)

- DeepLabV3 (Chen et al., 2017)

- Vision Transformer (Dosovitskiy et al., 2020)

- DINOv3 7B satellite model (Siméoni et al., 2025)
The selection of the five baseline models was motivated by their different architectures and strong performance across various
image segmentation and representation learning tasks. U-Net was chosen for its effectiveness in pixel-level segmentation,
particularly in remote sensing and for calving front segmentation (see Figure 1) (Ronneberger et al., 2015), and is widely used
as reference architecture, in Earth observation (Hoeser et al., 2020). Feature Pyramid Networks (FPN) were included for their
ability to capture multi-scale contextual information, which is essential for handling objects of varying sizes in satellite imagery
along the Antarctic coastline (e.g. varying iceberg sizes) (Lin et al., 2017). The DeepLabV3 architecture is based on Deep
Neural Networks (DNN) suitable for semantic segmentation, and utilises Atrous Dilated Convolutions which enlarge the
convolution, enhancing feature detection without increasing computation or the number of weights (Chen et al., 2017). The
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Vision Transformer (ViT) represents a shift toward transformer-based architectures that model global dependencies
effectively, offering an alternative to established convolutional methods. Transformers use self-attention to model relationships
between input tokens. In ViT based models, images are typically split into patches, embedded as tokens, and treated as a
sequence so the Transformer can process them (Dosovitskiy et al., 2020). Finally, the state-of-the-art vision foundation model
DINOv3 7B was incorporated as a self-supervised vision transformer, pre-trained specifically on satellite data, where the
DINOv3-sat fine-tuned variant is a relevant and high-capacity reference for modern geospatial analysis. The application of
foundation models in cryosphere research is still in its initial stages, with only a limited number of studies available to date
(Jiang et al., 2025; Kaushik et al., 2025; Shankar et al., 2023). Therefore, to the authors’ knowledge, this study is the first
glaciology study to utilise DINOv3 7B for image segmentation in this specific domain. We use the DINOv3 7B VIiT model
pretrained on the optical dataset SAT-493M with a U-Net head, and input each Shelf-Bench SAR image into the RGB channels
three times to overcome mismatches in optical and SAR channel sizes. Table 3 summarises the configurations of all five
baseline models, including information on the pre-trained weights used. ImageNet weights come from a dataset totalling 3.2
million images (Deng et al., 2009) and SAT-493M weights for DINOv3 refer to an optical satellite dataset of 493 million 512
x 512 RGB images (Siméoni et al., 2025).

Table 3 Model architectures trained on Shelf-Bench with model specifics detailed. Training time was estimated based on training
for 1000 epochs with batch size 32, Adam optimizer, and a learning rate of 0.0001. Trainable parameters given in millions (M).
Inference time for GPU, given in milliseconds (ms).

: Inference
Model Model type Encoder Model Weights Trainable Time per Reference
Head Parameters
patch (ms)
U-Net Convol_utlongl encoder_—decoder ResNet50 nia ImageNet 23 M 0.80 Ronneberger et
with skip connections al., 2015
FPN CNN-based multi-scale feature b\ o150 nfa  ImageNet 23M 0.89 Lin et al., 2017
extractor / segmentation
DeepLabV3 CNN segm_entatlon mode_l using ResNet50 n/a ImageNet 23 M 1.51 Chen et al., 2017
atrous/dilated convolutions
. Vision Transformer with multi- . Dosovitskiy et al.,
ViT head self-attention ViT-L_16 U-Net  ImageNet 303 M 7.29 2020
Self-supervised Vision . . SAT- Siméoni et al.,
DINOv3 Transformer (ViT backbone) dinov3_vitil6  U-Net 493M 300M 111 2025

Baseline Model Training

To establish a strong performance benchmark, the five baseline models were trained and evaluated using a consistent
experimental setup. The dataset is split into training and testing subsets with an approximate 75/25 scene-based ratio and
scenes tiled into 256 x 256 pixel. This size preserves multiscale features necessary for ice shelf front delineation and common
DL architectures across different compute platforms also enabling research teams with limited GPU access. The patches are
extracted using a sliding-window, generating 42,424 patches for training, 6,974 for validation and 6,545 for test. An overlap

can be set to increase patches extracted, however an overlap of zero was chosen for the training and test data. Patches are
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normalized locally using a percentile clip method on individual patches improving contrast in glacial environments (Loebel et
al., 2024). Each patch is matched with its corresponding label. For simplicity, class labels are named ‘Ice’ and "Ocean’. The
‘Ice’ class comprises all land ice from the ice sheet and all attached floating ice beyond the grounding line (ice shelf). The
‘Ocean’ class refers to sea ice, including fast ice, icebergs and the ocean itself, as well as no data areas. We discard patches
which contain >80% no data. The two ‘Ice’ and 'Ocean’ classes are roughly balanced. The validation set enabled monitoring
of the model performance during training, before final evaluation on the test set.

Training was carried out using JASMIN, operated by the Natural Environment Research Council (NERC), on the Orchid GPU
cluster with 5 Nvidia A100 GPU 40GB SXM4 cards. All five models ran for 150 epochs, with a learning rate of 0.0001 with
the Adam optimizer (Kingma and Ba, 2014) and early stopping with a patience of 60 epochs imposed on the validation loss.
We selected 150 epochs to ensure stable fine-tuning of model heads. The largest batch size that was computationally possible
was batch size 32 per GPU, as there is a trade-off between image size and batch size. The inference time per patch varied
between 0.80 - 11.1 ms between models run on GPU, which was ~60x faster than running on CPU for all models. During
training only, data augmentation was applied to increase the robustness of the model. Augmentations included random
rotations, horizontal flips, random resized crops, random brightness contrasts and gaussian noise. The Adam optimiser was
applied for training due to its relative robustness compared with alternative optimisers. The loss function used for all five
models was a specialised weighted combination of Dice Loss (Sudre et al., 2017) and Focal Loss (Lin et al., 2018), both
commonly used in computer vision tasks and both contribute to tackling different aspects of the difficulties of glacier
delineation. This combined loss function approach was inspired by Gourmelon et al. (2022), where the authors found this
combination of loss functions improved performance. The Dice loss component measures the overlaps between true and
predicted class boundaries, which is useful for learning the often complex and irregular shapes that calving fronts have.

Alternatively, the Focal Loss component addresses class imbalance.

Baseline Results
Model Evaluation: Segmentation

In this section, we assess the five different segmentation models on the test set of Shelf-Bench. Model performance was
continuously evaluated on the training and validation datasets using the evaluation metrics given in Table 4, which provide
information on how well the segmentation model performs compared to the human-annotated label. The epoch run with best
performance was determined using the highest mean Intersection over Union (loU) score on the validation dataset. The test
dataset underwent the same pre-processing (6,545 patches) and normalisation as the training data, and is independent and
geographically and temporally distinct from the training and validation datasets (see Figure 2, Figure 3), allowing a fair

evaluation of the models’ performances.
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Table 4 Evaluation metrics definitions commonly used in segmentation studies. loU - Intersection over Union. All values range
between 0 and 1.

Metric Formula Definition
Proportion of correctly predicted positives out of all positive predictions; reflects how well the model

Precision TP /(TP +FP) avoids false positives.
Recall TP /(TP + FN) Proportion of actual positives correctly identified; measures ability to find all relevant instances.
loU TP/ (TP + FP + EN) Intersection over Union; quantifies overlap bzt‘\:/\(/:icigcr;/;edlcted and ground-truth regions (localisation

2 x (Precision x Recall) /

Fl-score — (precision + Recall)

Harmonic mean of precision and recall; balances false positives and false negatives in one metric.

335

Original Image  Ground Truth ViT U-Net DeepLabV3 FPN DINOv3

Figure 4 Model comparison of segmentation performance (from left to right) on the original SAR image, ground truth label, ViT,

340 U-Net, DeepLabV3, FPN and DINOv3. The two classes ‘Ocean’ and ‘Ice’ are dark blue and light blue respectively. A range of glacial
scenes are shown to demonstrate varying model performance. The original satellite scenes were acquired by (a) Envisat, 2008-08-
24, (b) Envisat, 2009-03-23, (c) ERS, 1996-10-05, (d) Sentinel-1A, 2015-04-08, (e) Sentinel-1B, 2016-10-25, and (f) Sentinel-1B, 2020-
09-21.
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Firstly, results are interpreted visually by comparing the outputs from the different baselines with examples provided in Figure
4. All five models display good capability to distinguish the two classes ‘Ocean’ and ‘Ice’. In particular, the interface between
ice and ocean is delineated accurately by all models as long as there is a clear ice-ocean boundary (Figure 4a). Only DINOv3
introduces holes in the ice prediction. The U-Net delineated the front closest to the ground truth whereas especially ViT and
DeepLabV3 detect the boundary but generalize the coastline and miss smaller details. All models were able to detect icebergs
and classify them correctly as ocean even though having the same backscatter signature as the ‘Ice’ class (Figure 4b). The
presence of sea ice and fast ice challenges all models leading to slight discrepancies compared to the ground truth (Figure
4c,e,f). Ice surface features such as crevasses, fractures, and shadows are also successfully labelled as ‘Ice’ by all models
(Figure 4d).

The quantitative evaluation of the five segmentation models on ocean and ice classification tasks revealed more distinct
performance characteristics across different evaluation metrics (Table 5). Overall pixel accuracy exceeds 0.906 across all
models suggesting that the Shelf-Bench dataset supports stable convergence and reproducible segmentation performance.
Class-wise Intersection over Union (loU) reveals an intrinsic asymmetry in dataset difficulty between ‘Ocean’ and ‘Ice’
regions. For every model, loU for the ocean class is systematically higher than for the ice class. Ocean loU ranges from 0.839
to 0.889, whereas ice loU ranges from 0.815 to 0.871. This consistent gap suggests that the dataset contains greater intra-class
variability and boundary ambiguity within ice regions. The persistence of this pattern across architectures indicates that it is a
dataset-driven property rather than an artifact of a particular model design. Precision and recall metrics further characterize
annotation and class distribution properties. Ocean recall is uniformly high (0.899-0.944), demonstrating that ocean pixels are
rarely missed in the classification. In contrast, ice recall exhibits a wider spread (0.882-0.93), reflecting that only the best
performing model on ice recall (ViT) finds most of the relevant ice instances. Precision is higher for ocean than ice except for
DINOv3 performing higher on ice precision with 0.930 compared to 0.918 for ocean precision. This means, that most models
are better in avoiding false positive ocean classifications than ice. The lower precision for ice indicates that the Shelf-Bench
dataset includes a sufficient number of difficult ‘Ice’ samples to challenge model performance.

F1 scores show close agreement between classes, with an F1-score for ‘Ocean’ between 0.912 and 0.941 and ‘Ice’ between
0.898 and 0.931. The small but persistent ocean—ice performance gap aligns with the loU analysis and reinforces the
interpretation that ‘Ice’ segmentation represents the primary source of dataset difficulty.

Table 5 Model performance evaluated on the Shelf-Bench test set. Best results are in bold and underlined values refer to the second-
best result. Upwards arrows indicate higher model performance with increasing value.

Pixel loU loU Precision Recall F1
Model Accuracy 1 Oceant Ice Ocean 1 Ice 1 Ocean 1 Ice 1 Ocean 1 Ice 1
DeepLabV3 0.926 0.874 0.848 0.926 0.925 0.939 0.91 0.933 0.918
U-Net 0.906 0.839 0.815 0.926 0.882 0.899 0.914 0.912 0.898
DINOv3 0.923 0.87 0.842 0.918 0.930 0.944 0.898 0.931 0.914
FPN 0.921 0.864 0.842 0.936 0.903 0.918 0.925 0.927 0.914
ViT 0.937 0.889 0.871 0.95 0.921 0.933 0.941 0.941 0.931
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Model Evaluation: Mean Distance Error

Overall segmentation accuracies common in computer vision can easily overlook important details at the boundary between
the segmentation classes ‘Ice’ and ‘Ocean’. However, a clear boundary between the two classes is essential for delineating
clear ice shelf front boundaries and create an accurate representation of the Antarctic coastline. Therefore, providing an
additional accuracy metric to account for differences in detected front position is crucial. We provide accuracies of front
prediction as the Mean Distance Error (MDE) between the predicted and ground truth front (Table 6). MDE is commonly used
in calving front delineation studies (e.g. Gourmelon et al. 2022, Loebel et al. 2025) and is defined as the average of the mean
closest-point distances between the ground truth and predicted ice fronts, for all images. To extract the front position between
the class ‘Ice’ and ‘Ocean’, we binarized model predictions (threshold 0.5) and converted the raster into a line shapefile.
Satellite scene boundary artifacts were removed by binary erosion based on the satellite scene data extent. Discontinuities and
features which are not part of the front (e.g. icebergs) where removed by morphological filtering to create only two main
connected segments for each class. The distance between the front lines extracted from the ground truth and the line generated
from the model prediction is then calculated by converting the pixel distances to metres. The pixel size is 30 m for ERS and
Envisat and 40 m for Sentinel-1. It is important to mention that the MDE calculation was done on each patch and not on merged
scenes. This means strong outliers can occur if only small parts of the front or rifts are present in the patch margins due to
reduced context.

Visual examples of front predictions are illustrated in Figure 5 for each baseline and different coastline areas. Figure 5a shows
an example of a grounded coastline boundary. Most models achieve MDE accuracies of 1-2 pixels (30 m ERS/Envisat, 40 m
Sentinel-1) except FPN and ViT which match the ground truth less accurately with a MDE of 81.9 m and 135.8 m, respectively.
The ViT delineates the coastline to be further inland than the ground truth and other models, highlighted by the higher MDE
(Figure 5a). A clear boundary is also given in Figure 5d where the U-Net achieves best results with MDE 29.7 m. Models like
the ViT or DeepLabV3 mistake offshore icebergs as the ice-ocean boundary resulting in an MDE of 121.2 m and 121.8 m,
respectively. Varying sea ice cover as shown in Figure 5¢ and Figure 5e resulted in high MDE for the ViT and partly for
DinoV3 and UNet. DeepLabV3 and FPN produced more stable front delineations with 1-2 pixels in difference to the ground
truth. The example of a heavily crevassed ice shelf front in Figure 5b poses challenges for every baseline model, resulting in
strongly varying front positions. The ViT achieved the best performance on this difficult example, with an MDE of 273.2 m,
but the ViT positioned the front oceanward whereas other models created delineations that would otherwise match differences

in human annotations.
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Ground Truth DinoV3

MDE: 1489.7 m

2

AR AR
MDE: 55.6 m

MDE: 458.4 m MDE: 61.27m MDE: 55.4 m

MDE: 121.2 m MDE: 29.7 m MDE: 121.8 m MDE: 35.5 m MDE: 53.9 m

MDE: 287.8 m MDE: 27.4 m MDE: 57.6 m MDE: 61.3 m MDE: 167.2 m

B Ground Truth ViT UNet BN DeeplabV3 FPN DinoV3

Figure 5 Visual examples of differences in front delineation based on the five baselines. Ground truth is highlighted in pink. The
satellite scenes shown refer to (a) ERS, 1996-03-22, (b) Envisat, 2009-03-23, (c) Sentinel-1A, 2015-04-08, (d) Sentinel-1A, 2015-09-14,
and (e) Sentinel-1A, 2021-04-26.

405 In addition to the visual inspections, the MDE analysis for the entire test set revealed substantial variations in segmentation
accuracy across models and satellite sensors (Table 6). Lower MDE values indicate better alignment between predicted and
ground truth ice front boundaries. We report both mean and median MDE to enable comparison with prior literature while
providing a more robust performance indicator. Because the patch-based evaluation produces strong outliers that skew the
mean, the median MDE offers a more reliable summary of typical boundary error.

410  DeepLabV3 achieved the lowest mean MDE across all satellites (514.3 m) followed by the U-Net (559.7 m Despite achieving
the highest pixel-based accuracy, ViT yields the largest boundary errors, with a mean MDE of 692.5 m and a median MDE of

17



415

420

4.3.3.

425

430

Earth System
Science

Data

https://doi.org/10.5194/essd-2025-758
Preprint. Discussion started: 2 March 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access
suoIssnasIqg

127.7 m, indicating strong within-class classification but poor front localization, as also illustrated in Figure 5. This contrast
shows that Shelf-Bench is challenging both in semantic discrimination and in precise boundary delineation.

Median MDE values are substantially smaller (49.4-127.7 m) because they are less affected by extreme outliers. U-Net
achieves the lowest median MDE across sensors (49.4 m), followed by DINOv3 (63.5 m) and DeepLabV3 (83.6 m), indicating
generally accurate front localization despite occasional large errors, whereas ViT (127.7 m) and FPN (109.5 m) show poorer
median boundary precision and primarily capture the overall ‘Ocean’ and ‘Ice’ class structure. The overall mean MDE across
models is 604.3 m, while the median of 86.7 m corresponds to an average front offset underscoring that boundary prediction
remains challenging even for the strongest methods. Full MDE statistics with confidence intervals are reported in Appendix
Table A 2.

Table 6 The mean and median MDE metric for each segmentation model calculated on the test dataset and MDE metrics by satellite
type and model. All values given in metres. The downwards arrow indicates smaller results are desirable.

mean median
Model Envisat ERS Sentinel-1 Average Envisat ERS Sentinel-1  Average
MDE (m) | MDE (m) | MDE (m) | (m) MDE(m)| MDE(m)| MDE((m)| (m)
DeeplLabV3 365.20 627.91 488.96 514.29 91.87 101.49 76.77 83.57
U-Net 520.50 548.06 569.26 559.65 63.14 46.22 49.41 49.40
DINOv3 595.39 814.84 592.06 648.28 99.50 93.79 53.44 63.46
FPN 510.20 442.26 687.02 606.64 124.53 115.49 101.39 109.51
ViT 591.97 734.08 689.87 692.51 209.84 136.76 118.96 127.71
Average (m) 516.65 633.43 605.43 604.27 117.27 98.75 80.00 86.73

Hard Example Evaluation

We conducted a complexity analysis of the Shelf-Bench dataset to characterize its diversity and identify inherent challenges
for ice shelf front delineation. The 16 most challenging patches in the dataset were identified based on consistently high
delineation difficulty across all baseline models, with detailed error metrics provided in Table A 3. Visual inspection (Figure
6) reveals that these challenging patches share common characteristics: complex surface textures including fast ice with similar
backscatter properties to ice shelves, crevassed surfaces and rifts, dense concentrations of icebergs in proximity to the ice shelf
front, and critically, narrow delineation zones where only a small portion of the calving front is visible. These morphological
features inherently complicate coastline identification, even for human observers, as they create visual ambiguity between

iceberg edges and ice shelf boundaries without sufficient spatial context.
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Figure 6 Visual examples of the 16 patches (256 x 256 pixel) ranked as the most difficult across all five baseline models. The MDE is
given in metres as the median value across all five baselines. The ground truth is shown next to each patch, with ice marked in light
blue and the ocean in navy. n indicates the number of models that detected an ice-ocean boundary in each patch.

In the second part of the analysis, we computed the mean MDE of all patches within each test scene to identify the four hardest
and four easiest scenes across all baseline models (Figure 7). The three most difficult scenes (Figure 7, top row) share a
common characteristic: the ice-shelf surface is heavily fractured, and numerous icebergs are present in front of the shelf,
increasing visual complexity. The hard example over the Larsen-C Ice Shelf, although not exhibiting surface damage, also
contains several icebergs near the shelf front. Additionally, the buffer used to clip the scene around the current coastline lies
close to the image border and follows the calving of iceberg A-68, which may have further influenced model performance.
The mean MDE over the hardest four satellite scenes across all models is 1437.3 m.

In contrast, the easiest test scenes (Figure 7, bottom row) share several visual characteristics that contribute to the strong
performance of all baseline models. In these scenes, the ice-shelf front is sharply defined and exhibits a high contrast against
the adjacent ocean, allowing for clear delineation of the calving front. The ocean surface is largely free of icebergs or sea ice
fragments, reducing visual ambiguity near the boundary. Furthermore, the ice-shelf surfaces appear smooth and continuous,
with minimal fracturing or crevassing. Although minor flowlines and localized signs of surface deformation are present, they
occur at small scales and do not appear to interfere with model predictions. Overall, these conditions provide a clean and well-
structured visual context, enabling the models to accurately distinguish between ice and open-water regions. The median
delineation difficulty across the four simplest scenes is 155.1 m, representing approximately a 9-fold difference from the most

challenging scenes and demonstrating the substantial range of complexity captured within Shelf-Bench.
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Figure 7 Visual comparison of test scene difficulty, with the top row showing the most difficult samples (from left to right) and the
bottom row showing the easiest samples (left to right). The pink line shows the ground truth front position. Copernicus Sentinel-1
Data 2022.

Discussion
Understanding Dataset Characteristics Through Baseline Performance

The baseline models behave differently on Shelf-Bench, indicating that the dataset contains complementary challenges that no
single architecture captures equally well. DeepLabV3’s lowest mean MDE (514.3 m) and balanced class performance suggest
that the dataset spans multiple spatial scales, while U-Net’s low median MDE (49.4 m) shows that it also includes sufficiently
clear fronts to evaluate pixel-level delineation accuracy. Large spreads in mean MDE across SAR sensors (up to 372.6 m for
Envisat) reveal substantial heterogeneity in image characteristics, meaning that Shelf-Bench presents sensor-dependent
difficulty. Even median MDE errors remain sizeable (69.6-146.7 m), corresponding to front offsets of roughly 2-5 pixels. ViT
shows systematic misclassifications reflected in its high median MDE, particularly an inability to delineate the calving front
accurately at the pixel level, which may stem from patch tokenization in the embedding process.

The lower performance of all models based on loU for the class ‘Ice” compared to ‘Ocean’ suggests Shelf-Bench contains
scenes where intensity-based classification strategies are insufficient and spatial morphology needs to be captured by the model

for accurate classifications. These failures highlight the dataset's complexity in representing morphologically distinct but
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spectrally similar ice features (e.g. icebergs and shelf ice), which is a realistic challenge that Shelf-Bench successfully captures
and that future users must account for.

DINOv3's average performance on mean and median MDE compared to DeepLabV3 and U-Net despite advanced pre-training
reveals important characteristics of Shelf-Bench. The modest performance gains suggest that SAR-based ice shelf delineation
represents a sufficiently specialized task that general remote sensing pre-training provides limited benefit. This finding
indicates that Shelf-Bench effectively captures domain-specific complexity that cannot be overcome through general-purpose
foundation model pre-training which is lacking samples from the cryosphere (Siméoni et al., 2025). This underscores the
dataset's value for training task-specific models. The dataset's specialized nature may require researchers to either employ
domain-specific pre-training approaches (such as SSLASAR) (Gourmelon et al., 2025b) or train models from scratch on Shelf-
Bench data.

The strong contrast between models, reflected in the large discrepancies between loU and MDE rankings, indicates that no
single architecture can be considered universally best on this benchmark. Methods that perform well in region-based overlap
metrics do not necessarily achieve accurate front localization, underscoring that ice front delineation is inherently a multi-
objective and highly challenging task. This suggests that future work may benefit from ensemble strategies that combine
complementary model strengths, potentially improving both semantic consistency and geometric precision beyond what
individual models can achieve.

Overall, the mean MDE of 604.3 m across all baseline models reflects the inherent complexity captured in Shelf-Bench. The
strong difference between mean and median MDE highlights the existence of few very difficult patches introducing strong
outliers as discussed in the hardness analysis. Nevertheless, this benchmark performance sits within the range reported by
Gourmelon et al. (2022) for outlet glaciers, yet Shelf-Bench represents fundamentally different delineation challenges:
Antarctic ice shelves are orders of magnitude larger (hundreds of square kilometres) and exhibit morphological complexity
distinct from outlet glaciers. The variety of performance outcomes across the five evaluated architectures demonstrates that

Shelf-Bench successfully presents sufficiently complex and diverse scenarios to differentiate between model capabilities.

Sample Hardness in the Shelf-Bench Dataset

The examination of the hardest and easiest scenes in Shelf-Bench reveals the complexity factors that challenge ice shelf front
delineation from SAR imagery, independent of the algorithms used. A primary source of complexity arises from limited spatial
context, where narrow visible sections of the calving front create visual ambiguity that is difficult to resolve (see Figure 6).
Both human interpreters and automated systems struggle to distinguish iceberg edges from true ice shelf boundaries when
confronted with such limited contextual information, highlighting a fundamental limitation of patch-based analysis for
boundary detection in this application. Increasing the tile size and introducing overlap tiling with centred predictions would
provide broader spatial context and help reduce such ambiguities. Additionally, incorporating overlapping tiles during
inference could further enhance performance by smoothing predictions in overlapping regions and mitigating local

inconsistencies especially at patch edges.
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A critical dataset characteristic revealed through the analysis is variability in boundary representation, particularly regarding
rift mapping conventions. Different experts naturally interpret and delineate rift structures with varying levels of detail, and
this variability is reflected in the reference annotations of Shelf-Bench. These annotation variations represent genuine
ambiguity in the delineation task itself and underscore the subjective nature of boundary definition in complex ice shelf
environments. Such variability is particularly pronounced in regions with dense or fine-scale rift structures, contributing
substantial complexity to these scenes.

Iceberg mélange adjacent to ice shelf fronts represents perhaps the most challenging morphological context captured in Shelf-
Bench. Dense concentrations of icebergs positioned in front of ice shelves create scenes with inherent visual complexity, as
icebergs and shelf ice exhibit similar scattering behaviour in SAR imagery. The spatial proximity of mélange to the true ice
shelf front makes accurate boundary identification subjective and ambiguous, even for experienced human annotators. This is
exemplified in the Crosson Ice Shelf scene, where median delineation uncertainty reaches 1925.7 m, reflecting the fundamental
difficulty of distinguishing shelf fronts in highly fractured ice shelves with extensive mélange. These scenes represent some
of the most realistic and challenging conditions encountered along the Antarctic coastline, highlighting the diversity and

representativeness of Shelf-Bench for capturing true operational complexity in ice shelf front mapping.

Limitations of Shelf-Bench

Even though we tried to provide the best possible benchmark dataset for ice shelf front delineations there are some remaining
limitations that warrant discussion. The dataset exhibits uneven spatiotemporal distribution, with denser training coverage in
some regions (e.g. Pine Island Bay) (see Figure 2) and uneven distribution of satellite acquisitions over time (see Figure 3).
This may introduce geospatial and seasonal biases in models trained on the dataset. Even though, this did not result in lower
prediction accuracies for specific regions because they weren’t represented within the training set. Three out of the four hardest
test scenes are also covered spatially by the training data at another point in time whereas the easiest test samples weren’t
spatially covered by the training data. Additionally, Shelf-Bench includes multiple scenes of the same ice shelves acquired at
different times, introducing temporal redundancy where impact on model training remains unclear. Further analysis would be
necessary to assess whether temporal repetition improves model generalization or merely increases computational demands
and storage requirements without meaningful performance gains. Moreover, dataset annotation was performed by a limited
number of expert interpreters, which introduces subjectivity in coastline delineation. Despite annotation protocols and
consultation of auxiliary data sources, reference annotations may contain errors in particularly challenging regions where ice
shelf fronts lack clear, unambiguous boundaries. These ambiguities reflect general difficulties in ice shelf front definition
rather than annotation failures, and are discussed in Section 3.2.3.

The dataset is formulated as a two-class problem distinguishing ‘Ice’ from class ‘Ocean’. However, no-data regions occur
along the edges of the pre-processed satellite scenes, and these areas are currently grouped within the ocean class. This
effectively increases the separability of the ‘Ocean’ class and may partially explain the higher precision and recall observed

for that category. To mitigate this effect, we restricted the dataset to patches containing at least 80% valid data. A limited
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proportion of no-data pixels was intentionally retained to expose the model to realistic scene boundaries; nevertheless, their
inclusion may have introduced a slight positive bias in the reported ‘Ocean’ class performance metrics.

Moreover, the dataset currently incorporates only one polarization per satellite sensor to maintain consistency across the
heterogeneous SAR sources, even though Sentinel-1 data in many regions includes dual-polarization (HH and HV)
measurements. Dual-polarization SAR data is known to provide improved ice type classification capabilities compared to
single-polarization data (Baumhoer et al., 2023), suggesting that future versions incorporating multi-polarization information
could enhance the dataset's utility for detailed ice shelf characterization. Finally, while the analysis of scene hardness presented
here identifies key morphological sources of delineation complexity, deeper statistical investigation of specific challenge types
(e.g., rift patterns, mélange density, surface roughness) should be performed (Seedat et al., 2024). Those patterns combined
with targeted synthetic label generation could substantially expand the dataset's coverage of difficult scenarios and provide
stronger training signals for underrepresented complexity classes (Hoeser and Kuenzer, 2022). These limitations should be

taken into account when using the Shelf-Bench dataset.

Conclusions

Shelf-Bench is a comprehensive benchmark dataset comprising 161 manually annotated SAR scenes for Antarctic ice shelf
front and coastline delineation, sourced from three satellite sensors (ERS, Envisat, and Sentinel-1). The dataset's foundation
in open-access satellite imagery enables broad applicability across glaciological research, computer vision algorithm
development, and foundation model training for Earth observation. Shelf-Bench offers key advantages over existing datasets,
including vast spatial coverage of the Antarctic coastline with multi-temporal seasonal acquisitions, precisely curated
delineation masks paired with pre-processed imagery, and moderate spatial resolution that balances analytical detail with
computational accessibility. By providing a standardized, open-access benchmark, Shelf-Bench enables objective model
intercomparison, facilitates the development of custom deep learning architectures for ice shelf front detection, and supports
continuous monitoring of Antarctic ice sheet dynamics across current and future satellite missions. We provide five robust
benchmarks that establish a consistent reference for future comparisons and highlight the intrinsic challenges of the Shelf-
Bench dataset. The evaluation of the baseline models revealed strongly contrasting behavior: while ViT achieved the highest
pixel accuracy (93.7%) and F1-score (93.1%), it produced the largest mean MDE (692.5 m). Conversely, DeepLabV3 yielded
the lowest mean MDE (514.3 m) and U-Net the lowest median MDE (49.4 m) whilst achieving lower pixel accuracies
(DeepLabV3: 92.6%; U-Net: 90.6 %) and F1-scores (DeepLabV3: 91.8%; U-Net: 89.8%). These discrepancies show that the
dataset simultaneously stresses large-scale classification and precise edge detection, with no model performing equally well
on both tasks. The gap between semantic accuracy and geometric precision emphasizes Shelf-Bench’s sensitivity to fine-scale
boundary structure. Substantial performance variations across sensors and under challenging conditions, as reflected in the
sample hardness analysis, confirm that Shelf-Bench preserves realistic heterogeneity in acquisition settings and ice front

morphology. This variability is a defining property of the dataset and reflects the complexity of automated ice front delineation.
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Consequently, Shelf-Bench serves not only as a benchmark for ranking models, but as a dataset that poses specific challenges
and guides future methodological improvements but also to build frameworks for automated calving front monitoring in view
of the increasing availability of SAR satellite images. Moving forward, we envision Shelf-Bench supporting several key
research directions, including the development of multi-modal models capable of generalizing across SAR platforms, the
evaluation of pre-trained foundation models, and the use of ensemble approaches to produce more robust predictions in
challenging regions. In addition, incorporating models with calibrated uncertainty can help quantify confidence in areas where
predicted front positions are less reliable. Finally, integrating temporal information for improved consistency and change
detection, as well as embedding physical constraints informed by glaciological knowledge, could further enhance model
performance. By providing open access to both the dataset and baseline model implementations, we aim to lower barriers to

entry for future researchers and to foster collaborative progress in this important application domain.

Data availability

The Shelf-Bench dataset is available at https://doi.org/10.5281/zenodo.17610870 (Baumhoer and Morgan, 2025). Shelf-Bench

includes 161 satellite scenes from three different SAR sensors. All scenes are stored in the scenes folder, along with matching

masks in the masks folder. The 38 test scenes and their corresponding labels are stored in the 'test' folder. To ensure
interoperability across the three SAR missions (Sentinel-1, ERS-1/2 and Envisat), a unified haming convention has been
applied to all satellite scenes and masks. The raw input filenames varied greatly due to the different naming conventions of
each mission. Processing all file names into a uniform structure results in a dataset in which platform, polarisation, and
temporal information can be accessed from the file names. Scenes are saved as georeferenced GeoTIFFs in polar stereographic
projection (EPSG:3031) with one channel. For Sentinel-1 data with more than one polarisation, only the HH polarisation was
included to make the benchmark dataset uniform. To provide a quick overview, we offer the GeoPackage
'shelfbench_extents.gpkg’ that includes the extents of all training and test scenes. All scenes and masks were reformatted

according to the following:

[SATELLITE-ID]_[YYYYMMDD]_[POLARISATION]_[SCENE_ID].tif
- SATELLITE-ID: ‘S1A‘, ‘S1B¢, ‘ERS, or ‘ENV*. S1A and SLB refers to Sentinel-1a and Sentinel-1b respectively.
- YYYYMMDD: Acquisition date.
- POLARISATION: e.g., ‘HH*, ‘VV*

- SCENE_ID: Product-specific identifiers (e.g., scene code, crop number, or location prefix).

The pre-processed georeferenced satellite scenes can be tiled to custom patch sizes with the script data-preprocessing.py in the
Shelf-Bench GitHub repository. Alongside the georeferenced GeoTiff files, we also provide pre-processed 256 x 256 pixel
patches stored as PNG images as they were used for the baselines presented here. Patches are named by the scene name and

the patch number. Patches were additionally converted to decibel (dB) and locally z-score normalized. The total size of the
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zipped Shelf-Bench dataset including labels is ~ 12.5 GB for the georeferenced satellite scene version, ~2.9 GB for the tiled
PNG patches and ~2.7 GB for the trained weights.

The raw satellite scenes of ERS and Envisat data are freely available via https://eoiam-idp.eo.esa.int/ and can be pre-processed

with the ESA SNAP Toolbox available at https://step.esa.int/. Open access Sentinel-1 data is available via the Copernicus

Browser https://browser.dataspace.copernicus.eu/.

Code availability

Code produced for this study is available at https://github.com/amymorgan01/Shelf-Bench. It includes code for patching

satellite scenes and labels into tiles. The repository also includes model architectures, training and validation set up. For the
model implementations we used the PyTorch versions of FPN, U-Net, and DeepLabV3. The ViT-L_16 model was downloaded
from https://storage.googleapis.com/vit_models/imagenet21k+imagenet2012/ViT-L_16.npz. The DINOv3 model is
specifically the ViT-L/16 distilled 300M SAT-493M model downloaded from https://github.com/facebookresearch/dinov3.
The trained weights can be downloaded with the Shelf-Bench dataset at https://doi.org/10.5281/zen0do.17610870.
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Table A 1 Distribution of training and test data per coastal section. Note that larger ice shelves (e.g. Ross, Ronne-Filchner) and scene

extents may be located between coastal sections. For simplicity, they were added to only one section.

Main _ _ Train Test
Region Coastal Region Major Ice Shelves : :
ERS Envisat S-1 ERS Envisat S-1
AP Graham Land Larsen A-C 2 4 1 1
AP palmer Land George VI, Vlielilﬁisr;sﬁ gach, Stange, 4 6 1 3
WS | ElowornLang | ARt Coogrove Prioland, | 28| 4| 4| 1)L
WAIS Marie Byrd Land Nickerson, Sulzberger 20
EAIS Victoria Land Ross, Drygalski Ice Tongue 9 1 1
EAIS Oats Land Rennick Glacier
EAIS George V Land Ninnis, Mertz, Cook 1 2 1
EAIS Terre Adélie - 4
EAIS Wilkes Land Totten, Moskow 9 1 1 1
EAIS Queen Mary Land Conger, Schackleton 10 2 1
EAIS Princess Elizabeth West Ice Shelf 1 4 1
EAIS Mac.Robertson Land Amery, Publications 2 2 1
EAIS Kemp Land Edward VIII
EAIS Enderby Land Shirase 1 4
EAIS Dronning Maud Land Bauc'%f,%ggﬁ?;tg{fggis'\e"r\{lisen’ 1 7
EAIS Coats Land Brunt, Ronne-Filchner 2 3 1 3
TOTAL - - 32 10 79 8 3
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Table A 2 MDE values with confidence intervals (Cl) for the mean and median for each model and satellite sensor as addition to
Table 6. Confidence intervals are calculated using bootstrap 95% percentile confidence intervals (with 1000 bootstrap draws) on the

mean and median MDE, respectively.

mean median

model | satellite | mean | lower Cl | Upper Cl | median | lower CI | upper IC
Envisat 365.2 206.53 551.82 91.87 71.18 160.42
DeepLabV3 ERS 627.91 | 464.86 800.05 101.49 82.17 160.97
Sentinel-1 | 488.96 | 381.04 606.4 76.77 65.14 88.31
Envisat 595.39 | 359.78 891.13 99.5 66.65 183.21
DinoV3 ERS 814.84 | 621.41 1004.86 93.79 61.48 170.08
Sentinel-1 | 592.06 | 477.86 716.33 53.44 47.38 62.14
Envisat 510.2 285.2 785.56 124.53 64.12 188.83
FPN ERS 442.26 | 324.69 577.87 115.49 64.47 173.69
Sentinel-1 | 687.02 | 537.71 847.71 101.39 84.2 136.51
Envisat 520.5 263.93 848.49 63.14 29.99 115.94
U-Net ERS 548.06 | 393.33 716.39 46.22 29.55 89.59
Sentinel-1 | 569.26 | 444.83 698.95 49.41 42.12 63.52
Envisat 591.97 3704 848.52 209.84 98.44 423.59
VIiT ERS 734.08 | 577.64 905.29 136.76 110.75 213.77
Sentinel-1 | 689.87 | 556.59 832.3 118.96 111.01 143.19

Table A 3 MDE values for the most difficult patches in the test set. Visual examples are given in Figure 6.

Filename Rank d'\i"setiinacne DeeplabV3| DINOv3| FPN | UNET | WViT
S;?—zzflz121“72050%'2—5;’;5%?5M—A997— 1 | 93952 10645.7 | 7199.3 | 9395.2
P T e
S S S | | e
S%E—f?gi?;i—g’g—?ggﬁgDM—E643— 4 | 79223 | 68549 | 8867.1 | 8300.1 | 7544.6
S;g—;glfg;:*zl&g'*igg_—;gDM—gng— 5 | 73631 | 7465.1 7376.9 | 73492 | 110.2
P T e
e e S |
S;g—fgglggofz—g%%ggi—ggDM—3E5B— 8 | 59349 | 823 | 79242 | 7049.7 4820.0
BT —3'*325'5;’;53?59'\"—7/*4'3— 9 | 59312 | 59532 | 5064.8 | 5931.2 | 5910.7 | 5773.4
511%22001791;;55022—5¥7;3DM—8217— 10 | 57743 | 105733 | 5002.2 | 1195 | 3639.0 | 5774.3
ER1$0_22IA.19QJ-E;%AE.SEQ/V_202845_74_113_5 11 | 57106 | 5762.9 287 | 57106
S;g—?,zsc’lfgf’zl?,—oi“g%_—;gDM—gng— 12 | 5600.1 | 57454 | 5623.7 | 5705.2 | 5690.1 | 5526.1
511555_27062_055_2185—3%'}5;"6'—32DM—34Fl— 13 | 5679.8 5679.8 | 6266.8 | 2494.6
5525_71%%%?1213%}?)%—085115—127—180— 14 | 5631.2 6706.0 4556.5
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ERS_19960322_VV_094606__155_10_1
b6 1752 768 png 15 | 5619.3 5619.3
S1B_20200928_HH_EW_GRDM_34F1_
159 76, 51 768, 2304.png 16 | 5451.2 | 5195.8 | 5538.8 | 6440.6 | 5451.2 | 4611.9
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