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Abstract. Icebergs frequently run aground on shoals on the continental shelf around Antarctica. Once rendered immobile,

they can anchor landfast sea ice (fast ice) and their supply of limiting trace nutrients contribute to driving coastal marine

productivity. They are also associated with seabed scouring, with implications for benthic marine ecosystems. Despite their

importance, there is currently a lack of accurate, continent-wide automated mapping of grounded iceberg distribution and size

and as a consequence, no large-scale, complete map of grounded icebergs exists. To address these gaps, this study implements5

an automated grounded iceberg detection framework based on Sentinel-1 Synthetic Aperture Radar (SAR) imagery, integrating

a proposed ResUNet deep-learning network with a multi-temporal identification algorithm, incorporating strict physical con-

straints derived from bathymetry and sea ice concentration to mitigate environmental false positives. The method demonstrates

strong robustness against interference from complex coastal conditions, achieving a detection F1 score exceeding 0.91 and

successfully reducing the minimum detectable iceberg size to 0.016 km2. Since the presence of fast ice makes distinction be-10

tween “truly grounded icebergs” and “those held motionless by fast ice”, we capitalise on the unprecedented low fast ice extent

in early 2025 (late February to early April) to construct the first high-resolution, continent-wide dataset of grounded icebergs

around Antarctica. A total of 39,619 stationary icebergs were identified on the Antarctic continental shelf. We partition these

stationary targets into “high-confidence grounded icebergs” and fast ice-entrapped candidates. Analysis shows that 67.4 % of

these targets are identified as high-confidence grounded. Across the entire dataset, tiny icebergs (< 1 km2) dominate numeri-15

cally, accounting for 92.6 % of the total. These high-density grounded iceberg clusters are primarily concentrated on shallow

continental shelves and west of (i.e., downstream of) the actively disintegrating fronts of ice shelves, forming complex and

discontinuous “grounded iceberg chains”. Our dataset reveals that these grounded icebergs cover a combined area of 13,430

km2 and are widely distributed along 56.5 % of the Antarctic coastline, with just 14.2 % of the coastline containing 80 % of

all grounded icebergs. Crucially, while typically overlooked, tiny icebergs (< 1 km2) contribute 53.9 % of this total grounded20
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area. These dense clusters imply a potential “picket fence effect”, acting as a series of physical anchors to stabilise fast ice.

This provides a quantitative baseline for modelling fast ice stability, assessing nutrient fluxes, and mapping benthic habitats.

The grounded iceberg dataset (Jiao et al., 2026) is available at https://doi.org/10.25959/54sx-pt47.
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1 Introduction

Antarctic icebergs originate from the calving of ice shelves and tidewater glaciers, a fundamental process that regulates the25

mass balance of the Antarctic Ice Sheet (Rignot et al., 2013; Greene et al., 2022). The discharge of ice into the Southern Ocean

is not merely a passive decay but a critical component of ice-sheet dynamics; recent assessments indicate that calving accounts

for approximately half of the continent’s total mass loss, comparable to that of basal melting (Rignot et al., 2013; Greene

et al., 2022). These calving events produce floating ice masses ranging from small fragments to massive tabular icebergs,

which serve as proxies for ice-shelf break-up processes (Scambos et al., 2009). Importantly, these icebergs retain substantial30

subsurface drafts, typically spanning from tens of metres to depths exceeding 500 metres (Dowdeswell and Bamber, 2007). It

is this substantial keel depth that predisposes them to interact with the seafloor on shallow continental shelves, transforming

them from drifting bodies into stationary grounded features.

Once detached from their parent ice shelves, icebergs drift across the Southern Ocean, driven by the complex interplay of

wind stress, ocean currents, the Coriolis force, and sea ice dynamics (Gladstone et al., 2001; Bigg et al., 1997). More recent35

models also account for interactions between icebergs, sea ice, and wave radiation stress (e.g. Merino et al., 2016; Rackow

et al., 2017), which are increasingly recognised as essential components in Earth System Models (Vancoppenolle et al., 2025).

When these deep-draft icebergs drift across the Antarctic continental shelves, where water depths are often less than 500 m

(Dorschel et al., 2022), their keels can contact the seabed (Dowdeswell and Bamber, 2007; Olivé Abelló et al., 2025). This

interaction anchors drifting ice, establishing them as “grounded icebergs”, stationary features that can remain in place for40

periods ranging from days to several decades (Woodworth-Lynas et al., 1991; Leane and Maddison, 2018).

Grounded icebergs play a critical role in the Antarctic sea ice system, serving as key anchor points for Antarctic landfast sea

ice (“fast ice”; Wright and Priestley, 1922), and together with fast and pack ice, ice shelves and coastline, they form a complex

coastal ice–ocean interaction network (Porter-Smith et al., 2021; Fraser et al., 2023; Vancoppenolle et al., 2025). Grounded

icebergs not only fix and stabilise fast ice, prolonging its residence and enhancing the continuity and spatial cohesion of coastal45

ice zones (Massom et al., 2001; Li et al., 2020; Fraser et al., 2023). Furthermore, they act as topographic barriers that impede the

upstream advection of sea ice; by blocking external pack ice from entering, they allow offshore winds to clear the downstream

(leeward) side of sea ice (e.g., see Figure 11 in Fraser et al., 2023). This obstruction and alteration of ice distribution promotes

polynya formation, the development of thick ice zones, and influence the intrusion of warm currents and ice shelf melting

(Nakayama et al., 2014; Fraser et al., 2019; Bett et al., 2020; Olivé Abelló et al., 2025). Beyond these hydrodynamic effects,50

the deep keels of grounded icebergs physically scour the seafloor, creating extensive plough marks and resuspending sediments,

which significantly reshapes local bathymetry and disturbs benthic environments (Woodworth-Lynas et al., 1991; Olivé Abelló

et al., 2025; Kostov et al., 2026). Ecologically, grounded icebergs act as topographic barriers that impede sea ice drift, thereby

facilitating the formation of latent heat polynyas (Ohshima et al., 2013), which are critical open-water areas that sustain high

biological productivity, and they also serve as unique physical substrates for distinct microbial communities (Cefarelli et al.,55

2015; Bett et al., 2020). Their meltwater and nutrient release significantly enhance local productivity and alleviate nutrient

limitations for phytoplankton (Duprat et al., 2016; Lucas et al., 2025; Olivé Abelló et al., 2025). In addition, icebergs are an
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important source of iron for polar oceans, and their heterogeneous release affects regional nutrient availability (Raiswell et al.,

2008; Herraiz-Borreguero et al., 2016; Hopwood et al., 2019). Therefore, monitoring the distribution and melting processes of

grounded icebergs is crucial for understanding polar marine ecology and climate feedbacks.60

Traditionally, iceberg monitoring has relied heavily on manual analysis of satellite imagery. Operational agencies like the

U.S. National Ice Center track and name Antarctic icebergs with a major axis greater than 10 nautical miles (approximately

18.5 km), or recently, those with an area exceeding 20 square nautical miles (U.S. National Ice Center, 2024). This leaves a vast

number of smaller icebergs unmonitored. One of the main tools for large-scale iceberg monitoring and observations at �ne spa-

tial resolution is spaceborne Synthetic Aperture Radar (SAR). Unlike optical remote sensing, SAR can penetrate clouds or fog65

and does not rely on solar illumination, thus enabling year-round all-weather observations that are largely unaffected by atmo-

spheric conditions (Dierking, 2013; Lohse et al., 2020). By emitting microwave pulses and receiving the backscattered signals

from the surface, SAR generates high-resolution imagery that captures the texture, roughness, and backscatter characteristics of

sea ice and icebergs, thereby allowing discrimination between different ice types and open water (Willis et al., 1996; Dierking,

2013). In particular, the Sentinel-1 satellite constellation, launched by the European Space Agency, has provided continuous70

and systematic observations of polar environments since 2014, with unprecedented Antarctic coverage (Torres et al., 2012).

Operating at C-band frequency with dual polarisation, its wide-swath acquisition modes achieve an effective balance between

spatial resolution and coverage, making it a core data source for current Antarctic sea ice and iceberg studies (Dierking and

Wesche, 2014).

To bridge the gap left by manual analysis and map the vast population of smaller icebergs, machine learning and deep learn-75

ing technologies have been widely applied in iceberg detection tasks (Barbat et al., 2019; Braakmann-Folgmann et al., 2023;

Chen et al., 2026). Owing to their ef�cient data processing capabilities and adaptive learning characteristics, these technologies

have signi�cantly enhanced the level of automation and detection accuracy. By fully utilising the high spatiotemporal resolution

and polarimetric characteristics of Sentinel-1 SAR data, machine learning algorithms can effectively extract iceberg texture,

shape, and backscatter features, thereby improving detection performance for small icebergs (< 1 km2; Barbat et al., 2021;80

Koo et al., 2023; Chen et al., 2026). In particular, U-Net–based deep learning methods, through end-to-end feature extraction,

substantially enhance the ability to capture iceberg texture, shape, and contextual information under complex backgrounds,

showing greater robustness and detection accuracy (Ronneberger et al., 2015; He et al., 2016; Braakmann-Folgmann et al.,

2023).

Despite these technological advances, automated iceberg detection using SAR faces inherent seasonal limitations. Surface85

meltwater during the summer months confounds the SAR backscatter signals, meaning most automated detection algorithms

perform reliably only during winter or early spring (Wesche and Dierking, 2012; Braakmann-Folgmann et al., 2023). Fur-

thermore, accurate identi�cation of tiny icebergs (e.g., < 0:4 km2 or even < 0:1 km2) remains dif�cult year-round, as they

are often indistinguishable from speckle noise or complex multi-year ice textures in coastal zones (Barbat et al., 2021; Koo

et al., 2023; Evans et al., 2023; Færch et al., 2023). Beyond general detection, a fundamental challenge in isolating speci�cally90

grounded icebergs is that stationarity in consecutive SAR images does not uniquely imply grounding. Floating icebergs are

frequently immobilised by fast ice (Fraser et al., 2023), making them indistinguishable from genuinely grounded targets based
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on motion analysis alone. This ambiguity is most pronounced during winter and early spring when fast ice extent is at its peak.

This creates a con�icting seasonal requirement, which highlights a critical limitation in current iceberg products. For instance,

while Chen et al. (2026) recently produced a high-resolution circum-Antarctic dataset of small icebergs (> 0:04 km2) , their95

analysis was strictly limited to October of each year to ensure optimal general SAR detection performance. Given the extensive

presence of fast ice during this season (Fraser et al., 2021), their snapshot contains multitudes of immobilised �oating icebergs.

Consequently, their dataset is unsuitable for capturing grounded iceberg dynamics and unable to re�ect seasonal variations in

their distribution.

Crucially, there is currently no dedicated automated product speci�cally for grounded icebergs. Although recent studies have100

mapped grounded icebergs to investigate their interaction with fast ice, these efforts largely rely on manual interpretation, which

is labour-intensive and dif�cult to scale temporally (Li et al., 2020; Kostov et al., 2026). For example, Li et al. (2020) identi�ed

24 speci�c zones containing groups of small grounded icebergs to demonstrate their signi�cance in maintaining landfast ice.

However, rather than extracting individual iceberg boundaries continent-wide, their approach was limited to demarcating broad

regions and relying on detailed case studies for speci�c giant icebergs. Furthermore, such data record grounded icebergs merely105

as broad bounding zones or point locations, lacking essential geometric attributes such as precise shape and surface area, which

are vital for quantifying their hydrodynamic drag and mechanical anchoring capacity within the fast ice matrix (Massom et al.,

2001; Fraser et al., 2023).

To address the uncertainty between grounding and temporary entrapment by fast ice, this study deliberately restricts its

temporal focus to the late summer and early autumn of 2025. While the Sentinel-1 catalogue provides a continuous data110

record spanning several years, applying automated detection across previous years, which consistently featured more extensive

summer fast ice, would yield a dataset dominated by highly uncertain, fast-ice-induced stationary targets. The unprecedented,

record low fast ice extent in early 2025 (Abram et al., 2025) – with less than 100,000 km2 compared to the 2000-2018 baseline

of �221,000 km2 (Fraser et al., 2021) – offers a uniquely clear observational window to minimise “false positives” caused

by fast ice immobilisation, and isolate truly grounded icebergs in open water. Furthermore, because macroscopic grounding115

patterns are predominantly dictated by relatively static physical constraints, such as regional bathymetry, ocean currents, and

upstream calving sources (Massom et al., 2001; Tournadre et al., 2016; Kostov et al., 2026), the overall spatial distribution

and density hotspots of grounded icebergs is not expected to change substantially from year to year (Fraser et al., 2012; Bett

et al., 2020). Thus, although individual icebergs may remobilise, their aggregate spatial distribution likely remains stable. This

makes the 2025 snapshot the most appropriate choice for a representative baseline for the Antarctic coastal system, intentionally120

prioritising data reliability over noisy multi-year temporal coverage.

Capitalising on these unique conditions, this study constructs the �rst circum-Antarctic grounded iceberg dataset to enable

automated identi�cation and temporal monitoring. Based on Sentinel-1 SAR imagery, a ResUNet deep learning framework

was developed to achieve automatic detection and precise segmentation of icebergs around Antarctica, successfully identifying

icebergs ranging down to 0.016 km2 (corresponding to 10 pixels at 40 m pixel spacing) and extracting their area, position, and125

border. Multi-temporal image analysis combined with feature-based matching algorithms is then applied to identify grounded

icebergs and monitor their temporal stability. The resulting dataset provides a robust foundation for understanding Antarctic
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coastal ice–ocean interactions and their impacts on polar climate and ecosystems, offering key data support for investigating

the dynamic responses of grounded icebergs to fast ice stability, ice-shelf melting, and ecological processes.

2 Data130

Analysis-ready Sentinel-1 SAR data were provided by Geoscience Australia under the Digital Earth Antarctica Program. 197

Sentinel-1 Ground Range Detected Medium Resolution (GRDM) scenes in the Extra Wide swath (EW) mode and 77 Single

Look Complex (SLC) scenes in the Interferometric Wide swath (IW) mode were obtained from the Copernicus Data Space

Ecosystem (CDSE) and processed to a normalised, radiometrically terrain-corrected (RTC) gamma-nought backscatter product.

EW GRDM data was processed using the pyroSAR (Truckenbrodt et al., 2019) and GAMMA (GAMMA Remote Sensing AG,135

n.d.) software packages. IW SLC data was processed using the Geoscience Australia sar-pipeline software that implements the

NASA JPL RTC (OPERA Jet Propulsion Laboratory, 2026a) and ISCE3 (ISCE3 Development Team, 2026) software packages.

Processing used the Copernicus 30 m Digital Elevation Model (DEM), with ellipsoidal heights applied for offshore data. The

data were produced in decibel scaling at 40 m pixel spacing for EW data and 20 m pixel spacing for IW data, and reprojected

to polar stereographic coordinates (EPSG:3031) for analysis. For EW data, thermal noise removal was applied and GRD border140

noise was removed from the input data using the pyroSAR method. The bicubic spline back-geocoding method was applied

(Magnard et al., 2017). No additional multilooking was applied, maintaining the estimated number of looks (ENL) of the

GRDM product of 10.7 (OPERA Project Team, 2024). For IW data, thermal noise removal, bistatic and static-tropospheric

atmospheric delay corrections, radiometric terrain correction and geocoding was undertaken using the process described in the

Product Speci�cation Document for the OPERA Radiometric Terrain Corrected SAR Backscatter from Sentinel-1 (OPERA Jet145

Propulsion Laboratory, 2026b). To achieve the desired 20 m ground resolution, this work�ow applies adaptive multi-looking.

Unlike traditional �xed-window methods, this adaptive approach yields a spatially varying ENL across the scene based on

local acquisition geometry and terrain (OPERA Project Team, 2024). Consequently, the scene-level ENL (approximately �16,

estimated from resampling the nominal IW SLC �2:3 � 14:1 m pixel spacing to 20 � 20 m) should be understood as an

approximate value rather than a �xed property of the product (OPERA Jet Propulsion Laboratory, 2026b).150

In summary, the �nal gamma-nought intensity images obtained after pre-processing exhibit comparable visual characteristics

for both EW and IW acquisition modes. However, IW images feature half the pixel spacing and slightly higher ENL compared

to EW images. These differences stem from the intrinsic properties of the respective acquisition modes, where EW prioritises

broader spatial coverage at the expense of spatial and/or radiometric resolution.

As the main aim of this study is to construct a circum-Antarctic grounded iceberg dataset, complete data coverage of the155

Antarctic coast is required. Therefore, EW mode (swath width approx. 410 km) data were primarily used where available, with

IW mode (swath width approx. 250 km) data used to �ll gaps in the EW coverage. In addition, we found that in some SAR

data, icebergs were more easily distinguished from sea ice in cross-polarisation (HV or VH) due to higher backscatter contrast,

whereas in co-polarisation (HH) the backscatter from icebergs and sea ice can be similar, making it dif�cult for the model

to differentiate them. Accordingly, this study primarily used cross-polarisation images for analysis where available. However,160
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considering the limited spatial coverage of cross-polarisation data around Antarctica, co-polarisation images were used to �ll

the gaps in certain regions (Figure 1). To rigorously distinguish truly grounded icebergs from those immobilised by the fast sea

ice matrix, we additionally employed a high-resolution map of the circum-Antarctic fast ice extent for early-mid March 2025

(i.e., the time of the climatological fast ice minimum; Abram et al., 2025) as a temporally static spatial mask.

In addition to Sentinel-1 SAR data, this study incorporated multiple supplementary datasets to support iceberg detection and165

validation. Topographic information was derived from the International Bathymetric Chart of the Southern Ocean (IBCSO;

Dorschel et al., 2022) Version 2. Daily sea ice concentration (SIC) data were obtained from the European Organisation for

the Exploitation of Meteorological Satellites Ocean and Sea Ice Satellite Application Facility (OSI SAF) Global Sea Ice

Concentration product (OSI-408-a), derived from the Advanced Microwave Scanning Radiometer 2 (AMSR2) with a grid

resolution of 10 km (EUMETSAT Ocean and Sea Ice Satellite Application Facility (OSI SAF), 2025). Coastline boundaries170

were referenced from the high-resolution vector data of the Antarctic Digital Database (ADD, Version 7.11; Gerrish et al.,

2025) maintained by the Scienti�c Committee on Antarctic Research (SCAR). Furthermore, optical imagery from the Sentinel-

2 MultiSpectral Instrument (MSI; European Space Agency, 2015) was acquired to assist with manual annotation, ground-

truth generation, and accuracy assessment. All supplementary datasets provided complete circum-Antarctic coverage, with the

temporal window focused on late February to early April 2025, corresponding to the annual minimum of the Antarctic fast ice175

extent (Fraser et al., 2021), in the year of the lowest summertime fast ice extent on record (Abram et al., 2025).

3 Methods

This section outlines the novel approach for producing the grounded iceberg dataset, and is structured into �ve main sections:

(3.1) data preparation, (3.2) iceberg detection, (3.3) grounded iceberg identi�cation, (3.4) physical constraint �ltering, and (3.5)

performance validation. The work�ow is illustrated in Figure 2. Boxes I through IV constitute the core production pipeline,180

progressing from data input to the generation of the �nal grounded iceberg dataset, while Box V details the accuracy assessment

conducted on an independent validation set.

3.1 Data preparation and training dataset construction

3.1.1 Generation of training samples

For training U-Net–based models, iceberg regions were manually annotated to create the training dataset. The images were185

then divided into sub-images of approximately 250 � 250 pixels each. The exact tile dimensions were dynamically adjusted to

ensure integer divisibility, thereby eliminating residual edge strips. Finally, sub-images were upsampled to 1536 � 1536 pixels

using bilinear interpolation, as empirical tests indicated this resolution enhances boundary segmentation accuracy. From a total

of 15 SAR images (yielding 4,220 sub-images), 702 sub-images containing icebergs under various environmental conditions

were manually selected. The iceberg regions were then manually annotated using the Python LabelMe library. The accuracy190

of the manually drawn masks has been reported to be within 2 %–4 % of the iceberg area (Braakmann-Folgmann et al., 2022),
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Figure 1. Spatial distribution and coverage of the Sentinel-1 SAR imagery dataset used in this study. The map illustrates the geographic

footprints of individual SAR granules along the Antarctic coastline. (a) Footprint colours distinguish between different sensor platforms,

swath modes, and polarisations. (b) The opaque rectangular regions de�ne the spatial domains selected for the machine learning work�ow,

with blue areas representing the training and testing zones, and the green areas representing the independent validation zones. Numeric labels

correspond to the ESA-de�ned relative orbits.
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Figure 2. Technical work�ow of the grounded iceberg detection and identi�cation system. The pipeline processes Sentinel-1 imagery through

deep learning segmentation, individual identi�cation, and physical constraint �ltering to generate the �nal circum-Antarctic grounded iceberg

dataset.

and were veri�ed by at least one study co-author. We generated binary mask images of the same size as the original images

from the annotation �les, de�ning pixels within the annotated regions as iceberg and all other pixels as background, as shown

in Figure 3.

3.1.2 Model training dataset195

For the model training dataset, nine coastal regions of Antarctica were selected to cover a diverse range of environmental

conditions (Figure 1). The data were processed using the method described in Section 3.1.1 to construct the training dataset for

iceberg detection. This training dataset covers data from February to March in 2021, 2023, and 2025, comprising a diverse mix

of imagery from IW and EW swath modes, and spanning both HV and HH polarisations. These speci�c years were selected

to capture a broad range of inter-annual variability in sea ice conditions and iceberg concentrations over a �ve-year period,200

ensuring the model's robustness across different environmental regimes. In terms of target selection, the dataset primarily

focuses on icebergs smaller than 100 km2 (micro to medium-sized), maximising sensitivity for these challenging, under-

represented targets. To enable robust generalisation across these differing signal characteristics, a single ResUNet model was

trained on this diverse dataset. This strategy allows the network to learn feature representations applicable to both polarisations,

thereby mitigating the detection challenges associated with the lower contrast between icebergs and sea ice inherent in HH data.205

The �nal dataset was manually divided into a training set for model learning (618 sub-images, 88 %) and a test set (84 sub-
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