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Abstract. Many Antarctic ice shelves have undergone accelerated thinning and retreat in recent decades, weakening their
buttressing effect on grounded ice and increasing the risk of further sea-level rise. Surface damage, including crevasses, rifts
and heavily fractured areas, is an important indicator of ice shelf structural integrity, but there is limited understanding of its
long-term evolution across Antarctic ice shelves. Here we present a new surface damage dataset for nine representative
Antarctic ice shelves, derived from Landsat optical imagery covering the period 1999-2024. These ice shelves include
Amery, Brunt, Crosson, Dotson, Holmes, Larsen B, Pine Island, Thwaites and Totten, and encompass a range of change
behaviours from relatively stable to rapidly changing systems. A deep-learning image segmentation model was trained on a
manually annotated dataset from diverse Antarctic ice shelves to automatically map surface damage. To extend the usable
record, Landsat 7 scan-line-corrector-off imagery was restored using a diffusion-model-based framework fine-tuned for
Antarctic imagery. The final dataset contains 170 surface damage maps at 30 m resolution, each representing a single ice
shelf for a specific year. Temporal coverage varies among ice shelves owing to differences in the availability of usable
imagery. The model achieved a mean intersection over union of 0.845 on the test set and 0.822 on an independent validation
ice shelf not included in model training. The dataset demonstrates good multi-temporal consistency, supporting its use for
time-series analysis. Among the nine ice shelves, Pine Island, Thwaites and Larsen B show the most pronounced surface
damage changes during the study period. Compared with existing studies, this dataset provides improved temporal continuity
over multi-decadal timescales at substantially finer spatial resolution, offering new insights into the long-term evolution of
Antarctic ice shelves and contributing to a better understanding of ice shelf instability. The dataset is publicly available at

https://doi.org/10.5281/zenodo.20425951 (Tang et al., 2026a).

1 Introduction

As the largest reservoir of land ice on Earth, the Antarctic Ice Sheet (AIS) represents the greatest potential contributor to
global sea-level rise and the dominant source of uncertainty in future sea-level-rise projections (Fricker et al., 2025).

Between 1992 and 2020, the AIS lost 2,671 + 530 Gt of ice mass, contributing 7.4 + 1.5 mm to global sea-level rise (Otosaka
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et al., 2023). The floating ice shelves provide important buttressing to the grounded ice sheet. The thinning and retreat of ice
shelves can weaken this buttressing effect, promoting faster inland ice flow and increased ice discharge into the ocean, and
thereby increasing the future contribution of the AIS to global sea-level rise (Miles and Bingham, 2024; Bassis et al., 2024).
Antarctic ice shelves have undergone substantial changes in recent decades. Between 1997 and 2021, the total area of
Antarctic ice shelves decreased by 36,701 £ 1,465 km? (1.9 %), mainly driven by major calving events (Greene et al., 2022).
Widespread thinning over the same period has further contributed to Antarctic ice-shelf mass loss (Davison et al., 2023).
Continuous monitoring of Antarctic ice shelves is therefore critical for understanding their stability and assessing their future
evolution.

Surface damage is an important indicator of ice shelf structural weakening and changes in rheological properties (Colgan et
al., 2016). It can weaken ice shelf structural integrity, thereby promoting calving and the associated ice-front retreat (Borstad
et al., 2012). Surface damage on ice shelves includes crevasses, rifts and heavily fractured areas, such as intensely fractured
zones within shear margins. Damage development is linked to enhanced shear, ice flow acceleration, increased strain rates
and ice shelf thinning, with these interactions being climate-sensitive and becoming more pronounced in a warming climate
(Izeboud et al., 2025). Studies have shown that damage evolution is closely associated with the disintegration and structural
weakening of several major ice shelves, such as Larsen B (Glasser and Scambos, 2008), Brunt (Marsh et al., 2025), Amery
(Walker et al., 2021), Pine Island (Lhermitte et al., 2020; Surawy-Stepney et al., 2023b) and Thwaites (Benn et al., 2022;
Surawy-Stepney et al., 2023a).

Given the critical role of surface damage in ice shelf stability, long-term and large-scale monitoring of its evolution is
essential for understanding ice shelf change and reducing uncertainty in future projections. Remote sensing imagery provides
an important data source for such monitoring. However, publicly available surface damage products for Antarctic ice shelves
remain limited (Table 1). Lai et al. (2020) produced a single-temporal surface damage map of Antarctic ice shelves for 2009
based on MODIS Mosaic of Antarctica (MOA) imagery at a spatial resolution of 125 m. Also based on MOA imagery, Pang
et al. (2023) generated products for 2004, 2009 and 2014 at the same spatial resolution. Surawy-Stepney et al. (2023b)
released a single-temporal product for June 2021 based on Sentinel-1 SAR imagery, at a spatial resolution of 100 m. Izeboud
et al. (2025) also used SAR imagery and released products for 1997, 2000 and 2021 at a spatial resolution of 1,000 m, as
well as annual products for 2015-2021 at a spatial resolution of 400 m. This product represents the longest temporal
coverage among existing surface damage products. The results revealed that the area of surface damage generally decreased
across Antarctic ice shelves between 1997 and 2021, mainly because damaged areas were lost through calving, and that
damage development was strongly correlated with ice shelf area changes (Izeboud et al., 2025). However, this product is still
limited by its relatively coarse spatial resolution, and continuous annual temporal coverage is only available from 2015
onwards, leaving the earlier period from 1997 through 2014 represented by only three snapshot years. More broadly, existing
studies have primarily relied on MOA and SAR imagery for large-scale damage mapping. Because MOA imagery is only
available for 2004, 2009 and 2014, and stable, frequent SAR acquisitions only became available after the launch of Sentinel-

1 in 2014, early temporal coverage in existing products is generally sparse and discontinuous. Overall, existing openly
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available products are limited in both spatial and temporal resolution, constraining detailed and continuous monitoring and
analysis of rapidly changing ice shelves over multi-decadal time scales.

Generating long-term, high-resolution surface damage datasets requires extraction methods that are both accurate and
scalable. Early studies mainly relied on manual visual interpretation of remote sensing imagery to map damage features
(Hulbe et al., 2010). With the development of image processing techniques, some studies have used automatic methods such
as edge detection for damage extraction (Lv et al., 2022). Izeboud and Lhermitte (2023) developed an improved image
processing algorithm, the Normalised Radon Transform Detection (NeRD), and applied it to Synthetic Aperture Radar
(SAR) imagery to map surface damage on Antarctic ice shelves (Izeboud et al., 2025). However, such conventional image
processing methods generally rely on empirical parameter settings and may require case-specific adjustment across different
regions. Deep-learning (DL) techniques, by contrast, have shown strong potential for learning representative features from
remote sensing imagery (Li et al., 2024b), making them well suited to large-scale, long-term damage mapping. Related
studies have applied DL methods to damage mapping using optical imagery (Lai et al., 2020; Pang et al., 2023; Zheng et al.,
2024; Li et al., 2024a; Li et al., 2025b), SAR imagery (Zhao et al., 2022; Surawy-Stepney et al., 2023a; Surawy-Stepney et
al., 2023b), and combined optical and SAR imagery (Huang et al., 2025). In addition to image-based mapping, altimetry data
and digital elevation models (DEMs) have also been used for the identification and characterization of surface damage
(Wang et al., 2021; Herzfeld et al., 2021; Li et al., 2021; Huang et al., 2024; Li et al., 2025a; Pang et al., 2026; Xu et al.,
2026). However, given their limitations in spatiotemporal resolution and coverage, image-based mapping remains better
suited to multi-decadal, large-scale and continuous monitoring of surface damage evolution.

To address the limitations of existing products, we apply a deep-learning method to Landsat 7/8/9 optical imagery to produce
a high-resolution surface damage dataset for nine representative Antarctic ice shelves at a spatial resolution of 30 m, with
multi-decadal temporal coverage from 1999 through 2024. Landsat optical imagery provides a long-term observational
record that helps fill the early temporal gaps in existing SAR-based products, while also enabling higher-resolution mapping
of surface damage. These nine ice shelves represent three contrasting glaciological settings and damage evolution patterns
(Fig. 2). The first group comprises Pine Island, Thwaites, Crosson and Dotson in the Amundsen Sea sector, where
pronounced thinning, retreat and surface damage development have been widely documented (Lilien et al., 2018; Lhermitte
et al., 2020; Joughin et al., 2021; Wang et al., 2025). The second group includes Larsen B on the Antarctic Peninsula and
Brunt in East Antarctica. Larsen B experienced a major collapse in 2002 and has continued to undergo further damage
development, while Brunt is characterised by rift formation and recent calving events (King et al., 2018; Qiao et al., 2020;
Surawy-Stepney et al., 2024; Morris et al., 2025). The third group consists of Amery, Totten and Holmes and provides
additional examples from East Antarctica, including ice shelves with relatively stable conditions as well as those
experiencing recent unpinning and grounding line retreat (Greene et al., 2022; Zhu et al., 2023; Miles and Bingham, 2024;
Miles et al., 2025; Jin et al., 2025). Together, these ice shelves provide a representative basis for investigating long-term
surface damage evolution across contrasting ice shelf settings. To extend the usable record for damage mapping, Landsat 7

scan-line-corrector-off (SLC-off) imagery acquired during 2003-2013 was first restored using a specifically designed
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diffusion-model-based framework (Sect. 2.2). The dataset contains 170 surface damage maps, each representing a single ice

shelf for a specific year, with temporal coverage shown in Fig. 3.

Table 1. Summary of publicly available surface damage datasets for Antarctic ice shelves (DL: deep learning, NeRD: Normalised
Radon Transform Detection).

Spatial ) Temporal
Study Method  Sensor Time Span
Resolution Resolution
Lai et al. (2020) DL Optical 125m 2009 Single epoch
Pang et al. (2023) DL Optical 125m 2004, 2009, 2014 3 epochs
Surawy-Stepney et al. (2023b) DL SAR 100 m 2021 Single epoch
400 m 2015-2021 Annual
Izeboud et al. (2025) NeRD SAR
1000 m 1997, 2000, 2021 3 epochs
This study DL Optical 30 m 1999-2024 Annual
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Figure 2. Spatial distribution of the nine ice shelves included in this dataset in Antarctica, with the background imagery and
110  boundaries from Bedmap2 (Fretwell et al., 2013; Fretwell et al., 2022). Surrounding panels show representative examples of

surface damage on each ice shelf, with annotations indicating the acquisition dates of the Landsat imagery.

Pine Island
Thwaites
Crosson

Dotson
Larsen B
Brunt
Amery
Totten
Holmes

.available |:| unavailable

Figure 3. Temporal coverage of this dataset for each ice shelf. Orange cells denote that a surface damage map is available for that

ice shelf in a given year, whereas grey cells denote that no surface damage map is available.
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2 Data and methods
2.1 Regions of interest and source imagery

2.1.1 Regions of interest

During dataset generation, each ice shelf is processed separately as an independent object. To ensure sufficient coverage of
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the study area throughout the study period, this study determines a region of interest (ROI) for each ice shelf based on the

MEaSUREs ice shelf extent product (Mouginot et al., 2017), combined with the maximum spatial extent of each ice shelf

during the study period and with appropriate outward expansion (Fig. 4). The resulting ROI is used as the image download

extent and is designed to include, as completely as possible, areas of frontal change and regions near the grounding line.
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Figure 4. Regions of interest (ROIs) used for imagery download and corresponding Landsat imagery for (a) Amery, (b) Brunt, (c)
Larsen B, (d) Pine Island, (e) Thwaites, (f) Crosson, (g) Dotson, (h) Totten, and (i) Holmes Ice Shelves. The grounding lines are
from Mouginot et al. (2017), and the annotated years indicate the austral summers from which the Landsat imagery was acquired.

2.1.2 Data sources

To generate surface damage maps of Antarctic ice shelves for 1999-2024, this study uses optical multispectral imagery

acquired by Landsat 7 (EROS Center, 2020a), Landsat 8 and Landsat 9 (EROS Center, 2020b), and selects the red, green and

blue (RGB) bands for processing. The imagery has a spatial resolution of 30 m (Table 2). Imagery acquired between

December 1999 and March 2013 was from Landsat 7, while imagery acquired from April 2013 onwards was mainly from
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Landsat 8, with some imagery acquired after October 2021 from Landsat 9. Owing to polar night conditions in Antarctica,
the acquisition window for usable optical imagery is limited to the austral summer of each year, from November to March of
the following year. In the following sections, imagery for a given year refers to imagery acquired during the corresponding
austral summer.

Table 2. Data sources used for dataset generation.

Satellite Time span Bands Resolution
Landsat 7 Dec 1999—Mar 2013 Red, Green, Blue (3, 2, 1) 30 m
Landsat 8 Apr 2013—Mar 2025 Red, Green, Blue (4, 3, 2) 30 m
Landsat 9 Oct 2021-Mar 2025 Red, Green, Blue (4, 3, 2) 30 m

2.1.3 Image selection and acquisition

The imagery used for dataset generation was acquired through the Google Earth Engine (GEE) platform. Landsat imagery
was obtained from the Landsat Collection 2 calibrated top-of-atmosphere (TOA) reflectance dataset. Landsat imagery within
the ROI of each ice shelf was screened separately for each austral summer (Fig. 1a). As cloud cover is one of the main
limiting factors in the use of optical imagery in Antarctica, candidate images were first screened using a threshold of 80 %
based on the ‘cloud cover’ property in the image metadata. This threshold was set relatively loosely to retain as many
potentially usable images as possible. For imagery that passed this initial screening, cloud and cloud-shadow pixels were
then masked using the QA_PIXEL band provided with the Landsat products in GEE. If multiple images were available for
the same day, they were mosaicked into a single daily image (hereafter referred to as a scene). The scenes were then ranked
according to the proportion of valid (i.e., cloud-free) pixels, and further manually screened on this basis. Priority was given
to cloud-free scenes that fully covered the ROI. If such scenes were unavailable, scenes with a relatively high proportion of
valid coverage over the ROI were selected. For the final selected scenes, the original imagery without cloud masking was
downloaded for subsequent dataset generation. This procedure was repeated for each ice shelf and each year from 1999
through 2024.

The downloaded imagery was exported as GeoTIFF files in unsigned 8-bit (UInt8) format. The export coordinate system was
the WGS 84 / Antarctic Polar Stereographic projection (EPSG:3031), and the value range of each band was 0-255. For 2023
and 2024, some imagery exported from GEE contained large data gaps, possibly caused by anomalies during the export
process. These images were instead downloaded from the USGS website (https://earthexplorer.usgs.gov/) as Landsat 8
Collection 2 Level-1 products. QGIS was then used for band combination, ROI clipping and data format conversion. The
final output imagery was consistent with the GEE-exported imagery in format, resolution, projected coordinate system, value
range and spatial extent. Through this selection and acquisition procedure, candidate scenes for damage mapping were

determined for each ice shelf in each available year.
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2.2 Pre-processing of Landsat 7 SLC-off imagery

The Landsat 7 satellite experienced a permanent failure of the scan-line corrector (SLC) in May 2003. As a result, all
imagery acquired thereafter contains stripe-shaped data gaps and is referred to as SLC-off imagery. These gaps interfere with
the extraction of surface damage on ice shelves and thus affect the mapping results. To reduce their impact, this study applies
the DiffGF framework (Tang et al., 2026b) to restore the Landsat 7 SLC-off imagery used in this study (Fig. 1b).

DiffGF is a non-reference two-stage restoration framework designed for restoring data gaps in Antarctic Landsat 7 SLC-off
imagery. The method first exploits the generative capability of a diffusion model to restore missing regions using only a
single SLC-off image and performs the diffusion process in latent space to improve computational efficiency. It then further
enhances the consistency between restored and known regions through a mask-guided harmonization process in pixel space,
thereby producing the final restoration result. This framework is suitable for Antarctic ice shelves that experience rapid
changes in surface conditions and effective reference imagery is difficult to obtain. Under such conditions, traditional
reference-based restoration methods are often difficult to apply.

The DiffGF framework was trained on SLCANT (Tang et al., 2026b), a dataset consisting of 3,139 simulated SLC-off
images of 256 x 256 pixels, which were generated by applying real Landsat 7 SLC-off masks to complete Landsat 8 images,
with the corresponding complete images used as ground truth. The source images were collected from 10 representative
regions in Antarctica, covering a range of typical Antarctic surface features, including ice- and snow-covered surfaces,
coastlines, bare rock, different types of surface damage features, blue ice and melt ponds. Further details of the construction
of this dataset and the training process of DiffGF are provided in (Tang et al., 2026b). Landsat 7 SLC-off imagery used in
this study is restored by the trained DiffGF framework, and the restored imagery is then used for damage mapping.

The restoration performance of DiffGF has also been evaluated in detail in Tang et al. (2026b) using metrics including Peak
Signal-to-Noise Ratio (PSNR) (Horé and Ziou, 2010), Universal Image Quality Index (UIQI) (Wang and Bovik, 2002),
Structural Similarity Index Measure (SSIM) (Wang et al., 2004), Learned Perceptual Image Patch Similarity (LPIPS) (Zhang

et al., 2018), root mean square error (RMSE) and correlation coefficient (CC).

2.3 Surface damage mapping with deep learning
2.3.1 Manually annotated dataset

To train and test a deep-learning image segmentation model, a manually annotated surface damage dataset was created in
this study. The imagery used for dataset construction was selected from cloud-free Landsat 8 RGB imagery acquired over
diverse ice shelves (Fig. S1), to capture a broad range of surface damage features and help improve model robustness and
transferability. All imagery was acquired during the austral summer of 2020 (Table S1).

To improve annotation quality and confidence, the annotation process was assisted by multi-source remote sensing data,
including Sentinel-1 SAR imagery and ICESat-2 laser altimetry data acquired at similar times. This strategy allows surface

damage to be interpreted jointly from optical appearance, SAR backscatter characteristics, and elevation information,
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helping to reduce interpretation uncertainty and subjectivity. Specifically, for each Landsat 8 image used for annotation,
Sentinel-1 SAR Interferometric Wide Swath (IW) Ground Range Detected (GRD) data covering the same region and
acquired close in time were downloaded and processed in SNAP through a standard workflow, including thermal noise
removal, radiometric calibration, speckle filtering, and terrain correction using the REMA DEM (Howat et al., 2019; Howat
et al., 2022), to derive geocoded backscatter imagery. ICESat-2 ATL06 data acquired close in time were downloaded and
processed following (Wang et al., 2021) to provide additional depth information for identifying surface damage.

The manually annotated dataset includes multiple types of surface damage, including crevasses, rifts, crevasse fields and
heavily fractured areas, and has good sample diversity (Fig. 5). The final annotated dataset contains 276 images of 512 x 512
pixels.

Image Label Image

(a)

[IDamage

Figure 5. Examples from the manually annotated surface damage dataset, showing image samples and their corresponding labels.
Image samples are from Amery Ice Shelf (a and ¢, 2021-01-06), Crosson Ice Shelf (e, 2021-01-31), Pine Island Ice Shelf (g, 2020-12-
13), Ronne Ice Shelf (i, 2021-01-15) and Larsen C Ice Shelf (k, 2020-12-29), with (b), (d), (f), (h), (j) and (I) showing the
corresponding annotated labels.

2.3.2 Segmentation model

We used SegFormer (Xie et al., 2021) as the image segmentation model in this study. SegFormer is a Transformer-based

model with the ability to capture wider spatial context, which is suitable for identifying surface damage with heterogeneous
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spatial patterns and varying morphology. The model output is a binary segmentation result with two classes: damage and

background.

2.3.3 Training strategy

The manually annotated damage dataset is used for model training and testing, with 224 images (80 %) used as the training
set and 52 images (20 %) used as the test set. Images from each region are randomly allocated to the training and test sets to
ensure that both subsets capture a representative range of surface damage characteristics. No spatial overlap exists between
any images. To address the class imbalance between damage and background in the annotations, this study adopts a
composite loss function combining binary cross-entropy loss (Eq. (1)) and Dice loss (Eq. (2)), referred to as BCED (Eq. (3)),

for model training:

1

Lpce = — Xita[yilog(p) + (1 — y)log (1 — py)] (1)
_ 423N yipite

LDice - 1 Z?Llyi"'zli\]:lpi-"e (2)

Lpcep = Lpce + Lpice 3)

where N denotes the total number of pixels, y; is the ground-truth label of the i-th pixel, p; is the probability predicted by the
model that the pixel belongs to the damage class, and € is a constant smoothing term.

During model training, the batch size is set to 8 and the model is trained for 200 epochs using the AdamW optimizer. For the
first 20 epochs, a linear warm-up strategy is adopted to increase the learning rate from 1x107 to 1x10, In the subsequent 80
epochs, a cosine annealing strategy is used to smoothly decay the learning rate to 5x107. During the final 100 epochs, this
learning rate is maintained for final fine-tuning to promote stable model convergence. During training, random rotation and
random brightness adjustment (+ 25 %) are applied to the training set for data augmentation to increase sample diversity and

improve model robustness and generalization ability.

2.4 Post-processing
2.4.1 Generation of full-ROI damage maps

The trained image segmentation model is used to map damage from the selected scenes. To generate damage maps covering
the full ROI, further post-processing is carried out in this study (Fig. 1f). Because completely cloud-free optical imagery is
often difficult to obtain, one final damage map is generated for each ice shelf in each year by selecting and integrating
predictions from candidate scenes with the optimal spatial coverage and image quality to achieve complete ROI coverage.
This strategy is based on the assumption that surface damage does not change dramatically over short time intervals, and is
intended to avoid fragmentation of the final product and improve the consistency of the dataset for subsequent scientific

applications.

10



240

245

250

255

260

265

Earth System
Science

Data

https://doi.org/10.5194/essd-2026-414
Preprint. Discussion started: 29 June 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access
suoIssnasIqg

For each year, priority is given to predictions derived from a single cloud-free scene that fully covers the ROI. When more
than one scene fully covers the ROI in a given year, which occurs only rarely, the prediction from one scene is selected as
the final map after comparative evaluation. If no cloud-free scene can fully cover the ROI, scenes with a relatively high
proportion of valid coverage and more complete coverage of rapidly flowing areas are selected first. Additional scenes that
provide complementary coverage of the ROI are then selected for manual merging of the corresponding predictions. To
reduce uncertainty caused by ice shelf dynamics, predictions from scenes acquired close in time are prioritized during
merging.

In this study, the final merged prediction is not obtained by first mosaicking the selected scenes and then applying the
segmentation model. Instead, predictions from individual selected scenes are merged directly to avoid potential interference
from tonal differences at scene boundaries during damage extraction. Manual merging is guided by visual inspection of the
source imagery and model predictions, with the ice velocity product (Rignot et al., 2017) used as an auxiliary reference, to
ensure spatially consistent merged results and preserve local damage structures.

A complete damage map covering the ROI is then obtained for each ice shelf in each year. If complete coverage of the target
ice shelf region cannot be achieved, no result is retained for that ice shelf in that year in order to maintain dataset quality. In
a small number of full-ROI maps, a limited number of areas on grounded ice within the ROI but outside the main ice flow
may remain affected by cloud contamination because no suitable cloud-free imagery is available for those areas. As these
areas do not affect the usability of the target ice shelf region, the corresponding full-ROI maps are retained. The final maps

are also manually checked against the source imagery and the results from adjacent years.

2.4.2 Product refinement to ice shelf extent

To facilitate the direct use of the dataset for scientific analysis, the full-ROI maps are further post-processed by manually
defining the effective floating ice shelf extent at the corresponding time (Fig. S2). Specifically, the grounding line is fixed
based on the MEaSURE:s ice shelf extent product (Mouginot et al., 2017), whereas the front is manually adjusted according
to the corresponding imagery to exclude detached ice bodies, sea ice and other non-target areas that may affect dataset use.
This process is assisted by reference products such as IceLines (Baumhoer, 2022; Baumhoer et al., 2023) and MEaSUREs
ITS_LIVE Antarctic Ice Sheet Extent Masks (Greene et al., 2024). It should be emphasized that these manually adjusted
extents are intended only to improve product usability for ice shelf analysis and should not be interpreted as calving front
mapping results.

Accordingly, two types of products are released to meet different user needs. The first type is constrained to the effective ice
shelf extent, whereas the second type covers the full ROI without applying the effective extent constraint. The first type of
product is subjected to strict manual inspection and is entirely derived from predictions based on high-quality cloud-free
imagery. It can be used directly for scientific analysis of ice shelf surface damage. The second type of product provides more

complete spatial coverage. As mentioned in Sect. 2.4.1, a small number of these full-ROI maps may contain very limited
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areas on grounded ice outside the main ice flow that are affected by cloud or haze and require additional checking against the

source imagery before use.

2.5 Technical validation methods
2.5.1 Evaluation of segmentation model performance

To provide a more comprehensive evaluation of the trained segmentation model, this study uses five metrics: mean
intersection over union (mloU), overall accuracy (OA), precision, recall and F1. mloU and OA are used to assess overall
segmentation performance, whereas precision, recall and F1 are calculated specifically for the damage class to evaluate the
model’s ability to detect surface damage.

The calculation formulae are as follows:

TP+FP+FN
mio = 3 3E., [oU, 5)
04 = TP+TN o
TP+TN+FP+FN
.. TP
Precision = -
TP+FP
Recall = —% ©
TP+FN
Precision+Recall

where TP, TN, FP and FN denote true positive, true negative, false positive and false negative, respectively.
The same metrics are also used to assess the performance of segmentation model on DiffGF-restored Landsat 7 SLC-off
imagery, by comparing the segmentation results derived from restored imagery with those derived from the corresponding

original imagery.

2.5.2 Multi-temporal consistency assessment

As the availability of usable optical satellite imagery is affected by cloud cover, the acquisition times of the scenes used for
dataset generation cannot be kept consistent across different years. In addition, the brightness and local details of optical
imagery acquired at different times are affected by factors such as illumination conditions, observation geometry, the
physical state of the ice shelf surface and topographic shading. Therefore, differences between damage maps of different
years may reflect not only real changes in surface damage but also, in part, objective differences in the data source. To assess
the influence of such source-related differences on the usability of the dataset for temporal analysis, a multi-temporal
consistency assessment is carried out.

Considering that damage itself evolves dynamically, including both the formation of new damage and advection with ice

flow, independent temporal tracking of all damage features is difficult to achieve. Given that damage density is an important
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metric in temporal analysis and glaciological modelling, this study performs a density-based multi-temporal consistency
assessment of the surface damage maps generated for each ice shelf. We assume that in most years without severe changes,
such as disintegration, changes in surface damage on ice shelves are generally gradual, and therefore damage density in
temporally adjacent maps should show a certain degree of correlation.

Three metrics are used for multi-temporal consistency assessment, including Spearman’s rank correlation (7y), Lin's
concordance correlation coefficient (CCC, p.) and root mean square error (RMSE). Among them, 7; is used to assess the
consistency of the rank of pixel values in temporally adjacent damage density maps, CCC evaluates their agreement in
absolute magnitude and RMSE measures their average numerical deviation. The formulae are as follows:

_ 6% df

r. =
S n(n2-1)

(10
where n is the total number of valid pixels and d; is the difference in relative rank of the i-th pixel between two temporally

adjacent density maps.
20xy
TF+05+(ix—py)?

0, = (11)

where u, and p,, are the mean values of damage density for two temporally adjacent density maps, 02 and 033 are the

variances of the two density maps, and gy, is the covariance between them.
1
RMSE = [-%7,(x; = y,)? (12)

where n is the total number of valid pixels and x; and y; are the values of the i-th pixel in two temporally adjacent density
maps.

Considering the relatively rapid ice flow on ice shelves (especially for Totten, Pine Island and Thwaites), multi-temporal
consistency is assessed using damage density maps calculated on a 900 m grid. For each grid cell, damage density is
computed as the fraction of damage area within that cell, without resampling the original 30 m damage maps. To account for
advection between adjacent time steps, the MEaSUREs InSAR-based ice velocity product at 450 m resolution (Rignot et al.,
2017) is used to apply a Lagrangian correction. For each temporally adjacent pair, the earlier damage density map is
advected forward to the time of the later map using the ice velocity product, as follows:

Xepar = X + 0(x)AL (13)
where x;, 4. is the corrected grid cell position at the time of the later map, x; is the original grid cell position in the earlier
map, v(x;) is the ice velocity vector extracted from the ice velocity product at x;, and At is the time interval between
adjacent maps in years.

The above metrics are then calculated by comparing the Lagrangian-corrected earlier damage density map with the original
later damage density map. For comparison, the same metrics are also calculated from the original adjacent damage density
maps without Lagrangian correction. Since the temporal coverage and step intervals vary across ice shelves, the median

values across all adjacent pairs are used to represent the overall multi-temporal consistency.
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3 Results
330 3.1 Dataset overview

The final dataset contains 170 surface damage maps at a spatial resolution of 30 m, and the temporal coverage for each ice
shelf is shown in Fig. 3. Overall, temporal coverage varies among ice shelves, mainly due to the availability of optical
imagery in each region. Crosson, Dotson, Pine Island and Thwaites ice shelves in the Amundsen Sea sector have relatively
continuous temporal coverage during the study period, with maps available for all years except 2005. The absence of maps
335  for 2005 is due to the lack of Landsat data acquisition during that period. Brunt and Amery ice shelves also have map series
beginning earlier, in 2000 and 2003, respectively, although their early temporal coverage is not continuous. In contrast, the
available maps for Larsen B, Holmes and Totten ice shelves start relatively later. The lack of early maps mainly results from
the unstable acquisition quality of some early Landsat 7 imagery (e.g. overexposure), which led to a lack of usable data.
However, all ice shelves maintain relatively continuous temporal coverage in the subsequent period. Representative zoomed-

340 in examples of the surface damage maps for each ice shelf are shown in Fig. 6.

S

WAV

it !/)

S ulf ) M Beon
B Damage

Figure 6. Zoomed-in examples of the surface damage maps for (a) Amery, (b) Brunt, (c) Larsen B, (d) Pine Island, (e¢) Thwaites, (f)
Crosson, (g) Dotson, (h) Totten, and (i) Holmes Ice Shelves. The annotated years indicate the austral summers from which the
Landsat imagery was acquired.
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345 3.2 Dataset technical validation
3.2.1 Performance of segmentation model on the test set

The performance of the trained image segmentation model is evaluated on the test set of the manually annotated dataset. The
quantitative evaluation results on the test set are presented in Table 3 and some example results are shown in Fig. 7. As
shown in Fig. 7, the model predictions agree well with the manually annotated labels across three diverse test scenes, with

350 the difference maps dominated by TP (white) pixels and only limited FP (red) and FN (blue) errors, mainly concentrated
along damage boundaries. The results indicate that the model achieves good performance in surface damage extraction and is
capable of identifying multiple types of surface damage with high accuracy.

Table 3. Performance of the segmentation model on the test set and an independent ice shelf (Totten Ice Shelf).

Data source mloU OA Precision Recall F1
Testing set 0.845 0.984 0.816 0.841 0.829
Independent ice shelf (Totten) 0.822 0.960 0.838 0.792 0.814
Image Label Prediction Difference

355 [1Damage COTPEFPEIFNETN

Figure 7. Examples of prediction performance on samples from the test set. (a), (e) and (i) show image samples from Amery Ice

Shelf, Crosson Ice Shelf and Larsen C Ice Shelf, respectively. (b), (f) and (j) show the corresponding manually annotated labels.

(¢), (g) and (k) show the corresponding model predictions. (d), (h) and (I) show the pixel-wise difference maps between the

corresponding labels and predictions, where TP denotes true positive, FP denotes false positive, FN denotes false negative and TN
360 denotes true negative.
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3.2.2 Performance of segmentation model on an independent ice shelf

To further evaluate the generalization ability of the image segmentation model, Totten Ice Shelf, which is not included in the
manually annotated dataset, is selected as an independent validation site. A Landsat 8 optical image acquired on 2021-01-23
is manually annotated following the same criteria as described in Sect. 2.3.1, and the trained model is then applied to

365 generate the prediction. As shown in Fig. 8, the prediction is overall consistent with the label, with sparse FN (blue) errors
distributed along the edges of damage regions and in damage areas with relatively low image contrast. The evaluation
metrics are presented in Table 3. The results indicate that the model still achieves good identification performance on an
independent ice shelf that is not involved in training, demonstrating good generalization to unseen regions.

(a) Image (b) Label (c) Prediction (d) Difference

10km ’
/ 7
[(JTP B FPE FN TN

/st
[] Damage

370 Figure 8. Prediction performance on an independent ice shelf (Totten Ice Shelf). (a) Landsat 8 image acquired on 2021-01-23. (b)
Manually annotated label. (c) Model prediction. (d) Pixel-wise difference map between label and prediction, where TP denotes
true positive, FP denotes false positive, FN denotes false negative and TN denotes true negative.

3.2.3 Performance of segmentation on restored Landsat 7 SLC-off imagery

The restoration performance of DiffGF on Landsat 7 SLC-off imagery is also evaluated (see Tang et al. (2026b)). The
375 selected area is Larsen B Ice Shelf, which contains multiple types of surface damage. This area is not included in the datasets

used for training either the DiffGF framework or the image segmentation model.

The validation imagery is constructed from a Landsat 8 image acquired on 2021-12-21, to which an SLC-off mask extracted

from a Landsat 7 SLC-off image acquired on 2012-02-20 at the same location is applied, thereby generating simulated SLC-

off imagery with ground-truth reference. DiffGF is then used to restore the simulated SLC-off imagery, and the image
380 segmentation model is applied to the restored imagery for surface damage extraction. The results are shown in Figs. 9, S3

and S4. The image quality evaluation between the restored imagery and the ground-truth imagery is shown in Table 4. The

comparison between the segmentation result from the restored imagery and that from the ground-truth imagery is shown in

Table 5.

The evaluation results indicate that DiffGF achieves good restoration performance on Landsat 7 SLC-off imagery, and that

385 the surface damage segmentation result obtained from the restored imagery (Fig. 9e) is close to that from the ground-truth
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imagery (Fig. 9d). This suggests that restored Landsat 7 SLC-off imagery can serve as a reliable data source for surface
damage mapping.

Table 4. Image quality metrics of the restored SLC-off test image (computed over the full image).

PSNR UlIQI SSIM CC RMSE LPIPS
35.070 0.994 0.966 0.994 0.018 0.060

Table 5. Segmentation evaluation of the restored SLC-off test image against the original complete image.

mloU OA Precision Recall F1
0.945 0.989 0. 969 0.929 0.948

(d) GT-based (e) DiffGF-based

Figure 9. SLC-off restoration performance for Larsen B Ice Shelf. (a) SLC-off image with red and yellow boxes indicating zoomed-
in regions shown in Figs. S3 and S4. (b) Ground truth (GT) image. (c) DiffGF-restored image. (d) Damage segmentation derived
from GT. (e) Damage segmentation derived from DiffGF restoration.

3.2.4 Uncertainty estimation

This dataset is subject to two main sources of uncertainty: errors introduced during the segmentation process and additional
uncertainty associated with damage mapping performed on DiffGF-restored Landsat 7 SLC-off imagery.
For the image segmentation model, uncertainty in damage mapping is quantified using uncertainty scaling factors derived

from the model performance evaluation metrics reported in Sects. 3.2.1 and 3.2.2. From Egs. (7) and (8), it follows that:

__ Precision

Nt‘rue ~ " Recall Npred (14)
Therefore, P;e::;‘lm is used as the uncertainty scaling factor A to derive uncertainty bounds for the mapped damage extent.

Based on the evaluation results for the test set and the independent ice shelf (Table 3), the minimum value 4,,;, = 0.971 and
the maximum value 4,,,,, = 1.059 are used to define the lower and upper uncertainty bounds, respectively.
For results generated from Landsat 7 SLC-off imagery restored by DiffGF, an additional source of uncertainty arises from

the restoration process itself. Given the generative nature of the diffusion model, subtle discrepancies between the restored
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imagery and ground-truth surface conditions can introduce additional uncertainty into the damage mapping results. Based on
the accuracy evaluation of the segmentation result from the restored imagery against that from the ground-truth imagery
(Table 5), the additional scaling factor associated with DiffGF restoration is Ap;ffgr = 1.044. To conservatively account for
this additional uncertainty, the upper uncertainty bound for results generated from DiffGF-restored imagery is further
adjusted to Ayqx X Apirrgr = 1.105, whereas the lower uncertainty bound remains unchanged so that the lower side of the
uncertainty range is not narrowed.

These bounds should be interpreted as map-level uncertainty estimates for the mapped damage extent rather than spatially
explicit pixel-wise error estimates. In addition to the uncertainty sources quantified above, the dataset is also subject to
uncertainties that are more difficult to characterize. As described in Sects. 2.4.1 and 2.5.2, the final damage maps are
generated through a process that involves manual judgement and can also be affected by imagery acquisition conditions
across years. To further assess the temporal reliability of the dataset, a multi-temporal consistency assessment is presented in

the following section.

3.2.5 Multi-temporal consistency of the dataset

The multi-temporal consistency assessment results of damage density for each ice shelf are shown in Tables 6 and 7. It
should be noted that, for Amery Ice Shelf, the assessment is conducted separately for the entire ice shelf (full) and for the
frontal region within approximately 240 km of the ice front (front). See Sect. 5 for details.

As shown in Table 6, the multi-temporal consistency of damage density in the surface damage maps is generally good for all
ice shelves, with median 7; values ranging from 0.75 to 0.90, median p, values ranging from 0.80 to 0.95, and median
RMSE values ranging from 0.04 to 0.17. Among these ice shelves, Pine Island and Thwaites ice shelves exhibit the most
pronounced surface damage change over the time span of the dataset, and they also have the highest RMSE values.
Compared with the results in Table 7 without Lagrangian correction based on ice velocity, the consistency metrics improve
for most ice shelves after correction, as reflected by increases in 73 and p. and decreases in RMSE. The improvement is most
pronounced for Amery (front), Brunt and Crosson ice shelves.

For Dotson Ice Shelf, ry decreases slightly after the Lagrangian correction is applied, indicating a small reduction in the rank-
order consistency of damage density values across grid cells between adjacent maps. This is mainly due to the ice flow
direction near the boundary between Dotson and Crosson ice shelves (Fig. S11), where ice flows towards Crosson Ice Shelf,
causing some pixels to advect beyond the original ice shelf extent after correction and thus affecting this rank-based
correlation metric. In addition, ice flow on Dotson Ice Shelf is relatively slow, and the damage density maps already exhibit
high temporal consistency without correction. Therefore, after correction, the exclusion of pixels near the boundary leads to
a slight decrease in 7. Apart from this special case, no similar phenomenon is observed for the other ice shelves.

Overall, the dataset shows good multi-temporal consistency across temporally adjacent pairs. The improvement in

consistency metrics after applying the Lagrangian correction further indicates that the temporal variations captured in the
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dataset are physically consistent with ice advection, rather than arising from mapping errors. This multi-temporal
consistency assessment therefore supports the reliability of the dataset for subsequent temporal analysis.

440 Table 6. Multi-temporal consistency metrics for time-series ice shelf surface damage density after applying ice-velocity-based
Lagrangian correction.

Ice Shelf median of 75 median of p, median of RMSE
Amery(full) 0.756 0.807 0.072
Amery(front) 0.812 0.845 0.040
Brunt 0.816 0.917 0.068
Crosson 0.884 0.913 0.074
Dotson 0.778 0.858 0.039
Holmes 0.872 0.875 0.088
Larsen B 0.887 0.950 0.091
Pine Island 0.900 0.929 0.129
Thwaites 0.846 0.862 0.173
Totten 0.893 0.860 0.067

Table 7. Multi-temporal consistency metrics for time-series ice shelf surface damage density without applying Lagrangian
correction.

Ice Shelf median of 75 median of p, median of RMSE
Amery(full) 0.680 0.723 0.094
Amery(front) 0.639 0.529 0.084
Brunt 0.626 0.812 0.112
Crosson 0.669 0.752 0.140
Dotson 0.810 0.824 0.048
Holmes 0.776 0.834 0.119
Larsen B 0.850 0.920 0.109
Pine Island 0.879 0.909 0.155
Thwaites 0.751 0.798 0.214
Totten 0.804 0.702 0.107

445  3.2.6 Comparison with existing approaches

The dataset is also compared with other existing approaches. Among the publicly available surface damage detection
algorithms, only NeRD (Izeboud and Lhermitte, 2023; Izeboud et al., 2025) is applicable to the data source used in this

study, and is therefore selected for comparison by processing the same optical imagery. In addition, the 100 m resolution
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surface damage map of Antarctic ice shelves derived from Sentinel-1 SAR images for June 2021 by (Surawy-Stepney et al.,
2023b) using a deep-learning method is also selected for comparison.

Landsat 8 optical images of Thwaites (2020-11-21) and Crosson (2020-12-12) ice shelves are selected for comparison, as
they contain multiple types of surface damage features and provide a comprehensive illustration of the differences among
methods and products (Fig. 10). None of the selected imagery is used in the training of the image segmentation model.

For the NeRD method, the official implementation provided by (Izeboud and Lhermitte, 2023) is used. A window size of 5
pixels is selected for this comparison, yielding an output spatial resolution of 150 m. Given the differing spatial resolutions
across products, only qualitative comparison is performed. Our results are generally consistent with those of NeRD, showing
good agreement in both the extraction of linear damage and heavily fractured areas. Furthermore, because the training
dataset includes samples of features that resemble surface damage, such as edges associated with bare rock and local
topography, our model successfully distinguishes true damage from structurally similar non-damage features (Fig. 10). Our
model also correctly excludes small fractured icebergs that are falsely identified as surface damage in the other two results.
In addition, the inference speed of our deep-learning model is substantially faster than that of the image-processing-based
NeRD method. For the Thwaites Ice Shelf image shown in Fig. 10a (3,584 x 3,584 pixels, covering approximately 107 km X
107 km), our approach requires 22 seconds for inference, whereas NeRD requires approximately 40 minutes on the same
device, representing a speedup of over 100x.

Compared with the SAR-derived surface damage map for June 2021, our results show better agreement with the SAR-based
product over Thwaites Ice Shelf than over Crosson. In areas landward of the grounding line, snow-covered damage that is
difficult to detect in optical imagery can be identified by SAR data owing to its penetration capability (Fig. 10d). On Crosson
Ice Shelf, our method is able to identify dense linear crevasses that are absent from the SAR-based product (Fig.10f),
primarily because these features are more clearly characterized in optical imagery. Similar to the NeRD results, the SAR-
based product also misidentifies some edge features associated with bare rock and local topography as damage (Fig. 10h).
Such misclassification may be related to the training strategy of Surawy-Stepney et al. (2023b), where the model was
initially trained on manually annotated calving fronts and may therefore be more sensitive to linear features. The limited
spectral information available from single-band SAR data may further increase the difficulty in distinguishing surface
damage from edge features with similar backscatter responses. Nevertheless, such misclassification can be mitigated through
post-processing using a bare rock dataset and an ice shelf extent mask.

Overall, our results show high consistency with those of NeRD (Izeboud and Lhermitte, 2023) when using the same optical
data source, while providing higher spatial resolution and substantially improved computational efficiency. Compared with
the SAR-based results of Surawy-Stepney et al. (2023b), our results show good agreement for damage features visible in
both data sources, and also provide higher spatial resolution. Compared with existing approaches, the deep-learning-based
method used in this study achieves good extraction performance with high computational efficiency, making it well suited to
large-area, long-term dataset production. In addition, the use of Landsat RGB imagery in this study enables richer spectral

characterization of surface damage and makes it possible to extend the time-series mapping back to 1999.
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Figure 10. Comparison of the generated dataset with existing approaches. (a) and (e) show optical images of Thwaites Ice Shelf
and Crosson Ice Shelf, respectively. (b) and (f) show the results of this dataset. (c) and (g) show the results generated by NeRD
(Izeboud and Lhermitte, 2023). (d) and (h) show the released SAR-based map for June 2021 (Surawy-Stepney et al., 2023b). The
results of this dataset are displayed as binary values of 0 and 1, whereas the NeRD and SAR-based results for June 2021 are
displayed in the range [0,1] with standard deviation stretch applied to enhance visual clarity.

3.3 Time-series characteristics of surface damage

To characterize the temporal variation in surface damage development for each ice shelf over the study period, surface
damage area and surface damage fraction are calculated for each map. The formula for calculating damage fraction is as

follows:

. damage area
damage fraction = ———9° 2%

(15)

where ice shelf area is the area of the manually delineated ice shelf extent for the corresponding period. Readers may also

ice shelf area

calculate the corresponding damage fraction using their own customized ice shelf extent.

The temporal variations of surface damage fraction and area are shown in Fig. 11, with shaded regions indicating the
uncertainty bounds estimated in Sect. 3.2.4. For the damage fraction, uncertainty in the ice shelf area was not included in
these shaded bounds. Overall, the nine ice shelves can be broadly grouped into two categories based on the magnitude of
temporal change in surface damage. The first category includes Pine Island, Thwaites and Larsen B ice shelves, which show

relatively large changes in surface damage fraction during the study period (Figs. 11a and 12—14). The remaining ice shelves
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fall into the second category, where surface damage shows less pronounced temporal change during this period (Figs. 15, S7
and S9-S13).

Among the ice shelves with more pronounced surface damage change, Pine Island (Fig. 12) and Larsen B (Fig. 14) show
clear development of new damage, with the ice shelf surface becoming progressively more damaged along the main ice flow
direction and in shear margin areas. These patterns are consistent with the documented accelerated flow and instability of
these ice shelves (Lhermitte et al., 2020; Joughin et al., 2021; Qiao et al., 2020; Ochwat et al., 2024). Thwaites also shows
pronounced changes (Fig. 13). Thwaites West Ice Tongue (TWIT) undergoes intense fragmentation and disintegration
during the study period, whereas surface damage continues to increase on Thwaites East Ice Shelf (TEIS). These changes are
in line with the reported structural weakening of Thwaites Ice Shelf (Benn et al., 2022; Wang et al., 2025). For further
analysis of Thwaites, readers are advised to use the full-ROI damage maps, which have a larger effective data domain, for
customized analysis.

Among the ice shelves with less pronounced surface damage change, the results still capture the evolution of surface damage
and changes associated with calving. These characteristics are reflected in the mapped spatial distribution of damage and the
temporal variations (e.g., Amery Ice Shelf, Figs. S7 and S9, and Holmes Ice Shelf, Fig. S12). Brunt Ice Shelf has a larger
overall area than other ice shelves in this dataset, so even though calving events occur during the study period, the resulting
changes in damage fraction and area are relatively modest. Nevertheless, the results capture increased damage within the
shear margin areas and clearly reflect the morphology of rifts prior to calving (Fig. 15).

These example analyses demonstrate that this dataset can characterize the temporal evolution of surface damage on ice

shelves and the details of specific change events, thereby contributing to the understanding of ice shelf dynamics.
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Figure 11. Temporal variations in damage fraction (a) and damage area (b) for the ice shelves in the dataset during 1999-2024.
Colour-vision-deficiency-friendly versions of this figure are provided in Figs. S5 and Sé6.

22



https://doi.org/10.5194/essd-2026-414

Preprint. Discussion started: 29 June 2026

(© Author(s) 2026. CC BY 4.0 License.

Earth System
Science

Data

Open Access

B Damage — Ice-shelf outine — Main ice flow direction

Shear margin

suoIssnoasiq

525 Figure 12. Representative surface damage maps of Pine Island Ice Shelf for (a) 2000, (b) 2004, (c) 2007, (d) 2011, (e) 2014, (f) 2017,
(g) 2020 and (h) 2024. The location of Pine Island Ice Shelf in Antarctica is shown in (a).
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Figure 13. Representative surface damage maps of Thwaites Ice Shelf for (a) 1999, (b) 2003, (c) 2007, (d) 2011, (e) 2015, (f) 2018,

(g) 2020 and (h) 2024. The location of Thwaites Ice Shelf in Antarctica is shown in (a).
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530 B Damage — Ice-shelf outline — Main ice flow direction Shear margin

Figure 14. Representative surface damage maps of Larsen B Ice Shelf for (a) 2004, (b) 2007, (c) 2010, (d) 2014, (e) 2017, () 2020,
(g) 2022 and (h) 2024. The location of Larsen B Ice Shelf in Antarctica is shown in (a).

B Damage — Ice-shelf outline — Main ice flow direction Shear margin

Figure 15. Representative surface damage maps of Brunt Ice Shelf for (a) 2000, (b) 2008, (c) 2013, (d) 2015, (e) 2017, (f) 2020, (g)
535 2022 and (h) 2024. The location of Brunt Ice Shelf in Antarctica is shown in (a).
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4 Usage notes

In the released dataset, each ice shelf is stored in a separate folder, and within each folder a subfolder is provided for each
available year. An example path is:

[Ice Shelf Name]/[YYYY]

Each yearly subfolder stores the surface damage maps for the corresponding ice shelf and year. According to the two product
types defined in Sect. 2.4.2, each yearly subfolder contains two types of product files.

The first type of product file is named:

[Sensor] [Ice Shelf Name] [YYYY]( slc_off DiffGF) damage map.tif

The second type of product file is named:

[Sensor] [Ice Shelf Name] [YYYY]( slc off DiffGF) damage.tif

In the [Sensor] field, ‘LE07’, ‘LCO08” and ‘LC09’ indicate that the result is derived from Landsat 7, Landsat 8 and Landsat 9
imagery, respectively. If the filename contains more than one [Sensor] value, this indicates that the result was derived from
imagery acquired by more than one satellite. If the filename contains ‘ slc_off DiffGF’, this indicates that the corresponding
data source is DiffGF-restored Landsat 7 SLC-off imagery.

All GeoTIFF files are internally compressed using LZW compression and stored as single-band unsigned 8-bit integer
(UInt8) raster files at 30 m spatial resolution in the WGS 84 / Antarctic Polar Stereographic projection (EPSG:3031). The
first type includes only the results within the effective ice shelf extent, where 0 indicates background, 1 indicates damage,
and areas outside the effective extent are set to NoData (255). The second type includes results for the full ROI, where 0
indicates background and 255 indicates damage, without applying the effective extent constraint.

As described in Sect. 2.4.2, the second type of product requires additional manual checking against the corresponding source
imagery before use.

In addition, the root folder includes a metadata.ods file recording the acquisition dates of the imagery used to generate the

results. The ROIs used for imagery download are provided as GeoPackage files.

5 Discussion

This dataset provides a high-resolution long-term record of surface damage mapping for ice shelves since 1999 and offers
new insights into Antarctic ice shelf stability. Compared with products at the 1 km scale that identify whether damage
signals are present within each pixel (Izeboud et al., 2025), this dataset has a higher spatial resolution of 30 m, enabling
better preservation of the morphological characteristics of damage features. At 1 km resolution, surface damage is
significantly aggregated and finer damage features remain undetected, which may obscure the early-stage damage
development. Our dataset therefore supports more detailed temporal analysis of damage evolution at finer spatial scales.
Previous studies have shown that incorporating damage evolution into numerical ice flow models can substantially enhance

ice flow acceleration and mass loss, but large uncertainties remain in the associated parameters (Ranganathan et al., 2025).
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The high-resolution time-series surface damage maps provided by this dataset document the spatial distribution and temporal
evolution of observable surface damage, and can be used to improve the damage representation and parameterization in
numerical models that incorporate damage mechanisms.

To generate observations over a long time span with high temporal continuity, Landsat optical imagery is used as the data
source in this study for the period 1999-2024 considering public availability, spatial resolution and temporal consistency.
The availability of optical imagery is limited by cloud cover, and usable imagery can only be acquired during the austral
summer in Antarctica. As surface damage generally evolves gradually over annual time scales, this is not considered a major
limitation because this study is dedicated to characterizing long-term damage evolution. Optical imagery acquired at
different times varies in imaging conditions such as illumination angle. For ice shelf areas, the overall influence on damage
mapping is relatively limited. However, for grounded ice areas, where surface damage is generally shallower, damage
extraction is more easily affected by these variations. These areas are not included in the first type of product, and results
from the second type of product (full-ROI) in such regions should therefore be interpreted with caution.

Although the 30 m resolution of Landsat imagery is relatively high among openly available multi-decadal Earth observation
datasets, it remains challenging at this scale to distinguish densely distributed damage features individually. This
phenomenon is especially pronounced in regions such as the Pine Island ice tongue, where continuous and densely clustered
surface damage often appears in Landsat imagery as contiguous rough-textured areas (Fig. 12). As shown in Fig. S14,
airborne high-resolution images (Operation IceBridge CAMBOT L1B Geolocated Images, 10 cm resolution; Studinger and
Harbeck, 2019), together with triangulated irregular network (TIN) examples derived from airborne altimetry data
(Operation IceBridge ATM L1B Elevation and Return Strength; Studinger, 2013), indicate that such contiguous areas in
Landsat imagery correspond to actual linear damage features and surface depressions. On this basis, for densely clustered
damage features that cannot be reliably separated from each other at 30 m resolution, this study adopts a connected-region
annotation strategy (Fig. 5h). In addition, different types of surface damage are not distinguished in this dataset, and surface
expressions caused by basal crevasses may also be included in the maps. As a result, more detailed differentiation of damage
types requires evidence from other data sources. Future work could further develop classification mapping of damage types.
Among the ice shelves included in the dataset, Amery Ice Shelf is strongly affected by surface meltwater, especially in the
area near the southern grounding line, where both seasonal and interannual variations in surface meltwater and stream
networks (Surawy-Stepney et al., 2023b; Spergel et al., 2021) can interfere with damage extraction (Fig. S7 and S8). This
also contributes to the apparent increase in damage area for Amery Ice Shelf during 2003—2007 (Fig. 11b). A subregional
product covering the frontal ~240 km of the ice shelf (Amery front) is therefore also released, and it shows a more stable
representation of damage evolution near the calving front (Fig. S9 and Tables 6 and 7). No similar influence is evident for
the other ice shelves included in the dataset.

The generation of this dataset relies on cloud-free optical imagery and, for many results, requires manual merging of

predictions from multiple scenes to obtain damage maps with complete ROI coverage. Consequently, the current dataset is
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limited to nine representative ice shelves. In the future, the processing workflow developed in this study can be applied to

other Antarctic ice shelves to achieve Antarctic-wide, long-term mapping of surface damage on ice shelves.

6 Code and data availability

The code used in this study, including the Google Earth Engine scripts for Landsat image acquisition, the surface damage
mapping inference code, and the scripts for generating the temporal variation analysis shown in Fig. 11, is available at
https://github.com/tly-code/surface-damage-seg. The code for the DiffGF framework is available at https://github.com/tly-
code/DiffGF. The surface damage dataset generated in this study is available from Zenodo at
https://doi.org/10.5281/zenodo.20425951 (Tang et al., 2026a, v1).

7 Conclusions

This study produces a long-term surface damage dataset for nine representative Antarctic ice shelves based on Landsat
optical imagery for the period 1999-2024. The dataset contains 170 maps at a spatial resolution of 30 m. During dataset
generation, a deep-learning image segmentation model is used for automatic extraction of surface damage. For Landsat 7
SLC-off imagery used during 2003-2013, pre-processing is carried out using a diffusion-model-based non-reference
restoration framework.

Validation results from the test set and an independent ice shelf indicate that the image segmentation model used in this
study has good performance in extracting surface damage. Validation of Landsat 7 SLC-off imagery restored by DiffGF
shows that it can serve as a reliable data source for mapping in this dataset. Qualitative comparison with the NeRD method
(Izeboud and Lhermitte, 2023) and a SAR-based product (Surawy-Stepney et al., 2023b) shows that the results of this dataset
are generally consistent with existing approaches, while providing higher spatial resolution and temporal continuity
compared to currently available long-term products.

The dataset shows that, among the nine ice shelves studied, Pine Island, Thwaites and Larsen B ice shelves experience the
most pronounced changes in surface damage during 1999-2024. Surface damage on Pine Island and Larsen B ice shelves
continues to increase, while Thwaites Ice Shelf shows both significant disintegration processes and surface damage evolution
over the same period. Brunt Ice Shelf also shows increased damage in the shear margin areas, whereas the remaining ice
shelves remain relatively stable during the study period. The dataset and results presented in this study offer new insights
into the temporal evolution of surface damage on Antarctic ice shelves and can help improve current understanding of

Antarctic Ice Sheet instability.
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