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Abstract. The measurement of ice thickness is of great importance for the accurate estimation of glacier volume and the de-

lineation of their bedrock topography. In particular, this is a crucial factor in forecasting the future evolution of glaciers in

the context of a changing climate. In order to derive the ice thickness, the travel time of electromagnetic waves in radargrams

acquired by radio-echo sounding (RES) systems is analyzed. This can only be achieved by identifying the ice surface and

underlying ice bottom in corresponding radargrams. Manually identifying these two reflection horizons in RES data is a labo-5

rious and time-consuming process. Consequently, scientists are attempting to automate this task through the use of techniques

such as deep learning. Such automation can significantly reduce the time between a field campaign and the calculation of the

glacier’s ice thickness distribution. In this paper, we present the first benchmark dataset for delineating the ice surface and bot-

tom boundaries in RES data, to facilitate standardized comparisons of deep learning models in the future. The “IceAnatomy”

dataset comprises radargrams and the corresponding manual picks, amounting to a total of over 45,000 km of observations.10

The RES data originates from three sources: FAU, CReSIS, and AWI. The dataset comprises different RES systems as well

as different pre-processing methods. In addition, the data was acquired over a large range of geographical and glaciological

settings, featuring different thermal regimes present in Antarctica and the Southern Patagonian Icefield. This diversity ensures

that the models’ behaviors can be analyzed in different scenarios. We define a standardized train-test split for each source in

the dataset. This allows us to introduce not only a baseline model trained on the entire training set (the “omni” model), but15

also three source-specific baseline models. The source-specific models are trained exclusively on the subset of the training data

acquired by the specified source. The baseline models provide an initial benchmark against which subsequent models can be

compared. The source-specific models demonstrate more accurate results than the omni model. For the FAU, CReSIS, and

AWI test sets, the source-specific models achieve Mean Meter Errors of 2.1m, 23.1m, and 4.9m for the ice surface and 9.1m,

78.2m, and 29.3m for the ice bottom. In relation to the mean measured ice thickness of the test set, these errors equate to20

1.2%, 3.1%, and 0.3% for the ice surface and 4.9%, 10.4%, and 1.5% for the ice bottom. The dataset and implementation are

available at https://zenodo.org/records/14036897 (Dreier et al., 2024) and https://doi.org/10.5281/zenodo.14038570 (Dreier,

2024).
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1 Introduction

Glaciers and ice shelves are key indicators of global climate (Haeberli et al., 2007; IPCC, 2013). Knowing their volume and25

ice thickness distribution is crucial for assessing future cryospheric contributions to sea level rise. Moreover, data on the ice

volume of glaciers and ice sheets is necessary for understanding their response to climate change. Ice thickness measurements

enable the subsequent prediction of the rate and timing of glacier retreat or disappearance using different types of models.

This enables the assessment of a glacier’s contribution to regional hydrological cycles and its subsequent influence on local to

regional scales with associated socioeconomic impacts. (Werder et al., 2020; Ayala et al., 2020; Farinotti et al., 2017). Several30

techniques to determine ice thickness exist, including seismic, gravitational, and magnetic methods, as well as radio-echo

sounding (RES) (Bogorodsky et al., 2012; Kohler et al., 1997). While satellite gravimetry allows for a resolution in the range

of kilometers, its spatial resolution does not allow for the interpretation of detailed subglacial features (Willen et al., 2024).

Seismic measurements offer a high resolution, but widespread use in the Antarctic region is limited by high exploration costs

or logistical unfeasibility (An et al., 2023). For this reason, RES is preferred over other methods when an accurate assessment35

of a subglacial topography is of interest. After pre-processing the RES data, we obtain an image commonly referred to as a

radargram. It depicts the cross-section of the glacier along the flight path. Experts can then interpret the RES data by delineating

the reflections of surfaces or internal glacial structures. Delineating the ice boundary, defined by the ice surface (air to ice

transition) and the ice bottom (ice to ground/water transition), is necessary to obtain the glacier’s thickness at each point in

the radargram. However, it is a time-intensive task, especially with large datasets (Sime et al., 2011). Several automated and40

semi-automated approaches to delineate the layers have been developed (Fahnestock et al., 2001; Gifford et al., 2010; Freeman

et al., 2010; Rahnemoonfar et al., 2017a, b; Kamangir et al., 2018; Rahnemoonfar et al., 2019; Cai et al., 2020, 2022; Liu-

Schiaffini et al., 2022b; Moqadam and Eisen, 2024; Moqadam et al., 2024; Jebeli et al., 2023b). However, these approaches

are not comparable as they have been evaluated on different datasets or a different train-test split of the same dataset. In this

paper, we present a publicly available, standardized benchmark dataset for ice thickness extraction. It is the first of its kind45

to be directly designed for deep learning approaches, with a pre-defined train-test split, human-annotated labels, and different

recording systems. It comprises radargrams from Antarctica and Patagonia with polythermal, cold-based, or temperate thermal

regimes. The dataset is intended for supervised training and evaluation of deep learning models. Therefore, the dataset includes

depth labels for both the ice bottom and ice surface layer. Together with the dataset, we present a baseline model that delineates

the ice boundary in a given radargram. The model is based on the U-Net architecture (Ronneberger et al., 2015) and serves as a50

reference and a starting point for future improvements. We envision further development of this method in two main directions.

First, once trained, our algorithm can be executed on virtually any modern laptop in the field. Combined with a pre-processing

chain tailored to our approach, this allows for near real-time analysis of acquired data on-site. Since flight hours are costly and

often limited by weather conditions, optimizing their use is crucial. If data can be processed in the field—e.g., between two

flights—flight plans could be dynamically adjusted to focus on areas of high interest within the same campaign. Second, and55

perhaps more importantly, the presented method can be further developed to handle more specialized tasks, such as delineating

intraglacial water channel systems or identifying water tables within existing datasets. This would represent a step toward
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a comprehensive, quantitative, and standardized approach for interpreting radargrams, ultimately leading to fully automated

products that could signi�cantly bene�t the cryospheric research community. In particular, the automated mapping of internal

re�ection layers remains a critical knowledge gap – one that deep learning is well – positioned to address (Moqadam and Eisen,60

2024).

In summary, our contributions are as follows:

1. A novel benchmark dataset IceAnatomy for deep learning-based extraction of ice boundary from RES data is created.

2. A baseline deep learning model for the automatic delineation of the ice bottom and the ice surface is proposed.

3. A thorough evaluation of individual models and an omni-model is conducted on the dataset.65

The work is structured as follows: Section 2 provides an overview of datasets and algorithms previously used for automatic

ice boundary extraction. Subsequently, Sect. 3 gives insight into the recording and processing of the dataset as well as relevant

geographical and glaciological factors of the study sites. The baseline models are introduced in Sect. 4. An extensive evalu-

ation of the baseline models and the benchmark dataset is presented in Sect. 5. Lastly, we summarize our research and draw

conclusions in Sect. 6.70

2 Related Works

Over the past decades, RES has been widely used in glaciology. A multitude of publications cover the extraction of ice boundary

layers from RES data. In this section, we highlight related RES datasets and layer extraction approaches.

2.1 Datasets

Numerous RES datasets on glaciers and ice sheets are publicly available. However, a large portion of the associated ice bottom75

labels are inaccurate, generated automatically, unavailable, lack the necessary transparency in their creation, or do not have

associated radargrams (Young et al., 2021; Blankenship et al., 2018; CReSIS; Dong et al., 2022; Corr, 2020; Corr et al., 2020).

This makes them unsuitable for training or evaluating deep learning approaches, as they require human-annotated data. Hence,

we focus our comparison on datasets that have been used to extract the ice boundary in previously published work and for

which both radargrams and human-annotated labels are publicly available. These constraints signi�cantly limit the number of80

related datasets.

The one RES system that has been used extensively to collect such data is the Multichannel Coherent Radar Depth Sounder

versions 1-5 (MCoRDS) (Allen et al., 2012a), which was used, for example, in NASA's Operation IceBridge (OIB) program

on a McDonnell Douglas DC-8-72 jetliner (Shi et al., 2010a). The data acquired over Antarctica in 2009 are the most widely

used (Crandall et al., 2012; Lee et al., 2014; Rahnemoonfar et al., 2017a, b; Berger et al., 2018; Kamangir et al., 2018).85

However, also data from different years (Kamangir et al., 2018; Mitchell et al., 2013; Cai et al., 2020; García et al., 2021a, b;

Cai et al., 2022, 2019; Ghosh and Bovolo, 2022; García et al., 2023; Donini et al., 2022; Ilisei and Bruzzone, 2014, 2015)
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and other locations like Greenland (Donini et al., 2022) and the Canadian Arctic Archipelago (Xu et al., 2017, 2018) were

analyzed.

Only very few publications included data from RES systems other than MCoRDS. Gifford et al. (2010) extracted the ice90

boundary from data acquired by a predecessor RES system (Lohoefener, 2006) during 2006 and 2007 in Greenland. Dong

et al. (2022) featured data from the Chinese Academy of Sciences' Deep Ice Radar acquired during the 29th Chinese Antarctic

Scienti�c Expedition. Lastly, Liu-Schiaf�ni et al. (2022a) used algorithm-assisted human-labeled data acquired in the Cana-

dian Arctic and Antarctica by the University of Texas Institute for Geophysics' high-capability radar sounder (HiCARS). A

major downside of these datasets is that they do not provide standardized training and evaluation splits, making inter-model95

comparison challenging. Furthermore, datasets usually only focus on a single area, e. g., Greenland or Antarctica, which makes

generalization to other areas or glaciological settings dif�cult to verify. IceAnatomy addresses this issue by including data from

multiple study sites, radar systems, and glaciological settings. It also provides standardized splits for training and evaluation to

allow for an accurate and fair comparison between models. In conclusion, to the best of our knowledge, there is no comparable

benchmark dataset for ice boundary extraction from radio-echo-sounding data.100

2.2 Algorithms

RES has been employed to detect crevasses (Liu et al., 2020; Walker and Ray, 2019; Williams et al., 2012, 2014), the ice

boundary (Crandall et al., 2012; Lee et al., 2014; Rahnemoonfar et al., 2017a, b; Berger et al., 2018; Kamangir et al., 2018;

Mitchell et al., 2013; Xu et al., 2017, 2018; Cai et al., 2022; Gifford et al., 2010; Dong et al., 2022; Liu-Schiaf�ni et al., 2022a),

to segment subsurface structures (Cai et al., 2020, 2019; García et al., 2021a, b; Ghosh and Bovolo, 2022; García et al., 2023;105

Donini et al., 2022; Ilisei and Bruzzone, 2014, 2015), and to track internal ice and snow layers (Crandall et al., 2012; Karlsson

et al., 2013; Ibikunle et al., 2020; Rahnemoonfar et al., 2021; Varshney et al., 2020, 2021; Yari et al., 2019, 2020; Dong et al.,

2022; Moqadam and Eisen, 2024).

To obtain the ice boundary, one can either directly delineate the ice surface and bottom or �rst segment different regions such

as ice, bedrock, and air and then extract the two layers during post-processing. Most existing studies (Crandall et al., 2012;110

Lee et al., 2014; Rahnemoonfar et al., 2017a, b; Berger et al., 2018; Kamangir et al., 2018; Mitchell et al., 2013; Xu et al.,

2017, 2018; Cai et al., 2022; Gifford et al., 2010; Dong et al., 2022; Liu-Schiaf�ni et al., 2022a) prefer direct extraction. Fewer

studies (Cai et al., 2020, 2019; García et al., 2021a, b; Ghosh and Bovolo, 2022; García et al., 2023; Donini et al., 2022; Ilisei

and Bruzzone, 2014, 2015) use the segmentation approach. The segmentation approach assigns a semantic class to each pixel

in the radargram, from which the ice boundaries can be derived directly or after post-processing.115

In terms of methodology, early studies mainly used classical image processing and machine learning techniques such as

Hidden Markov Models (Crandall et al., 2012; Berger et al., 2018), Markov-Chain Monte Carlo (Lee et al., 2014), contour

detection (Rahnemoonfar et al., 2017a), the level set approach (Rahnemoonfar et al., 2017b; Mitchell et al., 2013), Markov

Random Fields (Xu et al., 2017), edge-based and active contour methods (Gifford et al., 2010), Kullback-Leibler maps (Ilisei

and Bruzzone, 2014), and Support Vector Machines (Ilisei and Bruzzone, 2015). After 2017, studies turned to Convolutional120

Neural Networks (CNNs) (Kamangir et al., 2018; Cai et al., 2020, 2019; García et al., 2021a; Cai et al., 2022; Donini et al.,

4



2022; Dong et al., 2022; Liu-Schiaf�ni et al., 2022a; García et al., 2021b, 2023; Jebeli et al., 2023a, b; Matsuoka et al., 2021;

Moqadam et al., 2024), combinations of CNNs and Recurrent Neural Networks (RNNs) (Xu et al., 2018), and combinations

of CNNs and Transformers (Ghosh and Bovolo, 2022).

In comparison, we rely on the U-Net architecture from (Ronneberger et al., 2015) to evaluate our newly created dataset.125

Furthermore, we integrate Atrous Spatial Pyramid Pooling from (Chen et al., 2018) and the ResBlock design from (Esser et al.,

2020) to improve the performance.

3 Dataset

In this section, we introduce the benchmark dataset “IceAnatomy” which covers several different geolocations and was ac-

quired by multiple radar systems. We divide the dataset into three subsets based on the sources of the data: the AWI (Alfred130

Wegener Institute, Helmholtz Centre for Polar and Marine Research), CReSIS (The Center for Remote Sensing and Integrated

Systems), and FAU (Friedrich-Alexander-Universität Erlangen-Nürnberg, Institute of Geography) subsets. A summary of the

most important information about the dataset is given in Tab. 1.

Table 1.A summary of details about the IceAnatomy benchmark dataset (Lippl et al., 2019; Shi et al., 2010b; Rückamp and Blindow, 2012;

CReSIS, 2024a; Allen et al., 2012b; Steinhage, 2001, 2015).

Study Sites Depth-Reso. Width-Reso. Length Year Main Thermal

Regime

Labeled

Bottom %

James Ross Island 2:5ns pixel� 1 2m pixel� 1 275km 2017=18 Polythermal 82:5%

FAU Perito Moreno 2:5ns pixel� 1 2m pixel� 1 145km 2022 Temperate 83:1%

Viedma 2:5ns pixel� 1 2m pixel� 1 140km 2022 Temperate 46:2%

CReSIS Antarctic Peninsula 105ns pixel� 1 12m pixel� 1 20400km 2009 Polythermal 63:9%

West Antarctica 105ns pixel� 1 12� 30m pixel� 1 24400km 2009 Polythermal 78:9%

AWI Antarctic Peninsula 12ns pixel� 1 62m pixel� 1 1490km 2013 Polythermal 31:7%

East Antarctica 13:33ns pixel� 1 66� 79m pixel� 1 1015km 1997=99 Cold-based 73:7%

3.1 Study Sites

3.1.1 Southern Patagonian Ice�eld135

The Southern Patagonian Ice�eld (SPI) is the largest temperate ice body in the Southern Hemisphere. It is characterized by

one of the highest mass loss rates in the world (Zemp et al., 2019; Marzeion et al., 2018; Hugonnet et al., 2021) and by its

large outlet glaciers that drain into lakes or the ocean (Aniya, 1999). Two of the largest eastward-�owing outlet glaciers in the

region are the Perito Moreno and Viedma glaciers. The only way to obtain information over large areas about their bedrock

topography is by helicopter-borne RES measurements. This is particularly applicable to the lower parts of the glaciers, which140
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