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Abstract In some areas of Antarctica, blue-colored bare ice is exposed at the surface. These blue ice

areas (BIAs) can trap meteorites or old ice and are vital for understanding the climatic history. By combining
multi-sensor remote sensing data (MODIS, RADARSAT-2, and TanDEM-X) in a deep learning framework,
we map blue ice across the continent at 200-m resolution. We use a novel methodology for image segmentation
with “noisy” labels to learn an underlying “clean” pattern with a neural network. In total, BIAs cover ca.
140,000 km? (~1%) of Antarctica, of which nearly 50% located within 20 km of the grounding line. There, the
low albedo of blue ice enhances melt-water production and its mapping is crucial for mass balance studies that
determine the stability of the ice sheet. Moreover, the map provides input for fieldwork missions and can act as
constraint for other geophysical mapping efforts.

Plain Language Summary While most of the continent of Antarctica is covered by snow, in some
areas, ice is exposed at the surface, with a typical blue color. At lower elevations, blue ice enhances melt-water
production, which is important for studying the future of the ice sheet. Moreover, scientific teams frequently
visit blue ice areas (BIAs) as they act as traps for meteorites and very old ice. In this study, we map the extent
and the exact location of BIAs using various satellite observations. These diverse observations are efficiently
combined in an artificial intelligence algorithm. We develop the algorithm so that it can learn to map blue ice
even though existing training labels, which teach the algorithm what blue ice looks like, are imperfect. We
quantify that the new map scores better on various performance metrics compared to the current most-used blue
ice map. Moreover, for the first time, we estimate uncertainties of the detection of blue ice. The map indicates
that ca. 1% of the surface of Antarctica exposes blue ice and will be important for fieldwork missions and
understanding surface processes leading to melt and potential sea level rise.

1. Introduction

Antarctica's blue ice areas (BIAs) have an unparalleled potential to preserve extremely old ice and concentrate
meteorites on the surface, thereby acting as archives of the climate of the (distant) past (e.g., Lee et al., 2022;
Sinisalo & Moore, 2010; Yan et al., 2019) and offering access to otherwise inaccessible planetary material (e.g.,
Cassidy et al., 1992; Harvey, 2003; Tollenaar et al., 2022; Zekollari et al., 2019). BIAs also influence the future
of the Antarctic ice sheet, as BIAs at low elevations enhance melt-water production because of their low albedo
compared to snow that covers most of the continent (e.g., Bell et al., 2018). Eventually, this enhanced melt can
increase the mass loss of the Antarctic ice sheet and destabilize ice shelves which can lead to ice shelf collapse
(Bell et al., 2018; De Roda Husman et al., 2023; Van den Broeke et al., 2023). Hence, while BIAs cover only a
rather small surface of the ice sheet (ca. 1%), the areas are very frequently visited during fieldwork campaigns for
their immense scientific importance (e.g., Bintanja, 1999; Cassidy et al., 1992).

In BIAs, the net accumulation of snow is prevented by strong ablative processes such as sublimation, melt, or
abrasion. In some cases, the ablation of snow and ice at the surface leads to the exposure of meteorites that were
once embedded in the ice (Cassidy et al., 1992; Harvey, 2003). The negative surface mass balance in BIAs and
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the redirection of the ice flow toward the surface lead to the emergence of ice from deeper, hence older layers
(Sinisalo & Moore, 2010). This ice had been once formed upstream through compaction of snow under the
weight of accumulating snow and firn layers that can be up to ca. 120 m thick (Ligtenberg et al., 2011; Van
den Broeke, 2008). The transformation of snow into ice reduces the air content, resulting in more absorption of
light, especially in the red part of the spectrum, which explains the distinctive blue color of a thick layer of ice
(Bohren, 1983).

The blue color of exposed ice is clearly visible in satellite imagery. However, detecting BIAs at the continental scale
remains challenging because data coverage at high latitudes is sparse (>82.5°S, the typical limit of sun-synchronous
satellites) and spatial biases exist in the data caused by varying illumination conditions and atmospheric states (e.g.,
Bindschadler et al., 2008). Moreover, temporary snow cover on the ice can hinder the detection of BIAs in visual
imagery. Over the past decades, several efforts have been performed to detect BIAs using satellite observations
in the visual and shortwave infrared spectrum (e.g., Hu et al., 2022; Hui et al., 2014; Orheim & Lucchitta, 1990;
Winther et al., 2001). All of these studies use spectral properties to distinguish BIAs from other surfaces. A down-
side of these approaches is that the spectral properties are quantified using a limited amount of ground observations
and are assumed to be applicable over a larger area, ranging from observational scenes (Jawak et al., 2023; Orheim
& Lucchitta, 1990; Winther et al., 2001) to the entire continent (Hu et al., 2022; Hui et al., 2014). In these BIA
mapping efforts, temporary snow cover on blue ice cannot be distinguished from accumulation areas, which results
in snow cover variation being regarded as a variation of BIA extent (Hu et al., 2022; Orheim & Lucchitta, 1990).

In this study, we aim to detect areas that (generally) expose blue ice at the surface, uniformly across the continent
at 200-m resolution. To this end, we combine multiple observational data sets in a convolutional neural network
(CNN; LeCun et al., 2015). CNNs have found wide use in recent environmental science research (e.g., Reichstein
etal.,2019; Tuiaetal., 2021), including cryospheric sciences (e.g., Baumhoer et al., 2021; Van der Meer et al., 2023),
and are becoming one of the most used data science tools thanks to their performance, scalability, and inherent abil-
ity to model nonlinear processes (LeCun et al., 2015). To train the CNN, we use labels of Hui et al. (2014), which are
based on the thresholding of a normalized difference index of mono-temporal data of a single sensor for most of the
continent. These labels form the starting point for blue ice detection with multi-sensor data captured over 3 years,
where we rely on a machine learning approach that uses so-called “noisy” labels to learn an underlying “clean”
pattern. In the literature, it is demonstrated that deep neural networks first learn the underlying “clean” patterns of
“noisy” labels before eventually adapting to the particular errors of individual scenes during later training epochs
(Arpit et al., 2017; Han et al., 2018). To make blue ice well identifiable for the CNN and reduce the sensitivity to
sensor-specific or temporal-specific biases, we use complementary multi-sensor and multi-temporal satellite data.
We identify when the CNN has learned the “clean” pattern and starts to adjust to the “noise” with hand-labeled
validation data and we stop the training process accordingly. Finally, we generate a continent-wide BIA map with
corresponding uncertainty estimates and discuss the extent and location of BIAs across the continent.

2. Materials and Methods

As input for the CNN, we created an Antarctic-wide composite of Moderate Resolution Imaging Spectroradiom-
eter (MODIS) satellite observations in the visual, near infrared, and shortwave infrared part of the spectrum (i.e.,
the first seven bands; all details of the processing are provided in Text S1 in Supporting Information S1). MODIS
Terra passes approximately fifteen times per day over the polar area, and we generated 192 daily composites of
these observations covering January, February, and early March of 2008, 2009, and 2010 (for temporal alignment
with other data sets used in this study). In this process, we selected the median value per day of each pixel after
reprojecting the atmospherically corrected MODIS Terra 5-Min L2 swath data (Vermote, 2015, 2022) into a polar
stereographic projection (Snyder, 1987; Snyder & Voxland, 1989) and filtering out cloudy observations (Text
S1 in Supporting Information S1). Next, we combined all 192 daily composites into a multi-day, seven-band
composite (Figure S1 in Supporting Information S1) by taking the median value of each pixel for each band.
We visually assessed that the median value of the large number of observations filters the noise introduced by
imperfections in the cloud masking and temporary snow cover on blue ice. The seven-band composite of surface
reflectances is available at https://doi.org/10.5281/zenodo.8333864.

We complemented the seven-band composite of MODIS data with three additional data sets (Text S6 in Support-
ing Information S1): (a) The cloud-free, MODIS-based mosaic of surface morphology (MOA2009) (Haran
et al., 2021; Scambos et al., 2007) to provide additional data in areas where our MODIS composite is, for
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Table 1

Averaged Performance Metrics of Five Convolutional Neural Networks (in Percentage), With Indicated Standard Deviations

Region

Validation data Test data

McMurdo dry valleys Sg¢r Rondane Mts (W) Average Victoria land (W) Denman/Apfel glacier ~ Average

Precision (%): —— x 100%

TP +FP

- o
Sensitivity (%) o X 100%

TP

Fl1 (%) 2 = sensitivity  precision
" sensitivity + precision

F1 noisy outlines (%)

70+3 72+2 71+1 75+3 72+5 74 £ 1

VOEY SO 79 +2 61 +5 67 +3 64 +2

71+2 78 + 1 74 + 1 67 +3 69 + 2 68 + 1
56 64 60 65 50 57

Note. The F1 score of the noisy outlines is based on the “noisy” training labels compared to the “clean” hand labels. The extent and location of the regions are indicated
in Figure S3 in Supporting Information S1. TP, FP, and FN denote true positive, false positive, and false negative, respectively.

example, distorted by clouds that were not correctly masked out; (b) The RADARSAT-2 Antarctica mosaic
(Crevier et al., 2010; MacDonald, Dettwiler and Associates (MDA), 2014), a C-band radar signal that shows low
backscatter values co-located with blue ice. As C-band radar can penetrate several meters into snow (Jezek, 1999;
Wessel et al., 2021), these data allow, on the one hand, to detect blue ice in areas where snow patches hamper
the observation of blue ice that directly underlies these typically thin layers of snow (of up to 50 cm; Sinisalo &
Moore, 2010) in multi spectral data; on the other hand, C-band radar data is difficult to use or interpret without
complementary data; (c) Surface elevation data (TanDEM-X PolarDEM) (Dong et al., 2021; German Aerospace
Center (DLR), 2020; Wessel et al., 2021), as the occurrence of blue ice is strongly linked to the surface topogra-
phy (Takahashi et al., 1992). For example, BIAs are often located close to mountains protruding the ice (nuna-
taks), which can act as barriers to the ice flow upstream, redirecting the ice flow toward the surface (Sinisalo
& Moore, 2010). Nunataks can also prevent deposition of blowing snow on the lee-side of the mountain (e.g.,
Folco et al., 2002). Also, in areas where the surface slope increases, katabatic winds are enhanced, resulting in
the erosion of snow, and hence the exposure of ice (e.g., Markov et al., 2019). The surface topography may allow
the CNN to learn physical conditions for the presence of blue ice, making the algorithm less sensitive to particu-
lar confusing observations in the other data sets (e.g., temporary snow cover on increasing slopes typical for the
formation of blue ice (Takahashi et al., 1992) or blue-appearing surface lakes with a perfectly level surface). We
standardized all individual data sets so that the mean equals zero and the standard deviation equals one. Next, we
aligned all data on a 200-m resolution grid through bilinear interpolation.

We divided the continent into regions for training, validation, and testing (Figure S2 in Supporting Informa-
tion S1). Within each region, we created tiles of 512 by 512 pixels, corresponding to ca. 100 by 100 km. To train
the CNN, we used existing BIA outlines (provided in the Quantarctica data package, Matsuoka et al., 2021) that
were obtained by applying a threshold to a normalized difference index of two bands of Landsat data and MODIS
data to cover the center of the continent (Hui et al., 2014). Labels were created by considering the centers of the
pixels intersecting with the outlines (label one; BIA) or not (label zero; no BIA) and masking out areas such as
the ocean (Text S3 in Supporting Information S1). For validation and testing, in five distinct areas of 250 by
250 km, we manually outlined BIAs on the same high-resolution visual imagery as used by Hui et al. (2014) (i.e.,
Bindschadler et al., 2008), aided by auxiliary maps (Environmental Research & Assesment, 2015). Comparing
the hand labels to the outlines of Hui et al. (2014), we observed large patches looking like snow that appeared
to be included in the latter (Figure S3 in Supporting Information S1). We quantified the amount of “noise”
of the labels by comparing them with the “clean” hand labels and calculated a reference performance (“F1 noisy
outlines” in Table 1). In total, there are 1,062 training tiles (including shifted overlapping tiles, Figure S2 in
Supporting Information S1), 8 hand-labeled tiles overlapping with the training data (only used for estimating the
noise-eliminating property of the CNN), and 32 hand-labeled tiles, without any spatial overlap with the training
tiles, used for validation (18) and testing (14).

To predict the presence of blue ice, we employed the common U-Net neural network architecture (Ronneberger
et al.,, 2015) with the PyTorch library (see Text S4 in Supporting Information S1; Paszke et al., 2019;
Persson, 2021). We modified the input dimension to accommodate 10 input layers (MODIS composite (7), MOA
(1), RADARSAT-2 (1), DEM (1); Figure S6 in Supporting Information S1) and predict a single output layer with
the probability for the presence of blue ice at each pixel, where values of 0.5 and higher indicate blue ice. The
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CNN has several hyperparameters (e.g., learning rate, weight decay) that influence its performance, which we
optimized empirically through a random search (Text S4 in Supporting Information S1). During training, batches
of training tiles (batch size of 20) are passed through the CNN and its internal parameters are updated after each
batch to reduce the error between the predictions and the training labels. After all training tiles are passed through
the CNN once, an epoch is completed and the performance of the CNN is validated on hand-labeled validation
data (using the F1-score; Table 1). Training stopped when no improved average validation F1 score was obtained
during 20 epochs or after a maximum of 100 epochs (which was never reached). With our hardware setup contain-
ing an NVIDIA Quadro RTX 8000 GPU, a training session takes less than 2 hr.

Following this procedure, we trained five CNNs (with different random seeds but identical hyperparameters) on
the combined training and validation data to generate multiple BIA predictions. Moreover, we generated eight
different predictions for each of the five trained CNNs by changing the tiles' orientation through a flips and rota-
tions (i.e., test-time augmentation; Shanmugam et al., 2021). The tiles' predictions were combined into seamless
maps (Text S5 in Supporting Information S1). The final continent-wide BIA map is an average of the resulting
40 maps and the uncertainty estimates correspond to the standard deviations of the 40 values at each pixel. We
also converted the pixel-based map of BIAs to a collection of smooth polygons so that the map can be used at any
resolution (Text S5 in Supporting Information S1).

3. Results

Our BIA map (Figure 1) reveals that the total BIA extent is 139,700 km?, corresponding to 1.03% of the surface
of Antarctica (grounded ice, ice shelves, and islands; Mouginot et al., 2017). The quality of the map is quantified
by three performance metrics: precision, sensitivity (i.e., recall), and F1 score (equations and values in Table 1).
Precision indicates how many of the predicted BIA pixels are, in reality, also blue ice, and sensitivity indicates
how many pixels are identified correctly out of all true BIA pixels. The F1 score is the harmonic mean between
the precision and the sensitivity, accounting for the trade-off between the two metrics. We calculate the F1 score
by comparing the predictions of the CNNs to manually outlined BIAs in (a) regions used in the development of
the CNN (validation) and (b) regions that have never been seen before by the CNN (test). The performance of
the CNNss in test regions is similar to the performance in validation regions. The F1 score of the “noisy” outlines
is calculated by comparing the “noisy” labels to the manually outlined BIAs and acts as reference performance
(Table 1). The F1 score of our predictions outperforms this reference by +14% and +11% in the validation and
test areas, respectively. The manually outlined BIAs are based on the same imagery as the “noisy” labels from
Hui et al. (2014), avoiding potential biases toward our predictions that are not based on this imagery. Therefore,
the improved BIA detection can be attributed to our approach in which multiple observational data sets have been
combined through deep learning. The error-eliminating property of the CNNs is also confirmed by comparing the
CNNs' predictions in erroneously labeled areas used for training to hand labels. In these areas of disagreement,
we see that the CNNs still predict correctly (according to our hand labels) for 90.2 + 2.5% of the pixels.

Given that there are large differences between our BIA mapping and the existing single-sensor-based mapping,
we verify our predictions by calculating the spectral reflectance using Landsat and MODIS data. We define four
types of regions: two types of areas of agreement to define the typical spectral reflectance (i.e., spectral finger-
print) of “blue ice” and of “no blue ice,” and two types of areas of disagreement, to see if the spectral fingerprint
in these areas corresponds to blue ice or not (Figure 2a). We find that the spectral fingerprint of blue ice has
generally a lower reflectance, especially in the red part of the spectrum, confirming the blue appearance of ice.
As most areas where no blue ice is exposed correspond to snow-covered areas, the reflectance of the “no blue ice”
class is high and uniform over the visible part of the spectrum. Moreover, in the two types of areas of disagree-
ment, the spectral fingerprints resemble the spectral fingerprint of blue ice (“AOD type II”” in Figure 2) and of no
blue ice (“AOD type I”). This resemblance is reflected in the data used for the construction of our BIA map, as
well as in the data that are not used for constructing our BIA map (Figures 2b and 2c, respectively) and confirms
that the new BIA map correctly reduces false positives and false negatives in the previous mapping.

In total, we identify 6,644 BIAs with sizes varying from less than a square kilometer to hundreds of square
kilometers. A few (26) BIAs are larger than 1,000 km?, among which the renowned, large, interconnected BIA
near the Queen Fabiola/Yamato mountains of 4,000 km? (Yoshida, 2010), and the largest patch of ca. 8,000 km?,
consisting of interconnected BIAs upstream of the Amery ice shelf. Half of the blue ice is located near the conti-
nent's grounding line (<20.9 km; Li et al., 2015; Rignot et al., 2011, 2014, 2016). Inversely, 4.6% of the surface
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Figure 1. Blue ice area (BIA) map, with prediction values resulting from averaging predictions of 40 different BIA maps
obtained by five trained convolutional neural networks (see Section 2). Corresponding uncertainties are displayed in Figure
S11 in Supporting Information S1. Systematic patterns within the prediction values between 0 and 0.5 correspond to sloping
terrain.

around the grounding line (+20 km) exposes blue ice. BIAs that can act as traps for meteorites and/or old ice
are typically located at high elevations (>1,500 m), where surface melt does not occur (Harvey, 2003; Sinisalo
& Moore, 2010). Our map indicates that 18.2% of blue ice is located in areas higher than 1,500 m, implying that
less than 0.2% of the surface (25,400 km?) of Antarctica exposes high-elevation, potential meteorite-rich blue
ice. 33.6% of this high-elevation blue ice is located at higher latitudes (>82.5°S), where only limited observations
are available.

The uncertainty quantification of the BIA map (Figure S11 in Supporting Information S1) reflects the influence
of noise and biases in the individual data sets (e.g., penetration depth of radar, Figure S7 in Supporting Infor-
mation S1), spatial misalignment of the different data sets, absence of similar examples in the training data,
under- or overfitting of the neural network, and physical processes. Elevated uncertainties linked to physical
processes (Figure 3) include (a) more persistent temporary snow cover (Hu et al., 2022), (b) wind scouring (Das
et al., 2013; Scambos et al., 2012), (c) blue slush or surface lakes on snow or on blue ice (Dell et al., 2022), (d)
changing wind patterns (Takahashi et al., 1992), and (e) crevasses. Although a disentanglement of the different
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Figure 2. Spectral fingerprints. Median, and 25th and 75th quantiles of
spectral reflectances at 10,000 randomly selected points per type of area (e.g.,
area of agreement, blue ice). Bandwidths corresponding to blue, green, and
red are indicated in respective colors, near infrared is indicated in orange.
Histograms of values per band are provided in Figures S12 and S13 in
Supporting Information S1. (a) Definition of areas of agreement and areas
of disagreement between our outlines and the blue ice area outlines of Hui
et al. (2014). (b) Based on the generated MODIS composite (Section 2). (c)
Based on a set of processed Landsat scenes used for LIMA (Bindschadler
et al., 2008) and the outlines of Hui et al. (2014). In areas where scenes
overlap, we have taken the average values. Points south of 82.5°S, where no
Landsat data are available, are discarded.

one standard deviation to/from the prediction values to obtain a lower and
upper bound of 114,000 and 174,000 km?, respectively. The uncertainties
are most pronounced near the grounding line (<20 km, encompassing 49.3%
of blue ice extent), where predictions range from 79.4% to 128.1% of the
mean BIA extent in this region. In mountainous terrain (defined similarly to
aviation terminology as areas where, in a radius of nearly 19 km, elevation
differences of over 900 m are observed; European commission, 2016), where
33.3% of blue ice is located, predictions range from 85.9% to 118.6% of the
BIA extent. In higher latitudes (>82.5°S, where 14.5% of blue ice is located),
predictions range from 87.3% to 117.4%, and at high elevation (>1,500 m)
from 87.5% to 117.6%.

4. Discussion and Outlook

We present a new BIA map of Antarctica obtained by a CNN trained with
labels that are (clearly) incorrect in certain areas but have continent-wide
coverage. Despite these “noisy” training labels, the classes “blue ice” and “no
blue ice” are distinguishable for the CNN as we (a) combine data of different
satellites and (b) use a limited set of high-quality, manually outlined valida-
tion labels to stop training when the CNN starts to adapt to the errors of train-
ing labels. Using multiple CNNs, we constructed 40 BIA maps, of which the
average provides a continent-wide estimate of the presence of blue ice, and
the standard deviation the corresponding uncertainty. Performance metrics
show that the CNNs outperform the existing BIA outlines (Table 1). Moreo-
ver, an analysis of reflectance data in the visual, near infrared, and shortwave
infrared parts of the spectrum indicates that our new map correctly improves
continent-wide BIA estimates. Estimated uncertainties appear closely related
to physical phenomena, such as changing wind patterns and surface melt.

Compared to earlier estimates on the extent of blue ice, our estimate of
1.03% (0.83%—1.28% for plus-minus one standard deviation) is within the
independently estimated ranges of Winther et al. (2001) and Hu et al. (2022)
(both ~0.8% to ~1.6%). However, the estimate is considerably lower than the
currently only openly available and widely-used BIA map of Hui et al. (2014),
which indicates an area of 1.67%, or 1.71% when calculated identically to our
estimate, eliminating discrepancies introduced through resolution, rasteriz-
ing data, and the considered surface area. A spatial comparison indicates
that 20.9% of our BIA extent was previously not marked as BIA by Hui
et al. (2014), and that 52.4% of their blue ice is not classified as blue ice in
our map and could instead be considered as, for example, accumulation areas.

Our new outlines of BIAs are valuable input for estimating the mass balance
of the ice sheet and its changes over time (Bell et al., 2018). More specifi-
cally, in the grounding zone, BIAs enhance local-scale melt, given the typi-
cally low albedo of BIAs in combination with katabatic winds that warm
and mix the air when flowing downward over the sloping topography (Bell
et al., 2018; Lenaerts et al., 2016). In these regions, observations of surface

melt-water production are hampered by limited satellite observations and discrepancies across different sensors
are most pronounced over BIAs (Bell et al., 2018; De Roda Husman et al., 2023). Hence, the new BIA outlines
can act as constraints for modeling and observing melt-water production that can lead to the development of
(downstream) lakes, which in turn can eventually result in the collapse of ice shelves and hence an increase
in mass loss of the ice sheet (Bell et al., 2018; De Roda Husman et al., 2023; Liston & Winther, 2005; Van
den Broeke et al., 2023). Moreover, our BIA outlines can aid other geophysical mapping efforts, such as the
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Figure 3. Blue ice area (BIA) prediction values, estimated uncertainties, radar backscatter (Crevier et al., 2010; MacDonald,
Dettwiler and Associates (MDA), 2014), and Landsat satellite images (false color, Bindschadler et al., 2008) in selected
regions (indicated in italic titles). The Landsat satellite images have not been used as input for the convolutional neural
network (no data >82.5°S). Estimated BIAs are drawn as black outlines. (a) High uncertainties related to persistent snow
cover through which radar penetrates (e.g., Jezek, 1999), resulting in low backscatter values. (b) Elevated uncertainties
correspond to wind scouring zones (green outlines) that have been identified by Das et al. (2013) through an empirical
model that considers the surface slope, modeled wind and accumulation. (c) Surface lakes on the Nivlisen ice shelf (Dell

et al., 2022) lead to low radar backscatter values and high uncertainty estimates, while Landsat imagery shows snow cover.
(d) Blue ice formed on the lee side of a barrier that prevents the deposition of wind-drifting snow, where varying wind
patterns result in larger uncertainties further downstream of the nunatak (Bintanja, 1999; Takahashi et al., 1992). (e) Elevated
uncertainties related to crevasses within a BIA.

calibration of elevation measurements (Wessel et al., 2021). Also, the new BIA map provides information for
fieldwork missions and for assessing the potential of certain areas to find meteorites and/or old ice (Sinisalo &
Moore, 2010; Spaulding et al., 2013; Tollenaar et al., 2022).

Future directions of BIA mapping efforts reside in (a) reducing uncertainties through further investigating
temporal patterns of, for example, seasonal snow cover or multi-year changes; (b) enhancing the resolution, for
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instance through using the RADARSAT-2 data set that covers the entire continent at 25-m resolution (Crevier
et al., 2010); and (c) improving BIA outlines near the grounding line, where uncertainties are most pronounced,
by using multiple classes for training a CNN specifically adapted to these regions to delineate the diverse glacial
landscape with, for example, lakes on snow, lakes on ice, exposed bedrock, and moraines.

5. Conclusion

In this study, we map BIAs across Antarctica and present unprecedented estimates of the corresponding uncer-
tainties. The BIA map is obtained with multi-sensor satellite observations captured over 3 years to reduce sensi-
tivities to temporal snow cover. In our deep-learning framework, we train a CNN with a continent-wide set
of “noisy” BIA outlines. After training, 90% of what we identified as erroneously labeled training pixels are
correctly classified. This error-reducing capacity is obtained through (a) providing multiple observational data
sets for training and (b) using a small set of manually outlined BIAs to decide when to stop training. A similar
approach could be taken to outline land covers in other domains with limited ground truth. Our map reveals that
ca. 1% of Antarctica exposes blue ice, with potential impact on, for example, estimates of the mass balance of the
ice sheet and its changes over time.

Data Availability Statement

Data produced in this study, including the seven-band MODIS composite, the outlines of our set of training,
validation, and testing regions, the predictions on the presence of blue ice (values between 0 and 1), the corre-
sponding uncertainty estimates, and the smoothed blue ice area outlines are available at Zenodo (Tollenaar
et al., 2024). Data needed to construct the blue ice area map consist of (a) MODIS Terra observations, available
through NASA's Level-1 and Atmosphere Archive & Distribution System Distributed Active Archive Center
(LAADS DAAC; Vermote, 2015), (b) MODIS mosaic of Antarctica 2008-2009, available through NASA
National Snow and Ice Data Center Distributed Active Archive Center (NSIDC DAAC; Haran et al., 2021), (c)
RADARSAT-2 Antarctica mosaic available through the Polar Data Catalogue (MacDonald, Dettwiler and Asso-
ciates (MDA), 2014), (d) TanDEM-X PolarDEM of Antarctica available through the repositories of the German
Aerospace Center (2020), (e) BIA outlines of Hui et al. (2014) and geoid heights of Foerste et al. (2014), both
part of the data package Quantarctica available through the Norwegian Polar Institute (Matsuoka et al., 2018).

All code constructed for data analyses and figures in this paper and Supporting Information are available at
https://doi.org/10.5281/zenodo.10548770. These codes include the Python wrapper to process the MODIS data,
the neural network implementation, and codes for data visualization purposes.

References

Arpit, D., Jastrzebski, S., Ballas, N., Krueger, D., Bengio, E., Kanwal, M. S., et al. (2017). A closer look at memorization in deep networks. In
Proceedings of machine learning research (pp. 233-242).

Baumbhoer, C. A., Dietz, A.J., Kneisel, C., Paeth, H., & Kuenzer, C. (2021). Environmental drivers of circum-Antarctic glacier and ice shelf front
retreat over the last two decades. The Cryosphere, 15(5), 2357-2381. https://doi.org/10.5194/tc-15-2357-2021

Bell, R. E., Banwell, A. F., Trusel, L. D., & Kingslake, J. (2018). Antarctic surface hydrology and impacts on ice-sheet mass balance. Nature
Climate Change, 8(12), 1044-1052. https://doi.org/10.1038/s41558-018-0326-3

Bindschadler, R., Vornberger, P., Fleming, A., Fox, A., Mullins, J., Binnie, D., et al. (2008). The Landsat image mosaic of Antarctica. Remote
Sensing of Environment, 112(12), 4214-4226. https://doi.org/10.1016/j.rse.2008.07.006

Bintanja, R. (1999). On the glaciological, meteorological, and climatological significance of Antarctic blue ice areas. Reviews of Geophysics,
37(3), 337-359. https://doi.org/10.1029/1999RG900007

Bohren, C. F. (1983). Colors of snow, frozen waterfalls, and icebergs. Journal of the Optical Society of America, 73(12), 1646—1652. https://doi.
org/10.1364/JOSA.73.001646

Cassidy, W., Harvey, R., Schutt, J., Delisle, G., & Yanai, K. (1992). The meteorite collection sites of Antarctica. Meteoritics, 27(5), 490-525.
https://doi.org/10.1111/j.1945-5100.1992.tb01073.x

Crevier, Y., Rigby, G., Werle, D., Jezek, K., & Ball, D. (2010). A RADARSAT-2 snapshot of Antarctica during the 2007-08 IPY. In Newsletter
for the Canadian Antarctic research network (Vol. 28, pp. 1-5).

Das, L., Bell, R. E., Scambos, T. A., Wolovick, M., Creyts, T. T., Studinger, M., et al. (2013). Influence of persistent wind scour on the surface
mass balance of Antarctica. Nature Geoscience, 6(5), 367-371. https://doi.org/10.1038/ngeo1766

Dell, R. L., Banwell, A. F., Willis, I. C., Arnold, N. S., Halberstadt, A. R. W., Chudley, T. R., & Pritchard, H. D. (2022). Supervised clas-
sification of slush and ponded water on Antarctic ice shelves using Landsat 8 imagery. Journal of Glaciology, 68(268), 401-414.
https://doi.org/10.1017/jog.2021.114

De Roda Husman, S., Hu, Z., Wouters, B., Munneke, P. K., Veldhuijsen, S., & Lhermitte, S. (2023). Remote sensing of surface melt on Antarctica:
Opportunities and challenges. IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing, 16, 2462-2480. https://
doi.org/10.1109/JSTARS.2022.3216953

TOLLENAAR ET AL.

8 of 10

85UB01 7 SUOWILLIOD 381D 3(edt|dde ayy Aq peusenob ke ssjoiie YO ‘8sN JO S9N Joj ARIq1T3UIIUO AB]IA UO (SUORIPUCO-PUR-SULLBILOD" A8 | 1M AReIq 1 ul[UO//Sdiy) SUORIPUOD Pue SW 18U} 885 *[7202/20/50] Uo AfelqiTaulluo A8|IM 'S9|pXnig 8@ a.q1 8)sieAlun Aq $8290T 1DEZ02/620T OT/I0p/Lod A8 |mAtelqijpul|uo sqndnBe//sdny Wwo.j pepeojumod ' ‘v20e ‘2008r76T


https://doi.org/10.5281/zenodo.10548770
https://doi.org/10.5194/tc-15-2357-2021
https://doi.org/10.1038/s41558-018-0326-3
https://doi.org/10.1016/j.rse.2008.07.006
https://doi.org/10.1029/1999RG900007
https://doi.org/10.1364/JOSA.73.001646
https://doi.org/10.1364/JOSA.73.001646
https://doi.org/10.1111/j.1945-5100.1992.tb01073.x
https://doi.org/10.1038/ngeo1766
https://doi.org/10.1017/jog.2021.114
https://doi.org/10.1109/JSTARS.2022.3216953
https://doi.org/10.1109/JSTARS.2022.3216953

A7oN |
MN\\JI
ADVANCING EARTH
AND SPACE SCIENCES

Geophysical Research Letters 10.1029/2023GL106285

Dong, Y., Zhao, J., Floricioiu, D., Krieger, L., Fritz, T., & Eineder, M. (2021). High-resolution topography of the Antarctic Peninsula combin-
ing the TanDEM-X DEM and Reference Elevation Model of Antarctica (REMA) mosaic. The Cryosphere, 15(9), 4421-4443. https://doi.
org/10.5194/tc-15-4421-2021

Environmental Research & Assesment. (2015). Map 1: Overview ASMA No. 2 McMurdo dry valleys: Boundary & zones (map ID: 100068.011.11).

European commission. (2016). Commision implementing regulation (EU) 2016/1185. In Official Journal of the European Union (Vol. 196, p. 6).

Foerste, C., Bruinsma, S. L., Abrykosov, O., Lemoine, J.-M., Marty, J. C., Flechtner, F., et al. (2014). EIGEN-6C4 the latest combined global
gravity field model including GOCE data up to degree and order 2190 of GFZ Potsdam and GRGS Toulouse [Dataset]. GFZ Data Services.
https://doi.org/10.5880/icgem.2015.1

Folco, L., Capra, A., Chiappini, M., Frezzotti, M., Mellini, M., & Tabacco, 1. E. (2002). The Frontier Mountain meteorite trap (Antarctica).
Meteoritics & Planetary Science, 37(2), 209-228. https://doi.org/10.1111/j.1945-5100.2002.tb01105.x

German Aerospace Center (DLR). (2020). TanDEM-X—PolarDEM—Antarctica, 90 m [Dataset]. German Aerospace Center. https://doi.
org/10.5194/tc-15-5241-2021

Han, B., Yao, Q., Yu, X., Niu, G., Xu, M., Hu, W., et al. (2018). Co-teaching: Robust training of deep neural networks with extremely noisy labels.
In Advances in neural information processing systems. https://doi.org/10.48550/arXiv.1804.06872

Haran, T., Bohlander, J., Scambos, T., Painter, T., & Fahnestock, M. (2021). MODIS mosaic of Antarctica 2008—-2009 (MOA2009) image map,
version 2 [Dataset]. NASA National Snow and Ice Data Center Distributed Active Archive Center, Boulder, Colorado USA. https://doi.
org/10.5067/4Z1L43A4619AF

Harvey, R. (2003). The origin and significance of Antarctic meteorites. Geochemistry, 63(2), 93—147. https://doi.org/10.1078/0009-2819-0003 1

Hu, Z., Kuipers Munneke, P., Lhermitte, S., Dirscherl, M., Ji, C., & van den Broeke, M. (2022). FABIAN: A daily product of Fractional
Austral-summer Blue Ice over ANtarctica during 2000-2021 based on MODIS imagery using Google Earth Engine. Remote Sensing of Envi-
ronment, 280, 113202. https://doi.org/10.1016/j.rse.2022.113202

Hui, F,, Ci, T., Cheng, X., Scambos, T. A., Liu, Y., Zhang, Y., et al. (2014). Mapping blue-ice areas in Antarctica using ETM+ and MODIS data.
Annals of Glaciology, 55(66), 129-137. https://doi.org/10.3189/2014AoG66A069

Jawak, S. D., Luis, A. J., Pandit, P. H., Wankhede, S. F., Convey, P., & Fretwell, P. T. (2023). Exploratory mapping of blue ice regions in Antarc-
tica using very high-resolution satellite remote sensing data. Remote Sensing, 15(5), 1287. https://doi.org/10.3390/rs15051287

Jezek, K. C. (1999). Glaciological properties of the Antarctic ice sheet from RADARSAT-1 synthetic aperture radar imagery. Annals of Glaciol-
0gy, 29, 286-290. https://doi.org/10.3189/172756499781820969

LeCun, Y., Bengio, Y., & Hinton, G. (2015). Deep learning. Nature, 521(7553), 436—444. https://doi.org/10.1038/nature 14539

Lee, G., Ahn, J., Ju, H., Ritterbusch, F., Oyabu, L., Buizert, C., et al. (2022). Chronostratigraphy of the Larsen blue-ice area in northern Victoria
Land, East Antarctica, and its implications for paleoclimate. The Cryosphere, 16(6), 2301-2324. https://doi.org/10.5194/tc-16-2301-2022

Lenaerts, J. T. M., Lhermitte, S., Drews, R., Ligtenberg, S. R. M., Berger, S., Helm, V., et al. (2016). Meltwater produced by wind—albedo inter-
action stored in an East Antarctic ice shelf. Nature Climate Change, 7(1), 58—62. https://doi.org/10.1038/nclimate3180

Li, X., Rignot, E., Morlighem, M., Mouginot, J., & Scheuchl, B. (2015). Grounding line retreat of Totten glacier, East Antarctica, 1996 to 2013.
Geophysical Research Letters, 42(19), 8049-8056. https://doi.org/10.1002/2015GL065701

Ligtenberg, S. R. M., Helsen, M. M., & Van den Broeke, M. R. (2011). An improved semi-empirical model for the densification of Antarctic firn.
The Cryosphere, 5(4), 809-819. https://doi.org/10.5194/tc-5-809-2011

Liston, G. E., & Winther, J.-G. (2005). Antarctic surface and subsurface snow and ice melt fluxes. Journal of Climate, 18(10), 1469-1481. https://
doi.org/10.1175/JCLI3344.1

MacDonald, Dettwiler and Associates (MDA). (2014). RADARSAT-2 Antarctica mosaics and tiles, 2008. Canadian cryospheric informa-
tion network (CCIN), Waterloo, Canada [Dataset]. Polar Data Catalogue. Retrieved from www.polardata.ca/pdcsearch/PDCSearchDOI.
jsp?doi_id=11966

Markov, A., Polyakov, S., Sun, B., Lukin, V., Popov, S., Yang, H., et al. (2019). The conditions of the formation and existence of “Blue Ice Areas”
in the ice flow transition region from the Antarctic ice sheet to the Amery Ice Shelf in the Larsemann Hills area. Polar Science, 22, 100478.
https://doi.org/10.1016/j.polar.2019.08.004

Matsuoka, K., Skoglund, A., Roth, G., de Pomereu, J., Griffiths, H., Headland, R., et al. (2021). Quantarctica, an integrated mapping environment
for Antarctica, the Southern Ocean, and sub-Antarctic islands. Environmental Modelling & Software, 140, 105015. https://doi.org/10.1016/j.
envsoft.2021.105015

Matsuoka, K., Skoglund, A., Roth, G., De Pomereu, J., Griffiths, H., Headland, R., et al. (2018). Quantarctica [Dataset]. Norwegian Polar Insti-
tute. https://doi.org/10.21334/NPOLAR.2018.8516E961

Mouginot, J., Scheuchl, B., & Rignot, E. (2017). MEaSURES Antarctic boundaries for IPY 2007-2009 from satellite radar, version 2 [Dataset].
NASA National Snow and Ice Data Center Distributed Active Archive Center. https://doi.org/10.5067/AXE4121732AD

Orheim, O., & Lucchitta, B. (1990). Investigating climate change by digital analysis of blue ice extent on satellite images of Antarctica. Annals
of Glaciology, 14, 211-215. https://doi.org/10.3189/5S0260305500008600

Paszke, A., Gross, S., Massa, F., Lerer, A., Bradbury, J., Chanan, G., et al. (2019). PyTorch: An imperative style, high-performance deep learning
library. In Advances in neural information processing systems (Vol. 32, pp. 8024-8035). Curran Associates, Inc.

Persson, A. (2021). Machine learning collection [Software]. GitHub repository. Retrieved from https:/github.com/aladdinpersson/
Machine-Learning-Collection

Reichstein, M., Camps-Valls, G., Stevens, B., Jung, M., Denzler, J., Carvalhais, N., & Prabhat (2019). Deep learning and process understanding
for data-driven Earth system science. Nature, 566(7743), 195-204. https://doi.org/10.1038/s41586-019-0912-1

Rignot, E., Mouginot, J., Morlighem, M., Seroussi, H., & Scheuchl, B. (2014). Widespread, rapid grounding line retreat of Pine Island,
Thwaites, Smith, and Kohler glaciers, west Antarctica, from 1992 to 2011. Geophysical Research Letters, 41(10), 3502-3509. https://doi.
org/10.1002/2014GL060140

Rignot, E., Mouginot, J., & Scheuchl, B. (2011). Antarctic grounding line mapping from differential satellite radar interferometry. Geophysical
Research Letters, 38(10), L10504. https://doi.org/10.1029/2011GL047109

Rignot, E., Mouginot, J., & Scheuchl, B. (2016). MEaSUREs Antarctic grounding line from differential satellite radar interferometry, version 2
[Dataset]. NASA National Snow and Ice Data Center Distributed Active Archive Center. https://doi.org/10.5067/IKBWW4RYHF1Q

Ronneberger, O., Fischer, P., & Brox, T. (2015). U-Net: Convolutional networks for biomedical image segmentation. In N. Navab, J. Hornegger, W.
Wells, & A. Frangi (Eds.), Lecture notes in computer science (Vol. 9351, pp. 234-241). Springer. https://doi.org/10.1007/978-3-319-24574-4_28

Scambos, T., Frezzotti, M., Haran, T., Bohlander, J., Lenaerts, J., Van Den Broeke, M., et al. (2012). Extent of low-accumulation ‘wind glaze’
areas on the East Antarctic plateau: Implications for continental ice mass balance. Journal of Glaciology, 58(210), 633—647. https://doi.
org/10.3189/2012J0G 117232

TOLLENAAR ET AL.

9of 10

85UB01 7 SUOWILLIOD 381D 3(edt|dde ayy Aq peusenob ke ssjoiie YO ‘8sN JO S9N Joj ARIq1T3UIIUO AB]IA UO (SUORIPUCO-PUR-SULLBILOD" A8 | 1M AReIq 1 ul[UO//Sdiy) SUORIPUOD Pue SW 18U} 885 *[7202/20/50] Uo AfelqiTaulluo A8|IM 'S9|pXnig 8@ a.q1 8)sieAlun Aq $8290T 1DEZ02/620T OT/I0p/Lod A8 |mAtelqijpul|uo sqndnBe//sdny Wwo.j pepeojumod ' ‘v20e ‘2008r76T


https://doi.org/10.5194/tc-15-4421-2021
https://doi.org/10.5194/tc-15-4421-2021
https://doi.org/10.5880/icgem.2015.1
https://doi.org/10.1111/j.1945-5100.2002.tb01105.x
https://doi.org/10.5194/tc-15-5241-2021
https://doi.org/10.5194/tc-15-5241-2021
https://doi.org/10.48550/arXiv.1804.06872
https://doi.org/10.5067/4ZL43A4619AF
https://doi.org/10.5067/4ZL43A4619AF
https://doi.org/10.1078/0009-2819-00031
https://doi.org/10.1016/j.rse.2022.113202
https://doi.org/10.3189/2014AoG66A069
https://doi.org/10.3390/rs15051287
https://doi.org/10.3189/172756499781820969
https://doi.org/10.1038/nature14539
https://doi.org/10.5194/tc-16-2301-2022
https://doi.org/10.1038/nclimate3180
https://doi.org/10.1002/2015GL065701
https://doi.org/10.5194/tc-5-809-2011
https://doi.org/10.1175/JCLI3344.1
https://doi.org/10.1175/JCLI3344.1
http://www.polardata.ca/pdcsearch/PDCSearchDOI.jsp?doi_id=11966
http://www.polardata.ca/pdcsearch/PDCSearchDOI.jsp?doi_id=11966
https://doi.org/10.1016/j.polar.2019.08.004
https://doi.org/10.1016/j.envsoft.2021.105015
https://doi.org/10.1016/j.envsoft.2021.105015
https://doi.org/10.21334/NPOLAR.2018.8516E961
https://doi.org/10.5067/AXE4121732AD
https://doi.org/10.3189/S0260305500008600
https://github.com/aladdinpersson/Machine-Learning-Collection
https://github.com/aladdinpersson/Machine-Learning-Collection
https://doi.org/10.1038/s41586-019-0912-1
https://doi.org/10.1002/2014GL060140
https://doi.org/10.1002/2014GL060140
https://doi.org/10.1029/2011GL047109
https://doi.org/10.5067/IKBWW4RYHF1Q
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.3189/2012JoG11J232
https://doi.org/10.3189/2012JoG11J232

A7oN |
MN\\JI
ADVANCING EARTH
AND SPACE SCIENCES

Geophysical Research Letters 10.1029/2023GL106285

Scambos, T., Haran, T., Fahnestock, M., Painter, T., & Bohlander, J. (2007). MODIS-based Mosaic of Antarctica (MOA) data sets: Continent-wide
surface morphology and snow grain size. Remote Sensing of Environment, 111(2-3), 242-257. https://doi.org/10.1016/j.rse.2006.12.020

Shanmugam, D., Blalock, D., Balakrishnan, G., & Guttag, J. (2021). Better aggregation in test-time augmentation. In Proceedings of the IEEE/
CVF international conference on computer vision (pp. 1214-1223). IEEE. https://doi.org/10.1109/ICCV48922.2021.00125

Sinisalo, A., & Moore, J. C. (2010). Antarctic blue ice areas—Towards extracting palaeoclimate information. Antarctic Science, 22(2), 99-115.
https://doi.org/10.1017/S0954102009990691

Snyder, J. P. (1987). Map projections: A working manual (U.S. Geological Survey Professional Paper No. 1395). United States government
printing office.

Snyder, J. P, & Voxland, P. M. (1989). An album of map projections (U.S. Geological Survey Professional Paper No. 1453). United States
government printing office.

Spaulding, N. E., Higgins, J. A., Kurbatov, A. V., Bender, M. L., Arcone, S. A., Campbell, S., et al. (2013). Climate archives from 90 to
250 ka in horizontal and vertical ice cores from the Allan Hills Blue Ice Area, Antarctica. Quaternary Research, 80(3), 562-574. https://doi.
org/10.1016/j.yqres.2013.07.004

Takahashi, S., Endoh, T., Azuma, N., & Meshida, S. (1992). Bare ice fields developed in the inland part of Antarctica. In Proceedings of NIPR
symposium polar meteorology glaciology(Vol. 5, pp. 128-139).

Tollenaar, V., Zekollari, H., Lhermitte, S., Tax, D. M., Debaille, V., Goderis, S., et al. (2022). Unexplored Antarctic meteorite collection sites
revealed through machine learning. Science Advances, 8(4), eabj8138. https://doi.org/10.1126/sciadv.abj8138

Tollenaar, V., Zekollari, H., Pattyn, F., RuBwurm, M., Kellenberger, B., Lhermitte, S., et al. (2024). Datasets for “Where the White Continent is
blue: Deep learning locates bare ice in Antarctica” [Dataset]. Zenodo. https://doi.org/10.5281/zenodo.8333864

Tuia, D., Roscher, R., Wegner, J. D., Jacobs, N., Zhu, X., & Camps-Valls, G. (2021). Toward a collective agenda on Al for Earth science data
analysis. IEEE Geoscience and Remote Sensing Magazine, 9(2), 88—104. https://doi.org/10.1109/MGRS.2020.3043504

Van den Broeke, M. (2008). Depth and density of the Antarctic firn layer. Arctic Antarctic and Alpine Research, 40(2), 432-438. https://doi.
org/10.1657/1523-0430(07-021)[BROEKE]2.0.CO;2

Van den Broeke, M. R., Kuipers Munneke, P., Noél, B., Reijmer, C., Smeets, P., Van De Berg, W. J., & Van Wessem, J. M. (2023). Contrasting
current and future surface melt rates on the ice sheets of Greenland and Antarctica: Lessons from in situ observations and climate models.
PLOS Climate, 2(5), €0000203. https://doi.org/10.1371/journal.pclm.0000203

Van der Meer, M., de Roda Husman, S., & Lhermitte, S. (2023). Deep learning regional climate model emulators: A comparison of two downscal-
ing training frameworks. Journal of Advances in Modeling Earth Systems, 15(6), €2022MS003593. https://doi.org/10.1029/2022MS003593

Vermote, E. (2015). MOD09 MODIS/Terra L2 surface reflectance, 5-min Swath 250 m, 500 m, and 1 km [Dataset]. NASA LP DAAC. https://
doi.org/10.5067/MODIS/MOD09.006

Vermote, E. (2022). MODIS surface reflection user’s guide, collection 6, version 1.5. MODIS land surface reflectance science computing facility.

Wessel, B., Huber, M., Wohlfart, C., Bertram, A., Osterkamp, N., Marschalk, U., et al. (2021). TanDEM-X PolarDEM 90 m of Antarctica: Gener-
ation and error characterization. The Cryosphere, 15(11), 5241-5260. https://doi.org/10.5194/tc-15-5241-2021

Winther, J.-G., Jespersen, M. N., & Liston, G. E. (2001). Blue-ice areas in Antarctica derived from NOAA AVHRR satellite data. Journal of
Glaciology, 47(157), 325-334. https://doi.org/10.3189/172756501781832386

Yan, Y., Bender, M. L., Brook, E. J., Clifford, H. M., Kemeny, P. C., Kurbatov, A. V., et al. (2019). Two-million-year-old snapshots of atmospheric
gases from Antarctic ice. Nature, 574(7780), 663—666. https://doi.org/10.1038/s41586-019-1692-3

Yoshida, M. (2010). Discovery of the Yamato meteorites in 1969. Polar Science, 3(4), 272-284. https://doi.org/10.1016/j.polar.2009.11.001

Zekollari, H., Goderis, S., Debaille, V., van Ginneken, M., Gattacceca, J., Timothy Jull, A., et al. (2019). Unravelling the high-altitude Nansen
blue ice field meteorite trap (East Antarctica) and implications for regional palaeo-conditions. Geochimica et Cosmochimica Acta, 248,
289-310. https://doi.org/10.1016/j.gca.2018.12.035

References From the Supporting Information

Bloomfield, P. (2000). Fourier analysis of time series: An introduction (2nd ed.). John Wiley & Sons.

Brown, I. C., & Scambos, T. A. (2004). Satellite monitoring of blue-ice extent near Byrd Glacier, Antarctica. Annals of Glaciology, 39, 223-230.
https://doi.org/10.3189/172756404781813871

Chaikin, G. M. (1974). An algorithm for high-speed curve generation. Computer Graphics and Image Processing, 3(4), 346-349. https://doi.
org/10.1016/0146-664X(74)90028-8

Gerrish, L., Fretwell, P., & Cooper, P. (2018). Low resolution vector polygons of the Antarctic coastline [Dataset]. UK Polar Data Centre, Natural
Environmental Research Council, UK Research & Innovation. https://doi.org/10.5285/D30FA109-67E0-4C1D-8DA9-C443834A366D

Gillies, S. (2023). The shapely user manual, version 2.0.1.

Haran, T., Bohlander, J., Scambos, T., Painter, T., & Fahnestock, M. (2019). MODIS mosaic of Antarctica 2008-2009 (MOA2009) image map,
version 2 USER GUIDE. NASA National Snow and Ice Data Center Distributed Active Archive Center.

IToffe, S., & Szegedy, C. (2015). Batch normalization: Accelerating deep network training by reducing internal covariate shift. In CoRR,
abs/1502.03167. https://doi.org/10.48550/arXiv.1502.03167

MacDonald, Dettwiler and Associates (MDA), Rigby, G., Farness, K., Jezek, K., Gamble, L., Rolland, P., & Crevier, Y. (2015). RADARSAT-2
Antarctica mosaic description.

Roy, D. P., Borak, J. S., Devadiga, S., Wolfe, R. E., Zheng, M., & Descloitres, J. (2002). The MODIS Land product quality assessment approach.
Remote Sensing of Environment, 83(1-2), 62-76. https://doi.org/10.1016/S0034-4257(02)00087-1

Vermote, E., & Wolfe, R. (2021). MODIS/Terra surface reflectance daily L2G global 1 km and 500 m SIN grid V061 [Dataset]. NASA EOSDIS
Land Processes DAAC. https://doi.org/10.5067/MODIS/MODO09GA.061

Wilson, A. M., Parmentier, B., & Jetz, W. (2014). Systematic land cover bias in collection 5 MODIS cloud mask and derived products—A global
overview. Remote Sensing of Environment, 141, 149-154. https://doi.org/10.1016/j.rse.2013.10.025

TOLLENAAR ET AL.

10 of 10

85UB01 7 SUOWILLIOD 381D 3(edt|dde ayy Aq peusenob ke ssjoiie YO ‘8sN JO S9N Joj ARIq1T3UIIUO AB]IA UO (SUORIPUCO-PUR-SULLBILOD" A8 | 1M AReIq 1 ul[UO//Sdiy) SUORIPUOD Pue SW 18U} 885 *[7202/20/50] Uo AfelqiTaulluo A8|IM 'S9|pXnig 8@ a.q1 8)sieAlun Aq $8290T 1DEZ02/620T OT/I0p/Lod A8 |mAtelqijpul|uo sqndnBe//sdny Wwo.j pepeojumod ' ‘v20e ‘2008r76T


https://doi.org/10.1016/j.rse.2006.12.020
https://doi.org/10.1109/ICCV48922.2021.00125
https://doi.org/10.1017/S0954102009990691
https://doi.org/10.1016/j.yqres.2013.07.004
https://doi.org/10.1016/j.yqres.2013.07.004
https://doi.org/10.1126/sciadv.abj8138
https://doi.org/10.5281/zenodo.8333864
https://doi.org/10.1109/MGRS.2020.3043504
https://doi.org/10.1657/1523-0430(07-021)%5BBROEKE%5D2.0.CO;2
https://doi.org/10.1657/1523-0430(07-021)%5BBROEKE%5D2.0.CO;2
https://doi.org/10.1371/journal.pclm.0000203
https://doi.org/10.1029/2022MS003593
https://doi.org/10.5067/MODIS/MOD09.006
https://doi.org/10.5067/MODIS/MOD09.006
https://doi.org/10.5194/tc-15-5241-2021
https://doi.org/10.3189/172756501781832386
https://doi.org/10.1038/s41586-019-1692-3
https://doi.org/10.1016/j.polar.2009.11.001
https://doi.org/10.1016/j.gca.2018.12.035
https://doi.org/10.3189/172756404781813871
https://doi.org/10.1016/0146-664X(74)90028-8
https://doi.org/10.1016/0146-664X(74)90028-8
https://doi.org/10.5285/D30FA109-67E0-4C1D-8DA9-C443834A366D
https://doi.org/10.48550/arXiv.1502.03167
https://doi.org/10.1016/S0034-4257(02)00087-1
https://doi.org/10.5067/MODIS/MOD09GA.061
https://doi.org/10.1016/j.rse.2013.10.025

	Where the White Continent Is Blue: Deep Learning Locates Bare Ice in Antarctica
	Abstract
	Plain Language Summary
	1. Introduction
	2. Materials and Methods
	3. Results
	4. Discussion and Outlook
	5. Conclusion
	Data Availability Statement
	References
	References From the Supporting Information


