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Remote Sensing of Surface Melt on Antarctica:
Opportunities and Challenges

Sophie de Roda Husman , Zhongyang Hu , Bert Wouters , Peter Kuipers Munneke , Sanne Veldhuijsen ,
and Stef Lhermitte

Abstract—Surface melt is an important driver of ice shelf disin-
tegration and its consequent mass loss over the Antarctic Ice Sheet.
Monitoring surface melt using satellite remote sensing can enhance
our understanding of ice shelf stability. However, the sensors do
not measure the actual physical process of surface melt, but rather
observe the presence of liquid water. Moreover, the sensor obser-
vations are influenced by the sensor characteristics and surface
properties. Therefore, large inconsistencies can exist in the derived
melt estimates from different sensors. In this study, we apply
state-of-the-art melt detection algorithms to four frequently used
remote sensing sensors, i.e., two active microwave sensors, which
are Advanced Scatterometer (ASCAT) and Sentinel-1, a passive
microwave sensor, i.e., Special Sensor Microwave Imager/Sounder
(SSMIS), and an optical sensor, i.e., Moderate Resolution Imaging
Spectroradiometer (MODIS). We intercompare the melt detection
results over the entire Antarctic Ice Sheet and four selected study
regions for the melt seasons 2015–2020. Our results show large
spatiotemporal differences in detected melt between the sensors,
with particular disagreement in blue ice areas, in aquifer regions,
and during wintertime surface melt. We discuss that discrepancies
between sensors are mainly due to cloud obstruction and po-
lar darkness, frequency-dependent penetration of satellite signals,
temporal resolution, and spatial resolution, as well as the applied
melt detection methods. Nevertheless, we argue that different sen-
sors can complement each other, enabling improved detection of
surface melt over the Antarctic Ice Sheet.

Index Terms—Antarctic Ice Sheet, Earth observation, ice
shelves, melt detection, multisource remote sensing, polar regions,
satellite observations.
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I. INTRODUCTION

LARGE uncertainty about the future viability of the Antarc-
tic ice shelves leads to an enormous spread in sea level rise

projections [1], [2], [3], [4], [5]. Estimates on the contribution of
the Antarctic Ice Sheet over the next century range from +0.03 to
+0.34 m of sea level equivalent under Representative Concentra-
tion Pathway 8.5 according to the Sixth Assessment Report [4].
By far the largest direct contribution to the present day Antarctic
Ice Sheet mass loss is enhanced basal melt and increased iceberg
calving. In the mass balance of Antarctica, direct mass loss by
surface melt and subsequent runoff currently play a marginal
role [6], [7]. However, surface melt can lead to enhanced mass
loss indirectly, by destabilization of ice shelves [8], [9], [10],
[11]. When melt ponds drain into crevasses in the ice shelf, the
stress of the meltwater column exerted on the crevasse tip can
promote fracture, resulting in a weakened ice shelf [12], [13].
Moreover, the load of meltwater lakes causes flexural stresses
in the ice shelf that generate fractures, further weakening the ice
shelf [14], [15], [16]. Recent climate models that incorporate
the impact of meltwater on ice shelf instability (e.g., [17])
suggest that surface meltwater will result in widespread melting
and hydrofracturing during this century, leading to a significant
increase in the contribution of the Antarctic Ice Sheet to sea
level rise. Regardless of the ice shelf processes in these models,
Antarctic surface melt is projected to double by 2050 due to
atmospheric warming [10], [18]. In this context, monitoring the
presence of surface melt on the Antarctic ice shelves can improve
our understanding of the fundamental processes involved in the
coupling between meltwater production and future Antarctic
mass loss, ultimately improving our sea level rise projections
and reducing their uncertainties.

At present, there are three methods to estimate surface melt,
using: 1) automatic weather stations (AWSs); 2) physics-based
(regional) climate models (RCMs); and 3) remote sensing. First,
AWS observations can be used to compute the surface energy
balance and estimate the excess energy available for surface
melt. For instance, Vaughan [19] studied observations from nine
AWSs dating back to 1947, solely using temperature data. Stud-
ies followed that used more sophisticated AWSs equipped with
radiation sensors [9], [20]. While AWS observations are widely
used and considered “ground truth” [21], the main drawback of
AWS observations is that the data are point-based on a limited
number of locations, making them insufficient for continent-
wide melt studies. Moreover, AWS locations are heavily biased
toward homogeneous snow surface types, disregarding more
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challenging surface types, such as blue ice, slush, and other wet
surface types.

The second approach to estimate surface melt is using RCMs,
such as Modèle Atmosphérique Régional (e.g., [22]) or Regional
Atmospheric Climate Model (RACMO2) (e.g., [23]). RCMs can
simulate surface melt on a continental scale. Nevertheless, the
accuracy of models relies on the resolution and accuracy of its
forcing data, which are often unsatisfactory for the Antarctic Ice
Sheet [24]. Moreover, melt features over low albedo regions are
often more detailed than the model resolution and can therefore
not accurately be captured by RCMs [25], [26], [27].

Remote sensing is an alternative to derive long-term (back
to 1970s) melt dynamics at various spatiotemporal resolutions.
Optical sensors have been used not only to detect meltwater
presence, such as supraglacial streams, lakes [26], [28], [29], and
slush [30], but also to estimate meltwater extent [25], [31], [32],
[33] and volume [34], [35], [36]. Microwave sensors have also
been used for detecting the presence of meltwater, for example,
the active microwave Ku-band (12–18 GHz) from Quick Scat-
terometer (QuikSCAT) [37], C-band (4–8 GHz) from Advanced
Scatterometer (ASCAT) [38] and Sentinel-1 [39], [40], [41],
[42], [43], and passive microwave K-band (18–27 GHz) and
Ka-band (27–40 GHz) from Scanning Multichannel Microwave
Radiometer (SSMR) and Special Sensor Microwave/Imagers
(SSM/I) [44], [45], [46], [47], [48], and L-band (1–2 GHz)
sensors, such as Soil Moisture Active Passive (SMAP) [49], [50]
and Soil Moisture and Ocean Salinity (SMOS) [51]. Attempts to
convert binary detected surface melt to continuous estimates of
meltwater volume have been carried out using QuikSCAT [52]
and Special Sensor Microwave Imager/Sounder (SSMIS) (over
Greenland, [53]).

Remote sensing satellites provide information on the Antarc-
tic surface in the visible to the microwave part of the electromag-
netic spectrum, i.e., surface reflectance, backscatter intensity
(σ0), and brightness temperature (Tb). The values of surface
reflectance, σ0, and Tb are altered under the presence of liquid
water. These parameters therefore are indicators for the presence
of liquid water, rather than for the actual physical process of
surface melt, which is in fact an energy (conversion) process,
except, perhaps, in the case of thermal-infrared-derived surface
temperature that defines the occurrence of surface melt at the
melting point. Yet, the term “surface melt” is widely used in the
remote sensing community (e.g., [10], [16], [18], [20]), and we
will adopt it here, although we do acknowledge that sensors mea-
sure the presence of liquid water. Apart from this, spaceborne
observations of backscatter intensity, brightness temperature,
and surface reflectance depend on sensor characteristics and
surface properties. In this regard, large inconsistencies can exist
in derived surface melt estimates from different sensors [24].

This study aims to identify the opportunities and challenges
for melt detection over the Antarctic Ice Sheet using remote
sensing, focusing on currently operating sensors that are capable
of detecting wet surfaces (e.g., wet snow, slush, melt ponds, and
streams). We compare differences in melt detection among a
frequently used radiometer (i.e., SSMIS), scatterometer (i.e.,
ASCAT), synthetic aperture radar sensor (i.e., Sentinel-1), and
optical sensor [i.e., Moderate Resolution Imaging Spectrora-
diometer (MODIS)]. In this study, we exclude sensors that are

no longer operational (such as QuikSCAT). Moreover, L-band
sensors (such as SMOS and SMAP) are not considered, as they
are less sensitive to surface melt than K-band and Ka-band
sensors (such as SSMIS) [51].

The rest of this article is organized as follows. In Section II,
we introduce the background of monitoring surface melt using
different sensors and related research. In Section III, we intro-
duce the satellite and auxiliary datasets. Then, we summarize the
state-of-the-art methods we applied for surface melt detection
in Section IV separately for each sensor type. In Section V,
we apply the melt detection methods to MODIS, Sentinel-1,
ASCAT, and SSMIS over the entire Antarctic Ice Sheet for
melt seasons 2015–2020. We compare spatial and temporal
patterns of retrieved surface melt and assess the sensitivity of
the methods. Based on this intercomparison, we discuss the
possibilities and challenges of the different sensors and methods
in Section VI. Finally, Section VII concludes this article.

II. BACKGROUND AND RELATED RESEARCH

Before applying melt detection algorithms to the sensor ob-
servations, we illustrate what satellite sensors are detecting and
how this is linked to surface melt. Fig. 1 shows the measuring
principles of optical, active microwave, and passive microwave
sensors under different atmospheric and melting conditions. In
this study, we focus on active microwave sensors (i.e., ASCAT
and Sentinel-1) that operate at frequencies between 5.2 and
5.4 GHz (C-band; wavelength of 5.6 cm), and passive microwave
sensors at 19 GHz (K-band; wavelength: 1.6 cm) and at 37 GHz
(Ka-band; wavelength of 0.8 cm). Fig. 1(a) shows a dry snow-
pack in which active microwave sensors can penetrate to a depth
of around 10 m [54], passive microwave sensors to a smaller
penetration depth of around 2.5 m for 19 GHz [and 0.5 m for
37 GHz, not shown in Fig. 1(a)] [54], whereas optical sensors
only measure surface reflectance. Fig. 1(b) shows a snowpack
under melting conditions under daylight and cloud-free condi-
tions, and Fig. 1(c) shows the same melt situations, but in a
cloudy and/or night situation. Signals from active and passive
microwave sensors are (almost) unaffected by atmospheric con-
ditions, whereas optical sensors depend on reflected sunlight.
Fig. 1(d) shows near-surface melt presence, which can form due
to near-surface melting [55], [56], after a snowfall event or after
meltwater percolation from the surface [25].

Optical sensors measure the surface reflectance when atmo-
spheric and topographical effects are removed from the visible
through the shortwave infrared spectral bands. Since the total
surface reflectance depends on the surface properties, the re-
flectance of snow, ice, water, and bare rocks can be used to
discriminate between land surface types [57], [58], [59]. The
refractive indices of water and ice are similar, and therefore do
not directly change the surface reflectance when snow melts.
However, the presence of liquid water changes the surface
reflectance indirectly, because liquid water increases the snow
grain size [59], [60]. Ponding water on the other hand changes the
spectral properties of the surface, causing a drop in near-infrared,
red, and green reflectance [61], [62]. This results in a blue
appearance of melt components in true color imagery, such as
slush, melt ponds, and streams [29], [30].
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Fig. 1. Conceptual overview of working principles of optical, active, and passive microwave sensors under different atmospheric and melting conditions. (a) No
melt and sunlight. (b) Surface melt and sunlight. (c) Surface melt and no sunlight due to cloudy and/or nighttime conditions. (d) Near-surface melt and sunlight.
Here, AM indicates active microwave sensors and PM passive microwave sensors.

Active microwave sensors detect the reflected portion of a
radar signal emitted by the satellite, known as the backscat-
ter intensity. The backscatter intensity depends on the snow
dielectric properties and the surface roughness, and hence is
very sensitive to liquid water content within the snowpack [54].
Liquid water increases the absorption of the microwave radiation
and also increases forward scattering, both leading to a decreased
backscatter intensity compared to dry surfaces [48], [63]. There-
fore, a drop in the backscatter intensity is associated with melt
presence. Nevertheless, melt detection on surfaces with a very
high or low roughness can be challenging. Surfaces may become
rougher under the presence of liquid water, e.g., by creating
small meltwater streams [64], [65]. This process increases the
backscatter intensity, thereby confusing meltwater detection
algorithms that look for a drop in backscatter intensity under
melting conditions. Over very flat surfaces (e.g., blue ice), active
microwave sensors might fail to detect surface melt, because
sensors receive (almost) no backscattered signal during nonmelt
periods [66], [67]. Hence, increased liquid water content does
not further reduce the backscatter intensity.

Passive microwave sensors detect the brightness temperature,
which is a function of the liquid water content, temperature,
density, and grain size of the snowpack [68]. From all these
factors, the liquid water content is assumed to have the largest
influence on the brightness temperature [46], [69]. When snow
melts, the liquid water content increases the imaginary part of
the electromagnetic permittivity, which results in an increased
brightness temperature [54], [70]. However, other factors, such
as larger grain size, may also increase the brightness tempera-
ture, potentially leading to falsely detected melt.

Changes in remote sensing data form the basis for many melt
detection algorithms. Most optical algorithms rely on thresholds
based on a modified normalized difference water index adapted
for ice (NDWIice) [34], [71], [72], [73], occasionally also
including some additional thresholds [35]. Recently, machine
learning techniques have been deployed for the detection of
meltwater [29], [74] and slush [30]. However, it should be noted
that besides the slush detection of Dell et al. [30], the listed
methods focus on supraglacial lakes and streams, instead of the
broader focus of this research on all meltwater types.

Meltwater detection algorithms using microwave signals al-
low for studying the seasonal variations of backscatter intensity
and brightness temperature, as observations are also retrieved
during winter [see Fig. 1(c)]. For C-band active microwave sen-
sors, Ashcraft and Long [63] developed a method that assumed
melt when the backscatter intensity is lower than the annual
winter mean −3 dB. The threshold of 3 dB aligns well with the-
oretical results and direct observations [75]. While this approach
is widely used for melt detection in Antarctica (e.g., [16], [76],
[77]), also other thresholds have been used, e.g., using multiple
thresholds [37] or adaptive thresholds [78].

Most passive microwave-based melt detection methods make
use of the 19 GHz horizontally polarized channel, since this
frequency and polarization show the lowest Tb over dry firn,
thereby maximizing the increase in Tb by an increased liquid
water content [48]. Already in the 1990s, Zwally and Fiegles [79]
developed a method for melt detection over Antarctica using the
19 GHz horizontal channel. They assumed melt to occur when
the measured brightness temperature exceeds the annual winter
mean by 30 K, similar to the method proposed by Mote et al. [80]
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TABLE I
SENSOR PROPERTIES OF THE REMOTE SENSING SENSORS DEPLOYED IN THIS STUDY

for melt detection over the Greenland Ice Sheet. We refer to this
method as M+30. Torinesi et al. [47] suggested a more advanced
method, referred to as M+3S, in which they used a dynamic
threshold based on the standard deviation of the Tb signal. In
2002, Ramage and Isacks [81] developed the diurnal amplitude
variations (DAVs) method, which has been successfully applied
to study surface melt [82], [83], [84]. The high revisit time of
twice a day for many passive microwave sensors allows for
making use of the difference between the morning and after-
noon Tb signal, when melt and subsequent refreezing occurs.
Tedesco et al. [82] found that the DAV algorithm reduces the
underestimation of surface melt that can exist for the M+30 and
M+3S methods. The DAV algorithm works best for the 37 GHz
vertically polarized channel, as it is less noisy than the 19 GHz
channel [85]. Besides the M+30, M+3S, and DAV algorithms,
other studies applied statistical K-means clustering [76] and the
cross-polarization (horizontal and vertical) gradient ratio of the
19 and 37 GHz frequencies [86] for surface melt detection.

III. DATA

A. Study Area

In this study, we assessed the spatiotemporal melt patterns on
a continental scale, but specifically focused on four regions over
which meltwater has been detected in previous studies: 1) the
Amery Ice Shelf; 2) Roi Baudouin Ice Shelf; 3) Shackleton Ice
Shelf; and 4) the Antarctic Peninsula (among others Larsen B
and C, George VI, and Wilkins ice shelves) (see Fig. 3).

B. Satellite Imagery

Data from four widely used sensors (i.e., ASCAT, MODIS,
Sentinel-1, and SSMIS) were acquired and preprocessed using
the Google Earth Engine [87]. Table I provides an overview of
the properties of the four sensors.

The ASCAT data with an enhanced resolution (i.e., 4.45 km)
and vertical polarization, developed by the NASA Scatterometer
Climate Record Pathfinder Project [88], were downloaded from
Brigham Young University Microwave Earth Remote Sensing
Laboratory1. Over dry snowpacks in the interior of the Antarctic
Ice Sheet, the backscatter intensity is very weak, due to deep
penetration of the microwave signals [89]. These low signal-
to-noise pixels were therefore masked. We followed Zheng and

1Accessed: Apr. 4, 2022. [Online]. Available: http://www.scp.byu.edu

Zhou [90] and assumed a low signal-to-noise ratio when a pixel
fulfilled one of the following conditions.

1) The winter (June–August) mean was lower than −14 dB.
2) The minimum winter backscatter intensity was less than

3 dB smaller than the minimum summer (December–
February) backscatter intensity.

For MODIS, the MOD09GA (MODIS/Terra Surface Re-
flectance Daily L2G Global 1 km and 500 m SIN Grid) and
MYD09GA (MODIS/Aqua Surface Reflectance Daily L2G
Global 1 km and 500 m SIN Grid) products were acquired and
combined into daily composites based on the least cloudy ob-
servation. This dataset provides a daily visible and near-infrared
reflectance over the Antarctic Ice Sheet in which cloud pixels
were masked out according to the 1-km Reflectance Data State
QA band.

This study used Sentinel-1 Level-1 ground range detected
(GRD) scenes available in Google Earth Engine where they
were preprocessed using the Sentinel-1 toolbox to generate a
calibrated, orthocorrected product [87]. All available horizon-
tally polarized GRD scenes over the Antarctic Ice Sheet for
the five melt seasons were selected, giving a combination of
interferometric wide (IW) and extra wide (EW) overpasses for
which the melt detection algorithm was applied per orbit. Similar
to ASCAT, pixels with a low signal-to-noise ratio in the interior
of the Antarctic Ice Sheet were masked.

For SSMIS, two melt detection algorithms were implemented:
1) M+3S (abbreviated to SSMISM+3S); and 2) DAV (abbre-
viated to SSMISDAV), with each algorithm requiring different
input data. The SSMISM+3S results were computed using hori-
zontally polarized 19 GHz observations with a spatial resolution
of 6.25 km, the finest enhanced resolution product available for
the 19 GHz frequency. Observations from platform F17 were
ingested, which has the highest orbit stability2. The SSMISDAV

algorithm gives best results for vertically polarized 37 GHz
observations [85]. Observations with a spatial resolution of
3.125 km were used, the finest spatial resolution for the 37 GHz
frequency. The vertically polarized 37 GHz data of platform F17
are corrupted from April 2016 onward. Therefore, data from
the F18 platform were used instead, which have a lower orbit
stability than data from the the F17 platform, but nevertheless a
similar overpass time as platform F17 when averaged over the

2Accessed: Aug. 31, 2022. [Online]. Available: http://www.remss.com/
support/crossing-times/

http://www.scp.byu.edu
http://www.remss.com/support/crossing-times/
http://www.remss.com/support/crossing-times/
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study period. All SSMIS observations were obtained from the
National Snow and Ice Data Center (NSIDC)3.

C. Weather Stations

Three hourly 2 m air temperature observations from AWS14,
located at the Larsen C Ice Shelf, were used. The daily mini-
mum and maximum values were selected and compared to the
satellite observations and derived melt predictions. We used the
temperature observations to interpret the disagreement between
the sensors in detected melt over AWS14. Even though surface
temperatures below freezing point can occasionally also lead to
melt [91], the positive air temperatures from the weather station
were used as first indication for melt presence, similar to many
studies (e.g., [37], [45], [92], [93]).

D. Precipitation Data

Precipitation data from RACMO version 2.3p2, which are
dynamically downscaled ERA-5 [23], were compared to the
detected melt of the four remote sensing satellites. Surface melt
can turn into near-surface melt after a snowfall event [94], and
therefore remain unnoticed by MODIS. For that reason, we
examined whether precipitation events could explain some of
the disagreement in detected melt between MODIS and the other
three satellites.

E. Sea Ice Concentration

The global 4 km sea ice concentration product PFV53
(AVHRR Pathfinder Sea Surface Temperature Version 5.3),
available in the Google Earth Engine [95], was compared to
SSMISM+3S observations. The large measurement response
function of SSMIS 19 GHz, with a footprint of ∼72 by ∼44
km [96], means that the reported Tb may be contaminated by the
pixel surroundings. In the case of a near-coastal pixel surrounded
by open water, the effect on theTb observation can be large, since
open water has a very low Tb compared to (sea) ice.

The allocated sea ice concentration for a near-coastal SSMIS
pixel was presumed to be the average sea ice concentration of
all ocean pixels in the buffering area with a radius of 58 km
around the pixel of interest, corresponding to the mean of the
measurement response function.

F. Contour Lines

The grounding line, coastline, and outlines of the ice shelves
were obtained from the NSIDC MEaSUREs campaign created
between 2007 and 2009 [97]. The outlines of the individual ice
shelves were clipped using the more up-to-date coastline product
of the British Antarctic Survey from 2021 [98]. Finally, we
used a digital elevation model of Antarctica based on CryoSat-2
observations between July 2010 and July 2016 [99] to eliminate
elevations over 1700 m (similar to, e.g., [100]) at which melt is
not expected.

3Accessed: Apr. 14, 2022. [Online]. Available: http://www.nsidc.org

IV. METHODS

A. Melt Detection Methods

We computed the binary melt presence, i.e., m(t) (0: no
melt, 1: melt), for the four studied remote sensing sensors
using state-of-the-art melt detection algorithms. We focused on
austral summers (December, January, and February) for five melt
seasons, between (December) 2015 and (February) 2020.

Since both ASCAT and Sentinel-1 are C-band sensors, the
same widely used melt detection algorithm was applied, pro-
posed by Ashcraft and Long [63]. Melt presence is assumed
when the backscatter intensity is smaller than the annual winter
mean minus a certain threshold by using

m(t) =

{
1, σ0(t) < σ0

winter +Δσ0

0, σ0(t) ≥ σ0
winter +Δσ0

(1)

where σ0
winter is the average backscatter intensity of the previous

winter (June–August) months and Δσ0 is the threshold which
is set to −3 dB. Sentinel-1 observations were processed on a per
relative orbit basis.

For MODIS, we used the NDWIice to detect meltwater.
Over Antarctica, different thresholds are used for detecting
supraglacial lakes, e.g., greater than 0.25 [16], [72], [73], [101],
slush, e.g., greater than 0.12 [30], [72], and meltwater, e.g.,
greater than 0.07 [16]. In this study, we lowered the NDWIice
threshold to 0.05 to include more potentially wet pixels, accord-
ing to the spectral measurement of wet snow from Hannula and
Pulliainen [102]. Melt is assumed when a pixel agreed with the
following equation:

m(t) =

{
1, NDWIice(t) > 0.05

0, NDWIice(t) ≤ 0.05
(2)

where NDWIice is the normalized difference between the ob-
served surface reflectance in red and blue bands [NDWIice =
(BLUE − RED)/(BLUE + RED)].

For SSMIS observations, we applied two melt detection algo-
rithms: 1) SSMISM+3S; and 2) SSMISDAV. The SSMISM+3S

algorithm, developed by Torinesi et al. [47], is comparable
to the active microwave algorithm, as it is also based on the
annual winter mean plus a certain threshold. Torinesi et al. [47]
proposed a three-step approach to define a threshold. When the
brightness temperature exceeds the winter mean plus the derived
threshold, melt is assumed, using

m(t) =

{
1, Tb(t) > Tb,winter +ΔTb

0, Tb(t) ≤ Tb, +ΔTb

(3)

where ΔTb is the threshold which is set to at least 30 K, but
can be as large as three times the standard deviation [46]. The
standard deviation is obtained by computing the mean Tb over
all observations of a melt year (from April 1 to March 31), then
excluding all observations exceeding the mean by at least 30 K,
and repeating this process in three iterations. In this way, the high
brightness temperatures are removed, and the standard deviation
is computed using the filtered dataset.

The second algorithm applied to SSMIS observations, re-
ferred to as SSMISDAV, makes use of the difference between

http://www.nsidc.org
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morning and afternoonTb. The method was first used by Ramage
and Isacks [81] over Alaska. Zheng et al. [84] found that a
threshold of 9 K was optimal for detecting surface melt over
the Antarctic Ice Sheet. According to the SSMISDAV algorithm,
melt is assumed when a pixel agreed with the following equation:

m(t) =

{
1, | Tb,morning(t)− Tb,afternoon(t) |> ΔDAV

0, | Tb,morning(t)− Tb,afternoon(t) |≤ ΔDAV
(4)

where Tb,morning and Tb,afternoon are the brightness temperature of
the morning and afternoon overpasses, respectively, and ΔDAV
equals 9 K.

B. Sensitivity Studies

Multiple sensitivity studies were applied to assess the dif-
ferences in detected melt for the four sensors. Our sensitivity
analyses consisted of four parts: 1) spatiotemporal sensitivity;
2) overpass time sensitivity; 3) sensitivity to liquid water; and
4) melt detection algorithm sensitivity.

1) Spatiotemporal Sensitivity: Once the surface melt was
detected in the satellite observations, we compared the results in
both spatial and temporal domains. To study the spatial patterns,
we calculated a summer melt occurrence (SMO; in percentage),
a statistical representation to intercompare the detected melt,
using

SMO =
# melt

# observations
× 100 [%] (5)

in which the number of melt observations (# melt) and the total
number of observations (# observations) were computed per
pixel. To calculate the # melt, we summed all the observations
for which melt was detected over the five studied melt seasons,
using the state-of-the-art melt detection algorithms, as described
in Section IV-A. We computed the # observations by summing
all the available observations over the studied melt seasons. An
SMO of 0% means that there was no melt observed over the
studied period, whereas an SMO of 100% holds that over all the
observations melt was detected.

For ASCAT, Sentinel-1, and SSMIS, we used all the observa-
tions. For MODIS, SMO was solely calculated based on cloud-
free pixels. While the role of clouds on melt is still under debate,
clouds alter the shortwave/longwave energy budget, which could
lead to (additional) melting [69], [103], [104], [105], [106].
Therefore, MODIS likely underestimates melt in cloudy regions,
preventing an unbiased comparison between MODIS and the
other sensors.

For the temporal analysis, time series were created to analyze
the satellite signals over seven locations. These locations were
selected based on their large difference in SMO between the
sensors. For all the points, we compared both the input signals
in the used melt detection algorithms (i.e., σ0, NDWIice, and
Tb) as the derived melt. Again, note that, especially for optical
imagery, this can lead to biased results, as surface melt is possibly
correlated to cloudiness.

2) Overpass Time Sensitivity: To assess the sensitivity of
the melt detection algorithms to overpass time, we analyzed
the SMO for both ASCAT and SSMISM+3S for morning and
afternoon observations separately. This analysis was performed

over the four study areas described in Section III-A where for
the Antarctic Peninsula only the ice shelf pixels were analyzed.

Since for Sentinel-1 and MODIS no balanced morning and
afternoon datasets were available, the overpass time sensitivity
analysis was not applied to these datasets. In case of Sentinel-1,
the overpass times are orbit-dependent and vary largely through-
out the continent. For example, over the Larsen C Ice Shelf, 58%
of the observations were captured in the early morning (3 AM–6
AM) and only 42% in the evening (6 PM–9 PM). Also MODIS
does not have the same amount of cloud-free morning (10:30
AM) as afternoon (1:30 PM) observations. Since the cloud cover
changes frequently over the Antarctic Ice Sheet, the number
of Aqua and Terra observations differ depending on the time
of the year [107]. Finally, melt results from SSMISDAV were
not studied for the overpass time sensitivity analysis, because
the algorithm combines the morning and afternoon observations
into one daily melt product.

3) Sensitivity to Liquid Water: The Snow Microwave Radia-
tive Transfer (SMRT) [108] model was used to study the sensitiv-
ity of microwave sensors to the presence of liquid water. SMRT is
a 1-D model that simulates the interaction of microwave signals
with a stack of horizontal layers, each with its specific properties
(such as density, temperature, and liquid water) [108], [109].
Similar to the work of Picard et al. [109], the exponential repre-
sentation was selected to model the microstructure of the snow-
pack. This representation assumes an exponential function for
the correlation function, therefore information about the grain
size did not have to be provided, and only the correlation length
of each layer was required. The implemented model framework
was similar to other SMRT studies [108], [109], [110]. The
improved Born approximation (IBA) theory [111] was selected
to compute the scattering and absorption coefficients per layer,
and the radiative transfer equation for the whole snowpack was
solved according to the discrete ordinate and eigenvalue (DORT)
method [108].

The SMRT model was used to simulate the backscatter in-
tensity of ASCAT and Sentinel-1, and brightness temperature
of SSMIS, for a snowpack with varying liquid water contents.
The sensitivity of the sensors to liquid water was assessed with
the following sensor settings: ASCAT (frequency: 5.4 GHz;
polarization: VV; and incidence angle: 40°), Sentinel-1 (fre-
quency: 5.2 GHz; polarization: HH; and incidence angle: 40°),
SSMIS for the SSMISM+3S algorithm (frequency: 19 GHz;
polarization: H; and incidence angle: 55°), and SSMIS for the
SSMISDAV algorithm (frequency: 37 GHz; polarization: V; and
incidence angle: 55°). The default snowpack parameters for the
upper layer (i.e., snow), middle layer (i.e., firn), and bottom layer
(i.e., ice) are given in Table II. The sensitivity of these parameters
(i.e., thickness, density, correlation length, and temperature) was
assessed by adjusting them one by one.

4) Melt Detection Algorithm Sensitivity: Since the assessed
melt detection algorithms rely on thresholds to derive a binary
estimate (i.e., melt or no melt), we evaluated the sensitivity of
the selected thresholds by comparing the SMO for different
thresholds. This is important because smaller thresholds result in
more melt, as smaller deviations are classified as melt, whereas
larger thresholds result in less melt. To assess the threshold
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TABLE II
DEFAULT SNOWPACK PARAMETERS FOR SMRT SIMULATIONS

sensitivity (TS), we varied the thresholds applied in (1)–(3).
For ASCAT and Sentinel-1, we varied Δσ0 from −5 to −1 dB
with steps of 0.1 dB. For MODIS, we varied the threshold of
NDWIice for melt detection from 0 to 0.1 with steps of 0.01.
For SSMISM+3S, we varied ΔTb from 20 to 40 K with steps of
1 K. The ΔDAV threshold applied in the SSMISDAV algorithm
was varied from 5 to 13 K with steps of 0.1 K.

Then, for each sensor, we selected the thresholds that resulted
in 10% more summed melt pixels compared to the default
thresholds, which we defined as SMO+

10%. The same method
was repeated to obtain the thresholds that resulted in 10%
less melt, which we defined as SMO−

10%. Finally, the TS was
computed using

TS = SMO+
10% − SMO−

10% (6)

in which TS is a value between 0 and 100%. When TS equaled
0%, the melt occurrence for a pixel was insensitive for the
threshold, and the same SMO was obtained for the small and
large thresholds. For larger TS values, more melt was computed
using the small threshold than for the large threshold.

V. RESULTS

A. Data Availability

Fig. 2 shows the data availability of the four sensors over the
examined melt seasons. The results indicate large differences in
the number of observations for each sensor.

ASCAT has almost complete coverage over the entire Antarc-
tic Ice Sheet, with accurate parameter retrieval to ∼ 88◦ south.
However, there are some data gaps in the ASCAT dataset, i.e., 22
days in the melt season of 2017–2018 and 30 days in melt season
2018–2019, are missing. Most of the data are missing over
West Antarctica and Dronning Maud Land, resulting in ∼450
overpasses in melt seasons 2015–2020, whereas over Victoria
Land and Wilkes Land in East Antarctica ∼600 observations
can be studied. Besides periods of data gaps, ASCAT overpasses
twice a day (∼6 AM, ∼6 PM local time) on alternating days.

MODIS has frequent coverage over the interior of Antarctica
with approximately 400 acquisitions during the study period.
However, over the ice shelves, MODIS is severely impacted by
cloud cover. The Antarctic Peninsula is especially affected by
the persistent clouds. Over Larsen C ∼85% of the observations
are unusable, as they are covered by clouds, translating to only
66 observations for the five melt seasons, equivalent to an
observation once every week.

Similar to MODIS, the number of observations for Sentinel-1
varies strongly between the interior of the Antarctic Ice Sheet
and ice shelves. Sentinel-1 retrieves more observations over the

Fig. 2. Number of overpasses over the austral melt seasons 2015 to 2020 for
the following. (a) ASCAT. (b) MODIS. (c) Sentinel-1. (d) SSMIS. The number
of overpasses for SSMIS shown in subpart (d) are based on the observations
of the F17 platform for the horizontally polarized 19 GHz channel (used for
SSMISM+3S). SSMIS observations from the vertically polarized 37 GHz
channel from the F18 platform (used for SSMISDAV) have a comparable
number of overpasses (1082, without data gaps).

ice shelves than over the interior of the ice sheet, as Sentinel-1 is
a right-viewing satellite. Over the Antarctic Peninsula, there are
∼450 overpasses, translating to more or less one overpass per
day. The Sentinel-1 mission plan prescribes storing fewer ob-
servations over ice shelves in East Antarctica compared to West
Antarctica, with ∼200 overpasses over Amery, Roi Baudouin,
and Shackleton ice shelves, translating to∼1 overpass every 2–3
days.

SSMIS has the highest overpass frequency, with ∼1060 over-
passes in total in East Antarctica and ∼1080 in West Antarctica,
for the 19 GHz horizontally polarized observations (used for the
SSMISM+3S algorithm). The difference in overpass frequency is
a result of some rare failures mostly influencing East Antarctica.
For the SSMISDAV algorithm, for which 37 GHz vertically
polarized observations were used, there is an overpass frequency
of 1082 over the entire Antarctic Ice Sheet. It should be noted that
the SSMISDAV algorithm combines a morning and an afternoon
overpass for one melt observation; hence, the total number of
melt observations equals 541 for the study period.

B. Spatiotemporal Sensitivity

Fig. 3 shows the spatial pattern of SMO for melt seasons from
2015 to 2020 over the Antarctic Ice Sheet and the four selected
study regions. To further demonstrate the differences in melt
detection between the sensors, we present the discrepancies in
Fig. 4.

When comparing the SMO of ASCAT to the other sensors,
we find large variation over blue ice regions. The blue ice region
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Fig. 3. Melt occurrence for melt seasons 2015–2020 for ASCAT, MODIS, Sentinel-1, and SSMIS over the Antarctic Ice Sheet and four selected ice shelves. For
SSMIS, two melt detection methods were applied, i.e., SSMISM+3S and SSMISDAV. The light gray areas have no overpasses for the study period. The dark
gray areas in ASCAT and Sentinel-1 highlight the low signal-to-noise ratio areas in which the algorithm is unreliable.

located on the south–east of the Roi Baudouin Ice Shelf is the
most clear example. At the location indicated with point a in
Fig. 4, ASCAT detects an SMO of 11%, whereas an SMO of
84%, 25%, and 43% are found for MODIS, SSMISM+3S, and
SSMISDAV, respectively. Similar to ASCAT, also Sentinel-1
detects a low SMO of 12% over point a.

Large discrepancies between MODIS and the other sensors
occur both over the center of the ice shelves and along the
grounding lines. Over the center of the ice shelves, most of the
MODIS observations are cloud-covered (see Fig. 2); therefore,

the SMO was computed on a limited number of observations.
MODIS detects an SMO of around 25% over the ice shelves,
whereas the other sensors detect an SMO of at least 50% over
the studied ice shelves.

On the contrary, MODIS results show an SMO exceeding 75%
over the grounding lines of the Amery Ice Shelf, Roi Baudouin
Ice Shelf, and Shackleton Ice Shelf, whereas the other sensors
detect a lower SMO around 50%. These areas coincide with the
blue ice areas as found by Winther et al. [112]. Over the location
indicated with point b in Fig. 4, MODIS detects an average SMO
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Fig. 4. Difference in melt occurrence for melt seasons 2015–2020 between ASCAT, MODIS, Sentinel-1, and SSMIS over the four selected ice shelves. For
SSMIS, two melt detection methods were applied, i.e., SSMISM+3S and SSMISDAV. The results of SSMISM+3S are compared to the other three sensors, and
the last column compares SSMISM+3S and SSMISDAV. The following seven locations are selected for further analysis. (a) Blue ice. (b) Outlet glacier. (c) Firn
aquifer. (d) Snowfall. (e) Winter melt. (f) Near-shore. (g) Persistent melt. The location indicated with a black star is discussed in the text.

of 74%, whereas the SMO equals to 20% for MODIS, 7% for
Sentinel-1, 0% for SSMISM+3S, and 9% for SSMISDAV. Due
to the optical nature of MODIS, there are differences in SMO
between MODIS and the other sensors over regions with near-
surface melt, such as over a firn aquifer (point c in Fig. 4) and
surface melt covered by snowfall (point d in Fig. 4). Also, winter
melt events are missed by MODIS (point e in Fig. 4).

Sentinel-1—with the finest spatial resolution of the four stud-
ied sensors—captures more detailed melt features than the other
sensors. This is clearly visible for the most northern ice rise at
the Shackleton Ice Shelf (indicated with a black star in Fig. 4)
that has an average elevation of 300 m. ASCAT and SSMIS (both
SSMISM+3S and SSMISDAV), with a coarser spatial resolution,
detect a similar SMO over the ice rise as over the surrounding
pixels, with values between 30% and 35% melt. A much lower
SMO for Sentinel-1 is found over the ice rise, corresponding
to an average SMO of 4%. Such a low SMO value would be
expected at higher (and thus colder) elevations.
SSMISM+3S differs from the other sensors over some near-

coast regions. For example, at the pixels near the coast at the
western part of Shackleton (the pixels surrounding point f in
Fig. 4), SSMISM+3S does not detect any melt. Over this location
SSMISM+3S has an SMO of 0%, whereas a higher SMO is found
for ASCAT, MODIS, Sentinel-1, and SSMISDAV with values of
62%, 14%, 70%, and 69%, respectively.

SSMISDAV shows a low SMO over areas with persistent
melt. An example is the George VI Ice Shelf on the Antarctic
Peninsula, with an average SMO of 55% over point g in Fig. 4,
whereas values of 80%, 77%, and 72% are detected by ASCAT,
Sentinel-1, and SSMISM+3S, respectively. Again, also MODIS
results in a lower SMO (i.e., 41%) over the often clouded George
VI Ice Shelf.

To better understand the discrepancies and similarities be-
tween the sensors, the time series of seven locations were
compared. The locations of points a–g can be found on the
maps of Fig. 4. The satellite signals and detected melt over these
locations are shown in Fig. 5.

Fig. 5(a) and (b) show that there are large discrepancies in
melt detection over bare ice regions, such as a blue ice area and
an outlet glacier. MODIS detects more melt over the blue ice
location [see Fig. 5(a)] (95%) than ASCAT (32%), Sentinel-1
(31%), SSMISM+3S (18%), and SSMISDAV (66%) in melt
seasons 2019–2020. Also, over the outlet glacier [see Fig. 5(b)],
more melt is detected by MODIS (100%) than by ASCAT (30%),
Sentinel-1 (33%), SSMISM+3S (6%), and SSMISDAV (19%),
here computed for melt seasons 2016–2017. MODIS detects
a persistently high NDWIice over the bare ice regions [0.10
for Fig. 5(a); 0.16 for Fig. 5(b)], resulting in detected melt for
(almost) all observations. On the other hand, almost no drop
in backscatter intensity of ASCAT and Sentinel-1 is visible
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Fig. 5. Time series of backscatter intensity (σ0), NDWIice, brightness temperature (Tb), and DAV for the four studied sensors. The comparison shows the
measured σ0 of ASCAT (in purple), σ0 of Sentinel-1 (in green), NDWIice of MODIS (in blue), Tb of SSMIS SSMISM+3S (in red), and DAV for SSMISDAV

(in orange). When melt is detected, the signals are overlaid with a darker scatter. The flags on top of each subfigure facilitate intercomparison of the melt results,
indicating no data (light color), no melt (medium color), and melt (dark color); see the legend in the left upper corner for the specific colors used per melt detection
method. The locations of (a)–(g) are shown in Fig. 4.

during the melt seasons relative to winter period values, and
no clear peak presents in the brightness temperature of SSMIS,
explaining the less frequent melt detection by the microwave
sensors.

Fig. 5(c) illustrates the sensor signals over a firn aquifer
(subsurface meltwater stored in pore spaces in the firn layer)
at the Wilkins Ice Shelf. Montgomery et al. [113] detected a
firn aquifer here, starting at 13.4 m depth with a total thickness
of 16.2 m in December 2018, which indicates that the climatic
conditions are in general favorable for liquid water storage below
the surface. ASCAT and Sentinel-1 detect melt for the longest
period (up to April 2019) over this location, which may hint
on the detection of near-surface melt instead of surface melt, as
ASCAT and Sentinel-1 have relatively large penetration depths.
Both SSMISM+3S and SSMISDAV detect melt for a shorter
period than ASCAT and Sentinel-1, until mid-February. MODIS

only detects melt during the end of December and January,
thereafter no melt is detected.

We also see differences in melt detection after snowfall events
[see Fig. 5(d)], potentially also due to confusion between surface
and near-surface melt. Again, MODIS only measures surface
melt, therefore it fails to detect melt covered by snow after
precipitation events (January 11 and February 15), whereas other
sensors do detect (near-surface) melt.

Since MODIS depends on reflected sunlight, no melt obser-
vations can be performed during the winter season. However,
there are locations in Antarctica where up to 20% to 25% of the
melt occurs during the winter season, driven by foehn winds [20].
Fig. 5(e) shows an example of such a winter melt event (reported
in [41]). Both SSMISM+3S and SSMISDAV detect melt during
the three periods of elevated temperature, in the beginning of
March, mid-May, and end of May. ASCAT detects melt once,
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Fig. 6. Melt occurrence for morning and afternoon observations for the following. (a)–(d) ASCAT. (e)–(h) SSMISM+3S.

on May 10 at 6 PM. Sentinel-1 does not detect melt, however
there are also no overpasses at times where SSMIS detects melt
(i.e., March 1 and 3, May 9–11 and 25–27).
SSMISM+3S detects no melt during the melt seasons for near-

coastal pixels at locations where sea ice strongly decreases dur-
ing summer. Fig. 5(f) shows that changes in sea ice concentration
and SSMIS brightness temperature correspond. When the sea ice
concentration decreases (e.g., in the beginning of January 2017),
the SSMIS brightness temperature follows. This is because the
large footprint of SSMISM+3S results in mixed pixels where
open water masks the increased brightness temperature during
melt. For SSMISDAV, this problem is minimized because the
37 GHz has a smaller footprint than the 19 GHz channel and
the SSMISDAV algorithm compensates for the low Tb signal by
subtracting morning from afternoon overpasses.

Extensive areas of ponded surface water have been observed
over the northern part of the George VI Ice Shelf since the
early 1940s [100], [114], [115]. Where ASCAT, Sentinel-1,
and SSMISM+3S detect melt of 99%, 97%, and 85%, respec-
tively, averaged over melt seasons 2017–2018, this is lower
for SSMISDAV (i.e., 72%), as shown in Fig. 5(g). The applied
SSMISDAV algorithm detects melt when the difference between

morning and afternoon observations exceeds 9 K; however, for
areas with persistent melt throughout the summer, the difference
between morning and afternoon observations are too small to
pass this threshold.

C. Overpass Time Sensitivity

When we compare the SMO for morning and afternoon
overpasses for ASCAT and SSMISM+3S in Fig. 6, afternoon
observations show higher SMO than morning observations with
differences of 16% (4%) over Amery Ice Shelf, 15% (3%) over
the Antarctic Peninsula, 14% (4%) over Roi Baudouin Ice Shelf,
and 23% (6%) over Shackleton Ice Shelf for SSMISM+3S (for
ASCAT between brackets). This shows that the overpass time
can have a large influence on the detected melt.

The differences between ASCAT and SSMISM+3S are small
for morning observations. However, SSMISM+3S detects more
melt than ASCAT during afternoon observations. The Antarctic
Peninsula forms an exception here, where meltwater is abundant
also during nighttime (e.g., shown by the small diurnal variation
in detected melt over the Antarctic Peninsula in [44]), thereby
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Fig. 7. Modeled backscatter intensity (σ0) from ASCAT vertically polarized
(in purple) and Sentinel-1 horizontally polarized (in green), and brightness
temperature (Tb) from SSMIS 19 GHz horizontally polarized (in red) and 37
GHz vertically polarized (in orange) as a function of the total liquid water content
in the top 0.05 (dashed lines), 0.10 (solid lines), or 0.25 m (dotted lines) of the
snowpack.

explaining the high SMO during both morning and afternoon
observations for both sensors.

While we did not assess the influence of overpass time for
MODIS and Sentinel-1 due to lack of variations of overpass
times, Fig. 5(e) shows how mismatching overpass timing and a
lower temporal resolution result in potential missed melt events
for Sentinel-1.

D. Sensitivity to Liquid Water

The backscatter intensity and brightness temperature sensitiv-
ity to liquid water for different thicknesses of the upper layer are
assessed in Fig. 7, the sensitivity to the other three parameters
(i.e., density, correlation length, and temperature) are evaluated
in Fig. A1. Results from our radiative transfer model SMRT
suggest that SSMIS (19 and 37 GHz) is highly sensitive to small
liquid water contents. The brightness temperature increases with
80/95 K for 19/37 GHz, respectively, for a total liquid water
content of 0.10 kg/m2 compared to a dry snowpack, with a snow
layer thickness of 0.10 m. After reaching a maximum bright-
ness temperature (approximately at a total liquid water content
of 0.10 kg/m2), the brightness temperature slowly decreases
because the surface becomes more reflective. The backscatter
intensities of ASCAT and Sentinel-1, which slightly differ due to
small differences in polarization and frequency, require approx-
imately a ten-fold larger liquid water content (approximately
1.0 kg/m2) than SSMIS to become fully saturated.

As shown in Fig. 7, the increase in brightness temperature for
SSMIS 19 GHz is largest for thicker snow layers (i.e., 75/86 K
for 0.05/0.25 m, respectively, when comparing a dry snowpack
to a snowpack with a total liquid water content of 0.10 kg/m2).
For SSMIS 37 GHz, the brightness temperatures are (almost)
identical for different snow layer thicknesses. For ASCAT and
Sentinel-1, the drop in backscatter intensity is small, especially
for shallow snow layers (i.e., −2.5/−7.1 dB for 0.05/0.25 m,
respectively, when comparing a dry snowpack to a snowpack
with a total liquid water content of 1.0 kg/m2) making ASCAT
and Sentinel-1 less sensitive to liquid water in shallow snow
layers, but also to snow layers with lower densities, larger
correlation lengths, and higher temperatures (see Fig. A1).

TABLE III
SUMMARY OF THE PERTURBED THRESHOLDS FOR THRESHOLD SENSITIVITY

ANALYSIS

The high sensitivity of SSMIS to small liquid water contents
might explain the previously observed difference in afternoon
SMO between ASCAT andSSMISM+3S (see Fig. 6). Especially,
over the Amery Ice Shelf and Roi Baudouin Ice Shelf, the
afternoon observations of SSMISM+3S show a higher SMO
than ASCAT. According to Fig. 6, over Amery Ice Shelf, the
difference in SMO is 14% (ASCAT afternoon mean: 12%,
SSMIS afternoon mean: 26%) and over Roi Baudouin 11%
(ASCAT afternoon mean: 27%, SSMISM+3S afternoon mean:
38%). This difference can be linked to the small mean surface
melt flux over these ice shelves (around 100 mm w.e. year−1),
whereas the fluxes are larger over the Antarctic Peninsula and
the Shackleton Ice Shelf (between 200–400 mm w.e. year−1

and around 200 mm w.e. year−1, respectively) according to
satellite-based estimates [52] and RACMO2 simulations [23].

The higher sensitivity of SSMIS might also explain the dis-
crepancies in Fig. 5(e). BothSSMISM+3S andSSMISDAV detect
more melt than ASCAT and Sentinel-1 during the melt events
in the winter of 2016. However, this might also be linked to the
lower overpass frequency of ASCAT and Sentinel-1, as stated
in the previous Section V-C.

E. Melt Detection Algorithm Sensitivity

Fig. 8 shows the TS for ASCAT, MODIS, Sentinel-1,
SSMISM+3S, andSSMISDAV. The used thresholds for SMO+

10%
and SMO−

10% are given in Table III. The highest TS for AS-
CAT, Sentinel-1, SSMISM+3S, and SSMISDAV arise along the
grounding lines. Especially for SSMISM+3S and SSMISDAV,
more melt is detected inward from the grounding line, where we
find that on average SMO+

10% results in ∼10%–15% more melt
than SMO−

10%. For MODIS, ∼15%–20% more melt is detected
over the center of ice shelves when using the SMO+

10% threshold.
The original threshold ofNDWIice shows a low SMO compared
to the other sensors over these regions (see Fig. 3); hence, a
lower threshold of NDWIice might result in more comparable
melt results as the other sensors. Nevertheless, areas that showed
a relatively high SMO compared to the microwave sensors (see
Fig. 3) (i.e., blue ice regions) are less sensitive to the selected
threshold and would also overestimate melt presence with an
SMO−

10% threshold compared to the other sensors.

VI. DISCUSSION

A. Opportunities and Challenges: Perspectives of Sensor
Characteristics

Based on the comparison of the detected melt for the four
sensors, we identify four opportunities and challenges in relation
to the sensor characteristics, including cloud obstruction and
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Fig. 8. Melt sensitivity for melt seasons 2015–2020 for ASCAT, MODIS, Sentinel-1, and SSMIS using algorithm SSMISM+3S and SSMISDAV over the four
selected ice shelves. The difference in melt occurrence is computed by comparing small and large thresholds, compared to the default thresholds used in the
state-of-the-art melt detection algorithms.
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TABLE IV
SUMMARY OF THE IDENTIFIED ADVANTAGES AND DISADVANTAGES IN DETECTING SURFACE MELT OVER ANTARCTICA USING DIFFERENT REMOTE SENSING

SENSORS

polar darkness, surface penetration, temporal resolution and
overpass time, and spatial resolution.

1) Cloud Obstruction and Polar Darkness: Our results
showed that cloud obstruction and polar darkness are funda-
mental limitations for optical data. MODIS does not detect
winter melt events [see Fig. 5(e)], whereas especially over
the Antarctic Peninsula several melt events have been reported
during winter [20], [41], [116]. Moreover, MODIS is unable to
capture melt events during cloudy days. This is probably one of
the main reasons for the underestimation of melt over the ice
shelves where clouds are abundant.

2) Surface Penetration: Our analysis showed that large dif-
ferences in SMO between sensors can result from differences
in penetration depth. The active and passive microwave sensors
receive signals from dry snowpacks to depths of ∼10, ∼2.5,
and ∼0.5 m for C-band active microwave, K-band passive mi-
crowave, and Ka-band passive microwave, respectively. There-
fore, microwave sensors are not only detecting surface melt, but
also liquid water in deeper layers. At locations where we expect
near-surface melt to be present [see Fig. 5(c) and (d)], ASCAT
and Sentinel-1 detected more melt than SSMIS. In contrast,
MODIS does not penetrate the surface, and therefore gives the
opportunity to purely focus on surface melt. Moreover, the dif-
ferent frequencies of active and microwave sensors provide the
opportunity to derive the depth of the meltwater. A recent study
attempted to discriminate between surface and near-surface
melt over the Greenland Ice Sheet using multiple frequencies
of passive microwave sensors [49]. When combining optical,

active, and passive microwave signals, an even more detailed
profile of meltwater depths might be acquired.

3) Temporal Resolution and Overpass Time: Our results
showed that melt over Antarctica can occur for very short periods
of time. Sentinel-1, which has a lower temporal resolution than
ASCAT and SSMIS, missed such short melt events [e.g., as
shown in Fig. 5(e)]. We indicated that afternoon overpasses
resulted in a higher SMO than morning overpasses (see Fig. 6).
Picard and Fily [44] found that when comparing passive mi-
crowave sensors, the differences in overpass time has the most
significant effect on SMO, more than other characteristics, such
as frequency, incidence angle, and spatial resolution. Bevan
et al. [38] compared QuikSCAT and ASCAT melt observations
and showed that QuikSCAT detected more melt than ASCAT
over the Larsen C Ice Shelf, among others due to the preferable
overpass time of QuikSCAT (∼4 PM local time) over ASCAT
(∼6 PM local time). These findings highlight the importance
of available sensor observations during noon, when melt over
Antarctica is most likely.

4) Spatial Resolution: We demonstrated that coarse spatial
resolution observations, such as the 4.45 km observations of AS-
CAT, the 6.25 km observations ofSSMISM+3S, and the 3.125 km
observations of SSMISDAV, failed to detect smaller scale melt
features. ASCAT, SSMISM+3S, and SSMISDAV detected melt
over the small ice rises at Shackleton Ice Shelf (see Fig. 4),
opposed to MODIS and Sentinel-1. Besides, in heterogeneous
pixels, their coarse spatial resolution leads to mixing up the
surface melt signals with signals from sea ice or open water [see
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Fig. 5(f)]. As a consequence, coarse spatial resolution sensors
might fail threshold-based surface melt detection methods.

B. Opportunities and Challenges: Perspectives of Applied
Methods

Apart from sensor-characteristic-related opportunities and
challenges, we also identify opportunities and challenges con-
sidering the applied methods. We discuss opportunities and
challenges related to the sensitivity to the applied thresholds in
the melt detection algorithms, the two melt detection algorithms
applied to SSMIS, and discuss implications due to the absence
of ground truth data.

1) Meltwater Detection Thresholds: ASCAT, Sentinel-1,
SSMISM+3S, and SSMISDAV show the highest TS along the
grounding lines, where MODIS has the highest TS over the
center of ice shelves. Over locations with a high TS, thorough
research is desired to select optimal thresholds. An example is
a study by Trusel et al. [37] in which they proposed to use a
decision tree method to determine the appropriate Δσ0. Since
they used QuikSCAT data, future research is required to show
the applicability of the proposed thresholds to ASCAT and
Sentinel-1 data.

We also found areas where MODIS detected an SMO exceed-
ing ∼75% (e.g., over blue ice regions), but had a low sensitivity
to the selected threshold. Due to the bluish appearance of blue
ice regions, the NDWIice-based detection method is likely to
overestimate surface melt over these regions. Moreover, misclas-
sification of aged snow can result in an overestimation of SMO
along the grounding lines detected by MODIS. Based on spectral
measurements and simulations [117], [118], theNDWIice of wet
snow or aged snow range from 0.05 to 0.1. Therefore, there is a
tradeoff between the detection of wet snow and overestimation
of melt over aged snow areas. The MODIS melt detection could
potentially be refined by including additional constraints (for
example, based on snow grain size or blue ice presence) to the
melt detection algorithm. Nevertheless, it should be noted that
surface melt can occur in these low albedo areas [27], [119], and
optical sensors are able to detect surface melt over these areas
(albeit an overestimation), whereas blue ice regions are often
underestimated or neglected by regional climate models [23]
and the melt detection algorithms applied to microwave sensors.

2) SSMIS Melt Detection Algorithms: Besides the frequently
used M+3S algorithm (i.e., SSMISM+3S), also the DAV algo-
rithm (i.e., SSMISDAV) was applied to the SSMIS data in this
research. It was possible to also study the daily brightness tem-
perature variations using the DAV algorithm, because SSMIS
observes the Antarctic Ice Sheet twice a day with constant local
overpass times. Similar to the work of Tedesco et al. [82], it was
found that SSMISM+3S tends to underestimate melt compared
to the other sensors for most of the Antarctic Ice Sheet. There-
fore, SSMISDAV is preferred over the SSMISM+3S algorithm;
however, over persistent melt regions [such as Fig. 5(g)], the
SSMISDAV algorithm underestimates melt compared to the
other sensors. Here, the difference between morning and after-
noon observations is often smaller than 9 K, whereas the individ-
ual brightness temperature of morning and afternoon overpasses
are high (i.e., exceeding the previous winter mean plus 30 K).

Therefore, it is recommended to extent the SSMISDAV algo-
rithm, and not only detect melt when DAV exceeds 9 K, but
also when the morning and afternoon overpasses both exceed a
certain threshold. Tedesco et al. [46] used such a dual-condition
approach to detect melt over the Greenland Ice Sheet; however,
these thresholds highly underestimate melt over the Antarctic Ice
Sheet, so an additional study over Antarctica would be desired.

3) Limited Ground Truth Data: Last but not least, validating
the SMO results per sensor was hampered by the absence of
ground truth data. Therefore, the results could be compared
(between sensors and to auxiliary data), but it remained difficult
to explain the discrepancies among the results. AWSs provide a
way to validate the absolute value at pixel size. However, given
the spatial resolution of sensors, the representativeness over a
pixel with heterogeneous melt patterns is still difficult to verify,
as well as the spatial patterns of surface melt. Moreover, over
areas with the largest SMO differences between sensors, such
as blue ice regions, there are no AWSs in place yet.

VII. CONCLUSION

In this study, we presented an overview of opportunities and
challenges in detecting surface melt over Antarctica. We applied
a range of methods to four frequently used sensors: 1) ASCAT; 2)
MODIS; 3) Sentinel-1; and 4) SSMIS. The comparison showed
large SMO differences, especially over blue ice regions, in the
case of near-surface melt, and during winter melt. In this study,
we identified five opportunities and challenges when detecting
surface melt over Antarctica, which include: 1) cloud obstruction
and darkness; 2) surface penetration; 3) temporal resolution; 4)
spatial resolution; and 5) the applied melt detection methods.
We also summarize the identified opportunities and challenges
in Table IV.

Table IV gives that an opportunity for one sensor is often
a challenge for another. We foresee a promising future for
combining sensors, in particular, by applying machine learning
methods. However, there is a need for machine learning methods
that can handle the differences in time and space between the
satellites. Standard machine learning techniques will not be
sufficient to merge the diverge satellite observations.

There are multiple scenarios in which synergizing satellite
data can improve mapping of surface melt over the Antarctic
Ice Sheet. There are four opportunities for which we foresee
that combining satellite data could be beneficial as follows.

1) Melt detection over blue ice could be improved by com-
bining MODIS and microwave data.

2) MODIS could help separating surface and near-surface
melt, due to its inability to penetrate the surface. When
one would be interested in near-surface melt, different
microwave frequencies could be compared to assess the
depth of meltwater.

3) Temporal and spatial resolutions could be enhanced, when
sensors with different resolutions are combined into one
high-resolution melt presence product.

4) Machine learning provides the opportunity to combine
multiple input features, including multiple satellite ob-
servations or auxiliary datasets, which might lead to an
improved melt detection product.
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In this study, we performed an intercomparison of surface
melt detected by four satellites. A more varied collection of
ground truth data from AWSs, including sensors for observing
liquid water presence in the snowpack, would be required for a
thorough validation study.

APPENDIX

SUPPLEMENTARY FIGURES

Fig. A1. Modeled backscatter intensity (σ0) from ASCAT vertically polarized
(in purple), and Sentinel-1 horizontally polarized (in green), and brightness
temperature (Tb) from Special Sensor Microwave Imager/Sounder 19 GHz
horizontally polarized (in red) and 37 GHz vertically polarized (in orange) as a
function of the total liquid water content for a varying (a) density. (b) Correlation
length, and (c) temperature of the snowpack.
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