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Abstract: The ice surface temperature (IST) derived from thermal infrared remote sensing
is crucial for accurately monitoring ice or snow surface temperatures in the polar region.
Generally, the remote sensing IST needs to be validated by the in situ IST to ensure its
accuracy. However, due to the limited availability of in situ IST measurements, previous
studies in the validation of remote sensing ISTs are scarce in the Antarctic ice sheet. This
study utilizes ISTs from eight broadband radiation stations to assess the accuracy of the
latest-released Moderate Resolution Imaging Spectroradiometer (MODIS) IST and Visible
Infrared Imager Radiometer Suite (VIIRS) IST products, which were derived from two dif-
ferent algorithms, the Split-Window (SW-based) algorithm and the Temperature–Emissivity
Separation (TES-based) algorithm, respectively. This study also explores the sources of
uncertainty in the validation process. The results reveal prominent errors when directly
validating remote sensing ISTs with the in situ ISTs, which can be attributed to incorrect
cloud detection due to the similar spectral characteristics of cloud and snow. Hence, cloud
pixels are misclassified as clear pixels in the satellite cloud mask during IST validation,
which emphasizes the severe cloud contamination of remote sensing IST products. By
using a cloud index (n) to remove the cloud contamination pixels in the remote sensing IST
products, the overall uncertainties for the four products are about 2 to 3 K, with the maxi-
mum uncertainty (RMSE) reduced by 3.51 K and the bias decreased by 1.26 K. Furthermore,
a progressive cold bias in the validation process was observed with decreasing tempera-
ture, likely due to atmospheric radiation between the radiometer and the snow surface
being neglected in previous studies. Lastly, this study found that the cloud mask errors of
satellites are more pronounced during the winter compared to that in summer, highlighting
the need for caution when directly using remote sensing IST products, particularly during
the polar night.

Keywords: Antarctic ice sheet; MODIS; VIIRS; ice surface temperature; validation; broadband
radiation

1. Introduction
The ice/snow surface temperature (IST) typically refers to the temperature measured a

few micrometers above the interface where the snow surface contacts the atmosphere [1,2].
The IST plays a crucial role in governing the process of energy and water exchange between
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the snow surface and the atmosphere [3] and directly affects snow surface melt, mass
balance, and atmospheric circulation patterns [4,5]. The polar regions, as the largest
reservoirs of ice on Earth, are particularly sensitive to global climate change [6]. Previous
studies have shown that the warming of the Arctic is two to three times [7], or even four
times [8], that of global warming, mainly due to the “Arctic Amplification” effect. In
contrast, the Antarctic is a continent covered by ice and snow, surrounded by ocean, and its
temperature changes over the past few decades have been complex, with prominent spatial
differences due to using different data sources [9,10].

The monitoring of IST variations over the Antarctic ice sheet mainly includes the fol-
lowing three data sources: automatic weather station (AWS) data [11,12], thermal infrared
remote sensing observation data [13,14], and climate model or reanalysis data [10,15]. The
AWS temperature has played a crucial role in monitoring climate change in the Antarctic
over the past few decades [16]. However, due to extreme and complex weather events
that often occur over the Antarctic ice sheet, coupled with katabatic winds [17], AWSs are
usually sparsely deployed and mostly concentrated in the coastal areas, which cannot be
representative of temperature changes for the entire Antarctic ice sheet. Furthermore, most
AWSs are not equipped with broadband radiometers, where they usually use temperature
and humidity instruments to measure the 2 m air temperature [16] rather than the IST.
Meanwhile, climate model or reanalysis outputs also introduce uncertainties in IST estima-
tion, primarily due to the limited measured data availability and a poor understanding of
key processes over the snow surface [4]. In addition, reanalysis products typically exhibit
substantial warm biases in the polar region [18], which are more pronounced in areas
with a strong temperature inversion, such as the interior of the Antarctic plateau [19].
Consequently, the remote sensing IST becomes the preferred data source for accurately
observing the IST over the entire continent of the Antarctic [20,21].

Thermal infrared sensors, such as the Advanced Very High Resolution Radiometer
(AVHRR) [22], Moderate Resolution Imaging Spectroradiometer (MODIS) [23], and Visible
Infrared Imager Radiometer Suite (VIIRS) [24], which can be used to retrieve ISTs, have
been widely applied for monitoring temperature changes and ice surface melt in the Arctic
in the past [14,25–27] due to their twice-daily revisit cycles (more frequent in the polar
region) and relatively high spatial resolution. The AVHRR IST data were used to study
spatiotemporal variation in temperature over the entire Antarctic from 1982 to 1998 [13].
Subsequently, more studies utilized the AVHRR IST to study temperature changes and
their relationship with ice surface melt and albedo in the Arctic and Greenland [28,29].
However, the limited spectral bands of the AVHRR sensor, combined with the similar
spectral properties of clouds, ice, and snow, result in challenges with cloud mask products
in the polar region [30], which may further lead to potential issues in trend analyses. Since
the MODIS sensor carried on the terra satellite was launched in 1999 [31], it has become
an important and widely used sensor in tracking global changes in the surface that have
more than twenty bands, and the VIIRS sensor will inherit the MODIS sensor to generate
continuous climate data within a few years [32]. However, the remote sensing ISTs derived
from the MODIS and VIIRS sensors require extensive validation for different areas and
climate regions before their application to ensure temperature data reliability and improve
the accuracy of retrieval algorithms. Although progress has been made in validating
MODIS and VIIRS surface temperatures, it is mainly concentrated in the middle and low
latitudes [33–35], as well as in the Arctic [36,37] and Greenland [3,38] for the cryosphere.
Table 1 provides the summary statistics for the IST validation results in the polar region
from previous studies. From Table 1, it can be seen that the validation work conducted in
the Antarctic using radiation data is still limited, primarily due to the very few directly
available stations in the region [4]; further validation efforts are needed to ensure the
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accuracy and reliability of IST data derived from the MODIS sensor in the Antarctic region,
and especially for the VIIRS sensor, which has not been evaluated in the Antarctic ice
sheet before.

Table 1. Summary statistics for the IST validation results in the polar region from previous studies
(Ta, Tnar, and Tbro are the near-surface air temperature, narrowband radiation IST, and broadband
radiation IST, respectively).

Year Study Area In Situ
Data

Satellite
Product

Product
Level Bias RMSE References

2004 Arctic sea ice
South pole Ta MOD29 swath

ALL: −2.1◦

Cloud filter: −0.9◦

Cloud filter: −1.2◦

ALL: −3.7◦

Cloud filter: −1.6◦

Cloud filter: 1.7◦
[39]

2008 Greenland Ta

MOD11
Landsat
ASTER

swath −0.3◦ −2.1◦ [5]

2011 Svalbard Tnar MOD11 swath All: −1.5~−6◦

Average: −3◦ [40]

2012 Arctic sea ice Ta
Tnar

AVHRR
Sea ice swath −3.43◦

−1.81◦
4.29◦

1.02◦ [41]

2012 Barrow,
Alaska Ta MOD11 daily −1.8◦ 4◦ [42]

2013 Antarctica Ta MOD11 month −8.08~−2.87◦ [21]

2014 Svalbard Tbro MOD11 daily
ALL: −3.3◦

Cloud filter:
−0.3◦

ALL: 5.3◦

Cloud filter: 3◦ [43]

2014 Antarctica Tbro MOD11 daily −1.8~0◦ 2.2~4.8◦ [4]

2014 Summit,
Greenland Ta MOD29 swath −5~−0.5◦ [38]

2018 Summit,
Greenland

Ta
Tnar

MOD11 swath

−1.9◦

ALL: −0.7◦

Cloud filter:
−0.4

3.1◦

ALL: 1.6◦

Cloud filter: 1◦
[2]

2020 Arctic sea ice Ta Landsat swath −3.74~−0.98◦ 2.17~5.15◦ [44]

2023 Greenland Ta
Tbro

MOD11 swath
−4.5◦

Cloud filter:
−2.4◦

5.2◦

Cloud filter: 3.2◦ [45]

In the Antarctic, the water vapor content is quite low, and the IST can reach minus
eighty degrees inland [46]. Due to the bad weather and special environment, the validation
and the source of uncertainty in remote sensing IST are still not fully understood. Firstly,
some studies tried to validate the remote sensing IST products using air temperature
over the Antarctic ice sheet [21,46,47]. However, obvious differences exist between the air
temperature and the IST, especially in the polar region where the near-surface temperature
inversion is common [2]. Generally, in situ ISTs derived from narrow infrared radiation and
broadband radiation are recommended to validate remote sensing ISTs [48,49]. Secondly,
the sparse and uneven distribution of radiation stations in the Antarctic pose challenges
for the remote sensing IST validation, with only a handful of validations having been
made using the radiation data [4,50]. Thirdly, most of the validation work is focused on
the Split-Window algorithm (SW-based) IST product for the polar region [3,5,21], but the
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remote sensing IST products based on the Temperature–Emissivity Separation (TES-based)
method have not yet been validated in the polar region.

For the above reasons, this study utilized the in situ ISTs from eight broadband
radiation stations to evaluate the latest released MODIS and VIIRS IST products in the
Antarctic ice sheet, which were retrieved from the SW-based algorithm and the TES-based
algorithm, respectively. A cloud index (n) was used to evaluate the impact of incorrect cloud
identification of satellite sensors on IST validation and the seasonal variations in validation
results. Finally, the reasons that may affect the validation accuracy were discussed.

2. Data and Method
2.1. Study Area and Station Data
2.1.1. Study Area

The Antarctic ice sheet is situated at the southernmost point of the Earth, is encircled
entirely by oceans, and is divided into three distinct regions, including the Antarctic
peninsula, the west Antarctic, and the east Antarctic (see Figure 1). Covering an area of
14.2 million square kilometers [51], the Antarctic ice sheet stands out as the coldest, driest,
and highest continent, with an average elevation of 2500 m. The unique geographical and
topographical features contribute to its harsh climate, making it more extreme than any
other region on Earth.
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Figure 1. The spatial distribution of the Antarctic ice sheet and eight broadband radiation stations.
The stations with red color belong to the BSRN, green for the IMAU, and blue for Panda.

2.1.2. Station Data

Due to the limited availability of publicly accessible narrow infrared radiation data in
the Antarctic, this study relies exclusively on the IST derived from broadband radiation
data to evaluate the accuracy of the remote sensing IST. Although previous studies have
demonstrated that the IST derived from broadband radiation is less accurate than that
based on narrow infrared radiation data [52,53], it has also been widely used for surface
temperature validation in mid- and low-latitude regions [48], as well as in high-latitude
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snow surfaces [40,43] or the Greenland ice sheet [3,45]. In this study, eight broadband
radiation stations representing diverse regions of the Antarctic, including the inland plateau,
the katabatic wind zones, and the coastal areas, were selected. The specific locations of
these stations are illustrated in Figure 1. These stations are primarily managed by three
agencies: the Institute for Marine and Atmospheric Research at Utrecht University (IMAU),
the Baseline Surface Radiation Network (BSRN), and the Panda AWS network (Panda).
The IMAU AWS provides broadband radiation data alongside meteorological observations
such as air temperature, wind speed and direction, air pressure, and relative humidity [54].
In this study, AWS5, AWS9, AWS11, AWS13, and AWS16 were selected for the remote
sensing IST validation. The data can be obtained by corresponding to C.J.P.P. Smeets. The
BSRN data, available at https://bsrn.awi.de/, include the DOM (only broadband radiation
data) and SPO sites (both radiation and meteorological data) in this study [55]. Similarly,
the Panda AWS network, operated by the Chinese National Antarctic Research Expedition
(CHINARE), collects the basic meteorological and radiation data along the PANDA transect;
only the Panda400 station with broadband radiation data were selected [56]. Detailed
descriptions of these station data for this study are shown in Table 2.

Table 2. Detailed descriptions of the eight stations. T2m (RH2m) is the air temperature (relative
humidity) of 2 m.

Agency Station
Name Longitude Latitude Elevation

(m)
Downward
Broadband
Radiation

Upward
Broadband
radiation

T2m RH2m
Temporal
Resolution Time Range

IMAU

AWS5 −73.10 −13.17 360 yes yes yes yes 60 min 1 January 2013–31
December 2013

AWS9 −75.00 0.00 2900 yes yes yes no 60 min 1 January 2018–31
December 2018

AWS11 −71.17 −6.80 690 yes yes yes no 60 min 1 January 2016–31
December 2016

AWS13 −82.12 55.03 3730 yes yes yes yes 60 min 1 January 2015–31
December 2015

AWS16 −71.95 23.33 1300 yes yes yes yes 60 min 1 July 2019–30
June 2020

PANDA Panda400 −72.86 77.38 2572 yes yes yes yes 60 min 1 January 2020–31
December 2020

BSRN
DOM −75.10 123.38 3233 yes yes no no 1 min 1 January 2018–31

December 2018

SPO −89.98 −24.80 2800 yes yes yes yes 1 min 1 January 2015–31
December 2015

Generally, the uncertainty of the air temperature obtained from an AWS is less than
0.3◦, and the uncertainty of relative humidity (RH) is approximately 2% for a RH < 90% and
3% for a RH > 90% [57]. For the broadband radiometers, the maximum daily uncertainty
during laboratory calibration is reported to be about 10% [56,57]. However, under actual
comparison outdoors, the uncertainty of a broadband radiometer is typically lower than
10%, which is discussed in detail in Section 4.1. Furthermore, the harsh environment
in the Antarctic ice sheet poses severe challenges for the long-term station observations,
resulting in the limited availability of continuous data. Therefore, the station data covering
a complete year was selected for the IST validation.

2.1.3. Preprocessing of Station Data

To evaluate the accuracy of the remote sensing IST, in situ ISTs sampled at 60 min
intervals were resampled to 10 min intervals, which minimizes the impact of temporal
discrepancies between the satellite overpass time and the station observation time. In
practice, the IST varies very little within an hour due to the high solar zenith angle and
the high albedo of snow in the polar region. Additionally, the eight stations are situated

https://bsrn.awi.de/
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on a homogeneous snow surface, ensuring minimal impact due to spatial heterogeneity,
which has been demonstrated in previous studies [45]. The in situ IST was calculated
using Stefan–Boltzmann’s law based on the upward and downward broadband radiation
measurements and the broadband emissivity of snow surface. The specific formula is
as follows:

ISTs =

[
LWup − (1 − ε)LWdown

εσ

] 1
4

(1)

where ISTs is the in situ IST value, LWup and LWdown are the upward broadband radiation
and the downward broadband radiation, respectively, σ is the Stefan–Boltzmann constant
(5.67 × 10−8 w/m2/k4), and ε is the broadband emissivity of snow set as 0.985 according
to previous studies [3,40].

Meanwhile, the anomalous values in the station also need to be excluded due to
the harsh environment over the Antarctic ice sheet. The specific steps are as follows:
(1) the obvious outliers in the upward radiation and the downward broadband radiation
measurements were identified and eliminated using the three-sigma method [58]; (2) the
values with an extremely large difference between the air temperature and in situ IST were
removed by manual screening, which may be due to the anomalies in the air temperature
or the IST; (3) the LWdown values typically cannot exceed the LWup, and the corresponding
radiation values were excluded if the LWdown values were greater than the LWup [59]; (4) for
the stations at the inland plateau, rime or ice is often present. Therefore, the data records
with an RH greater than 97% (corresponding to a 3% uncertainty) were excluded [17]. By
implementing these steps, the anomalous values in the station were effectively removed,
minimizing the impact of random errors on the IST validation results.

2.2. MODIS and VIIRS IST Products

The ISTs derived from the MODIS sensor onboard the Aqua satellite and the VIIRS
sensor onboard the Suomi-NPP satellite were used for the evaluation in this study; both
satellites overpass during the local afternoon. For clarity, the MODIS (VIIRS) IST prod-
ucts derived from the SW-based algorithm are designated as MYD11 (VNP11), while the
products based on the TES-based algorithm are referred to as MYD21 (VNP21). The four
products analyzed in this study were generated using the latest algorithms (version 6.1) and
were provided as level 2 swath products. Detailed descriptions of the SW-based algorithm
and the TES-based algorithm are as follows.

2.2.1. SW-Based Algorithm

The theory of the SW-based algorithm utilizes a linear or nonlinear fitting relationship
to correct for the atmospheric influences based on the disparity in water vapor absorption
between the 11 µm and the 12 µm channels [1]. The SW-based algorithm is the simplest
and most effective IST retrieval method, which has been widely used to retrieve IST data in
the past.

The MYD11 product is derived from the General Split Window algorithm (GSW) [60].
The specific expression is as follows:

ISTm = b0 +

(
b1 + b2

1 − ε

c
+ b3

∆ε

ε2

)
T31 + T32

2

+

(
b4 + b5

1 − ε

ε
+ b6

∆ε

ε2

)
T31 − T32

2
+ b7(T31 − T32)

2
(2)

where ISTm is the MODIS IST value; T31 and the T32 are the brightness temperatures of

MODIS band 31 and band 32, respectively; ∆ε = ε31 − ε32 and ε =
ε31 + ε32

2
, where ε31

and ε32 are the snow emissivity values corresponding to MODIS band 31 and band 32,
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respectively; and bn (n from 0 to 6) is the coefficients of the GSW algorithm. Refer to [60]
for details about the GSW algorithm.

The enterprise algorithm is used to retrieve the VIIRS IST (VNP11), which has replaced
the previous SW-based method for the VIIRS sensor [61]. The new enterprise algorithm is
simple, robust, and flexible, aiming to produce consistent IST products [33], and the VNP11
product can be gained beginning with July 2019. Considering the availability of station
data, only two stations are used to validate the accuracy of the VNP11 product in this study.
The expression of the enterprise algorithm is as follows:

ISTv = C + A1T15 + A2(T15 − T16) + A3ε + A4ε (T15 − T16) + A5∆ε (3)

where ISTv is the VIIRS IST value; T15 and T16 are the brightness temperatures of VIIRS

band 15 and band 16, respectively; and ∆ε = ε15 − ε16 and ε =
ε15 + ε16

2
, where ε15 and

ε16 are the emissivity values corresponding to VIIRS band 15 and band 16, respectively. C,
A1, A2, A3, A4, and A5 are the VNP11 algorithm coefficients. For the detailed theoretical
analysis and calculation process, refer to [33].

2.2.2. TES-Based Algorithm

The MYD21 and the VNP21 products, derived from the TES-based algorithm, are
designed to create a long-term, consistent climate data record to address the discrepancies
of SW-based algorithms between the MODIS and VIIRS [62]. The TES-based algorithm
usually requires at least three thermal infrared bands within the 8–12 µm range, with at least
one band located in the 8–9 µm atmospheric window. For the official surface temperature
products, the MERRA-2 reanalysis product was used to perform the atmosphere correction
and to obtain the surface radiation [62], where the accuracy of atmospheric reanalysis data
directly affects the accuracy of surface outgoing radiation. Once the surface radiation is
determined, the TES-based algorithm is dynamically employed to retrieve the IST and ice
surface emissivity (ISE). This method comprises three primary modules: the NEM module,
the Ratio module, and the MMD module. For a detailed algorithm introduction, please
refer to [62,63].

2.2.3. Preprocessing of MODIS and VIIRS IST Products

A Quality Control (QC) layer in the remote sensing IST products was performed to
exclude the outlier values, where bit 0–1 with a value of ‘00’ was flagged as a “good pixel”,
and no further screening was performed. Consequently, only the pixel labeled as a “good
pixel” or “clear sky” was selected for subsequent IST validation. It is worth noting that
bit 0–1 for the VNP11 only acquires values of a zenith angle less than 40 degrees, and bit
2–3 equal to ‘00’ can extract the values for whole sensor zenith angle (corresponding with
Yuling Liu, the author of the VNP11 product). But the vacant IST values caused by the
bow-tie effect of VIIRS images are filled in the level 2 swath product, which leads to a
serious cold bias in the polar region due to the incorrect cloud mask and other reasons.
Hence, the VNP11 data with the zenith angle greater than 40 degrees were excluded in
this study.

2.3. A Cloud Index

A cloud index (n) was used to identify whether the sky is clear or cloudy from the
station perspective, which was calculated based on the relationship between the air tem-
perature and the downward broadband radiation. Generally, the atmospheric downward
broadband radiation for a given temperature under a clear sky condition is lower than the
broadband radiation under the cloudy condition at the same temperature [57,64]. Theo-
retically, the maximum atmosphere downward broadband radiation can be regarded as
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blackbody radiation under a given air temperature. In this scenario, the radiative exchange
between the atmosphere and the surface reaches a thermal equilibrium. To define the
boundaries for the cloud index, the lowest 5th percentile of the broadband radiation corre-
sponds to a given temperature value to perform a quadratic polynomial fit as the lower
boundary, and the upper bound is the blackbody radiation value at a given air temperature.
The 5th percentile value is selected to minimize the fitting errors caused by outliers. These
two fitting lines for the lower boundary and the upper boundary correspond to a cloud
index of 0 and 1, where 0 represents no cloud and 1 represents completely cloudy. As-
suming the cloud amount increases linearly at a given temperature, a different downward
broadband radiation at a given air temperature can yield a cloud index (n) between 0 and 1,
where n closer to 0 indicates a clear sky and closer to 1 indicates a cloudy sky. Based on
previous studies and actual conditions [43], this study considers a value of the cloud index
less than 0.2 to be a clear sky condition, values between 0.2 and 0.8 to be mixed conditions,
and values greater than 0.8 to be completely cloudy. As mentioned earlier in this article,
due to the unavailability of air temperature data at the DOM station, the cloud index at the
DOM cannot be obtained.

2.4. Assessment Method

A two-step validation was performed to evaluate the accuracy of the MODIS and
VIIRS IST products. In the first step, the in situ IST values are compared with the remote
sensing IST identified as clear-sky pixels based on the satellite cloud mask product, and
the assessment accuracies can be found in Section 3.1. Based on the first step, by using the
cloud index to further eliminate the pixels classified as clear sky in the satellite cloud mask
but cloud-covered pixels, remaining matching sequences values were evaluated again in
the second step, and the validation results are shown in Section 3.2. Therefore, Section 3.1
presents the preliminary assessment results of the remote sensing IST products, while
Section 3.2 is the validation accuracy of the IST retrieval algorithm, and the assessment
differences between Sections 3.1 and 3.2 represent the impact of misidentifying cloudy
pixels in the remote sensing IST validation. Three statistical metrics, including the correction
coefficient (CC), bias, and root mean square (RMSE) were chosen to evaluate the accuracies
of the MODIS and VIIRS IST products. The specific formulas are as follows:

Bias = ∑N
i=1(ISTrs − ISTs)

N
(4)

RMSE =

√
∑N

i=1(ISTrs − ISTs)
2

N
(5)

CC =
∑N

i=1
(

ISTrs − ISTrs
)(

ISTs − ISTs
)√

∑N
i=1

(
ISTrs − ISTrs

)2
√

∑N
i=1

(
ISTs − ISTs

)2
(6)

where N is the number of IST pixels, ISTrs is the remote sensing IST value, and ISTs is the
corresponding in situ IST data.

3. Results
3.1. Preliminary Assessment Results of MODIS and VIIRS Products

The QC layer of the satellite products was used to obtain theoretical clear sky IST
values for validation. Figures 2 and 3 are the validation results of the MYD11 and MYD21
products, respectively, where the assessment accuracy is for a whole year. For the MYD11
product, the CC is between 0.95 and 0.99, indicating a very strong correlation between in
situ IST data and the remote sensing IST. The biases vary from −1.29 K to −3.83 K, where the
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biases for AWS9 and AWS16 are greater than −3 K. The RMSEs for the eight stations vary
from 2.23 K to 5.13 K, and only the RMSE of AWS9 is greater than 5 K. There are prominent
validation discrepancies between the different stations, particularly for AWS9, which has a
larger bias and RMSE. This may be attributed to the data affected by rime that were not
excluded using the RH as a filtering criterion (see Table 2). Additionally, the differences
in cloud occurrence frequency and the accuracy of MODIS cloud detection across stations
also contribute to the validation discrepancies observed between the different stations, as
referenced in Section 4.2. For the MYD21, the biases are from −0.59 K to −2.53 K and the
RMSEs are 1.93 K to 3.88 K for seven stations (excluding the SPO station). Notably, there is
an obvious warm bias for the SPO site, which may be related to the incorrect atmosphere
correction for the TES-based algorithm over the Antarctic plateau. In the Antarctic inland
region, particularly during winter, the reanalysis temperature data often exhibits a certain
warm bias [4,19]. Consequently, incorporating warm atmospheric conditions into the
atmospheric correction prior to the TES-based algorithm retrieval may result in the warm
bias of the IST validation. Further details on the uncertainties of atmospheric correction in
the TES-based algorithm, please refer to [65].
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Figures 4 and 5 are the assessment results for the VNP21 and VNP11 products. For
the VNP21, the CC for SPO is 0.85, and the CC for other stations varies from 0.91 to 0.99.
The biases are between −0.96 K and −2.21 K (excluding AWS13, DOM, and SPO). The
RMSEs vary from 1.82 K to 3.87 K (excluding SPO for 5.48 K). AWS13, DOM, and SPO
have a certain warm bias (0.83 K, 0.82 K, and 3.84 K); the scatterplots in Figure 4 reveal that
the warm bias mainly occurs during winter, and these stations are in the interior of the
Antarctic plateau. As with the MYD21, the warm bias is likely attributed to the uncertainties
in atmospheric reanalysis data over the Antarctic interior during winter, which adversely
affect the atmospheric corrections before performing the TES-based algorithm. For the
VNP11, the CC is between 0.97 and 0.99, biases vary from −1.06 K to 0.26 K, and RMSEs
are from 1.51 K to 2.03 K.
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To analyze the seasonal differences in the IST validation results, Table 3 exhibits the
assessment accuracies of the four IST products in summer (DJF) and winter (JJA). In Table 3,
the biases and RMSEs for most stations in summer are lower compared to the validation
results in winter. Additionally, there is a larger cold bias relative to winter in AWS5, which
can be attributed to the fact that the pixels with clouds are counted as clear sky pixels
(see Figure 6a). Meanwhile, the SPO station shows substantial warm biases in winter
for the MYD21 and the VNP21, which are consistent with the above findings, and it can
be attributed to the warm bias of atmospheric reanalysis in the polar region, especially
during winter.

Table 3. Assessment accuracies of the four IST products for eight stations in summer (DJF) and in
winter (JJA).

IST
Products

AWS5 AWS9 AWS11 AWS13 AWS16 Panda400 DOM SPO

DJF JJA DJF JJA DJF JJA DJF JJA DJF JJA DJF JJA DJF JJA DJF JJA

MYD11
N 339 149 401 305 161 105 542 412 224 91 382 138 438 622 514 830

Bias −1.80 −1.16 −2.45 −5.08 −1.74 −5.8 −1.26 −3.95 −2.36 −5.46 −1.97 −2.38 0.94 −3.72 −0.62 −2.78
RMSE 2.79 1.91 3.39 6.46 2.82 7.28 2.42 5.14 4.12 5.95 2.74 3.4 1.71 4.84 1.36 5.01

MYD21
N 316 135 368 179 152 91 477 154 212 60 345 90 408 448 363 47

Bias −1.28 −0.07 −1.69 −2.85 −1.12 −4.68 −0.13 −1.88 −1.87 −4.28 −1.52 −1.08 −0.27 −1.89 1.13 3.36
RMSE 2.53 1.54 2.66 3.76 2.34 6.24 2.11 2.95 3.83 4.85 2.53 2.33 1.26 3.42 1.6 4.74

VNP21
N 349 297 312 158 165 326 69 337 271 126 366 382 181 131 9 310

Bias −1.34 −0.78 −1.53 −0.93 −1.35 −3.4 −0.75 0.24 −0.99 −3.03 −1.38 −0.62 −0.2 0.11 0.03 3.11
RMSE 2.45 2.13 2.47 4.56 2.62 4.95 1.53 3.53 3.98 4.55 2.17 1.93 1.25 3.3 0.61 4.95

VNP11
N 25 98 23

Bias 0.21 −1.31 −0.25
RMSE 1.68 1.72 1.9
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3.2. Accuracy Comparison After Using the Cloud Index

To evaluate the impact of cloud misidentification on the accuracy of the MODIS and
VIIRS IST products, the cloud index based on station data was used to distinguish IST pixels
that are cloud-contaminated but incorrectly classified as clear sky in the satellite cloud
mask product. Figure 6 exhibits the color scatterplot of the comparison results between
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the MYD11 and in situ IST data, where color represents the cloud index of all matched
pixels identified as clear sky with the satellite cloud mask. When the color is closer to
green (the closer n is to 1), it means that the point may be the cloud-contaminated pixels.
Notably, many points of the MYD11 on the AWS5 station are close to a green color at higher
temperatures, which may be the cloud contamination pixels, and further lead to a greater
cold bias in summer than that in winter (Section 3.1). Moreover, the MYD11 in AWS9,
AWS13, and SPO exhibit many green points, which are concentrated in the low-temperature
range, and these points may be the cloud contamination pixels. Meanwhile, AWS9 may
also be affected by rime, as the relative humidity was not used to remove the record affected
by rime accumulation. Color scatterplots for the MYD21 and the VNP21 are not presented
due to their similar spatial distribution, and this is also the case with the MYD11.

An n less than 0.2 is treated as a clear sky for further comparison, while the remote
sensing IST values before applying the cloud index are considered as all skies (as described
in Section 3.1). Therefore, by comparing the differences in validation accuracy between
clear sky and all sky, the impact of an incorrect cloud mask on the validation results can
be demonstrated. Figure 7 is the comparison results between all sky and clear sky, and
Figure 7a–d are for the MYD11, MYD21, VNP21, and VNP11, respectively. The overall
accuracies for clear sky are better than that in all sky for the four products, where the cold
biases and RMSEs are smaller for clear sky. Specifically, for the MYD11 (Figure 7a), the
total RMSEs decreased from 0.48K to 2.1 K, the cold biases decreased by 0.3–1.26 K for
different stations after using the cloud index, and the validation accuracy at the SPO station
shows a larger cold bias after applying the cloud index. The primary reason is because
there were some low-altitude thin clouds over the interior plateau with temperatures
higher than the snow surface, and these thin clouds do not alter the inversion temperature
structure. Similarly, for the MYD21 (VNP21) IST, the total RMSEs decrease by 0.46–1.94 K
(0.46–3.51 K), and the cold biases decrease by 0.18–0.91 K (0.04–1.36 K). However, for the
SPO station, both the MYD21 and the VNP21 have reduced warm bias, as explained in the
MYD11 for the SPO station. In conclusion, after removing the misidentified cloud pixels in
the MODIS cloud mask, the validation accuracies were prominently improved.
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4. Discussion
4.1. Uncertainty of In Situ IST

Generally, the accurate calculation of the in situ IST depends on the magnitude of
the uncertainties in the broadband radiation and the broadband emissivity of snow. For
the broadband radiometer, the uncertainty measured in laboratory was about 10%. How-
ever, some comparative experiments in the polar region and glaciers have shown that a
radiometer generally has less uncertainty. For example, the maximum daily uncertainty
assessed for the CNR1 radiometer was about 5% in Queen Maud Land of the Antarctic [17],
the Eppley PIR radiometer used at the south pole (SPO) had an uncertainty of about
4 W/m2 [66], and the uncertainty of downward broadband radiation for CNR1 over an
Alpine glacier was less than 2 W/m2, resulting in the uncertainty of the in situ IST being
less than 0.5 K [67]. Meanwhile, the broadband emissivity of snow varies with the size
and the density of snow particles. In previous studies, the broadband emissivity of snow
was set as 0.970 [68], 0.985 [3,43], and 0.990 [69], and different broadband emissivity values
will lead to differences in the calculation of the in situ IST, subsequently affecting the final
assessment accuracy. Here, we quantify how much variation in the in situ IST affects the
assessment accuracy for the different emissivity values of snow. Figure 8 demonstrates that
the bias and RMSE will improve with increasing broadband emissivity, with approximately
every 0.01 increase in the broadband emissivity value leading to an improvement in bias of
0.2 K. From the above analyses, the total validation accuracy cannot be explained by the un-
certainty of broadband radiation and snow emissivity. Meanwhile, a recent study indicated
that the atmospheric radiation between the radiometer and surface is neglected, which may
lead to an overestimation of in situ ISTs at night in the mid-latitude region [49]. Therefore,
we think that ignoring the near-surface atmospheric radiation between the broadband
radiometer and snow surface could be a reason for the cold bias of IST validation in the
polar region, and more studies about the near-surface atmospheric radiation need to be
implemented in the future.
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4.2. Uncertainty of Clouds

Clouds strongly affect the application of remote sensing IST products in the polar
region. On the one hand, the widespread presence of clouds result in a low proportion of
IST pixels, especially in coastal areas [70]. On the other hand, it is difficult to distinguish
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between the cloud and the snow surface due to their similar spectra, thus misidentifying
cloudy pixels as clear sky pixels for IST production [40,43]. Meanwhile, cloud height, cloud
phase, cloud thickness, and cloud cover are different across the Antarctic ice sheet, which
lead to colossal differences in the accuracy of cloud identification for different stations.
Here, the numbers of each cloud index value for different stations are counted (except
DOM), as shown in Figure 9. The distribution ratios of the cloud index for all stations vary
greatly, indicating the obvious differences in cloud proportions across different regions.
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Figure 9. The statistics of the numbers of each cloud index value for different stations.

Meanwhile, the visible light bands of satellites are unavailable during polar night,
which leads to obvious differences in the cloud identification accuracy between winter and
summer in the polar region [71]. The number of different sky conditions, including clear
sky (n < 0.2), cloudy (n > 0.8), and mixed (0.2 < n < 0.8), are counted, as shown in Figure 10,
where green represents the statistical results in summer, and blue is for winter. Figure 10a,b
show the statistical results for the MYD11, Figure 10c,d for the MYD21, and Figure 10e,f
for the VNP21. Although the proportions of different sky conditions vary across different
stations and different remote sensing IST products, a consistent pattern can be observed,
where the proportion of cloudy or mixed sky conditions in winter is prominently higher
than those in summer. This indicates that the rate of cloud misidentification is lower during
the polar day compared with the results in the polar night. Therefore, extra caution should
be exercised when using remote sensing IST products under polar night.

Although the cloud index (n < 0.2) is regarded as clear sky in this study, the n less than
0.2 cannot completely filter out the cloudy sky because n is essentially the characteristic for
cloud optical thickness [57]. On one hand, when the cloud pattern is higher and thinner,
the downward broadband radiation of clouds is very small, resulting in an n below 0.2,
but there is, in fact, a cloudy sky. On the other hand, since the cloud index represents
the vertical distribution of clouds and considering the change in the satellite observation
azimuth angle, the absence of a cloud in the vertical direction does not mean that there is
no cloud in the satellite observation angle. Even so, using the cloud index can effectively
remove the incorrect cloud mask pixels to improve the validation accuracy of the IST in the
polar region.
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4.3. Differences Between SW-Based IST and TES-Based IST

To compare the differences in validation accuracy between the TES-based IST and
SW-based IST on the ice or snow surface, the values of n less than 0.2 are selected to
ensure that cloud containment pixels are excluded in this section, and the pixels for two
products (for the MODIS sensor) are at the same time extracted for comparison. Figure 11
shows the comparison accuracies of the TES-based IST and SW-based IST. The uncertainty
and cold bias of the TES-based IST is smaller than the SW-based IST in Figure 11 (SPO
excluded), which shows that the TES-based IST can improve the cold bias of the SW-based
IST, which is consistent with the results from previous studies in non-glacial regions [34].
In addition, the characteristics of dynamic retrieval of the IST and emissivity for the TES-
based method can make up for the shortcoming of the fixed emissivity values based on
the SW-based method, especially for more widespread melting regions of the Antarctic ice
sheet in summer. Although the accuracy of the TES-based algorithm may be better than
the SW-based algorithm, there is a certain warm bias found in the Antarctic inland plateau,
which may be related to the warm bias of the reanalysis data used for the TES-based
algorithm, as mentioned above. Hence, using other reanalysis data to improve the retravel
accuracy of the TES-based algorithm or other methods needs to be explored in the future.
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4.4. Assessment Accuracy Differences of IST Under Different Temperature Gradients

To explore whether the assessment accuracies of the remote sensing IST vary with
temperature gradients, here we divide the IST gradients by temperature intervals of 10 K.
Considering the number of extreme low temperatures and the boundary of the highest IST,
the six IST gradients are divided, which are 190–220 K, 220–230 K, 230–240 K, 240–250 K,
250–260 K, and 260–275 K. Figure 12 shows the histogram of temperature differences (∆IST)
between the in situ IST and remote sensing IST alongside the assessment accuracies. Fig-
ure 12a–f are the results of the SW-based IST, and Figure 12g–l are for the TES-based IST.
For the bias and RMSE of different IST gradients, as the IST decreases, both biases and
RMSEs will increase, whereas a higher IST is associated with a smaller bias and RMSE.
As described in Section 4.1, this gradual cold bias may result from the near-surface atmo-
spheric radiation not being accounted for in the calculation of the in situ IST. Meanwhile,
temperature inversion plays a vital role in the near-surface atmospheric radiation, which
further leads to a larger cold bias in the IST validation under colder conditions.
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Figure 12. The histogram of the temperature differences (∆IST) between the in situ IST and remote
sensing IST and the assessment accuracy: (a–f) are for the SW-based IST and (g–l) are for the TES-
based IST.
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4.5. Others

As previously mentioned, the remote sensing IST validation, with the in situ IST
derived from broadband radiation, has difficulty meeting the 1 K accuracy, which also
exists in the mid-latitude regions [48,49,62]. However, due to the limited availability of
narrow infrared radiation data in the Antarctic, efforts should focus on deploying narrow
infrared radiation instruments in the Antarctic ice sheet to accurately calculate in situ IST
and further to validate remote sensing IST in the future. Furthermore, this study evaluated
the VNP11 product by using only two stations, and due to the scarcity of station data and
the temporal availability of the VNP11, future research should focus on the evaluation of
the VNP11 product using more stations. Finally, although this study assessed and analyzed
the uncertainties associated with both the stations and satellites, further research is needed
to fully address the sources of cold bias in IST validation. Especially, how to correct the
broadband radiation IST by considering the near-surface atmospheric radiation needs to be
further explored and solved.

5. Conclusions
This study utilized eight broadband radiation ISTs to assess the latest released MODIS

and VIIRS swath level 2 IST products (SW-based and TES-based) and analyzed the source
of uncertainty in the validation process, which aims to understand the uncertainties in the
remote sensing IST and challenges in the IST validation process.

The results show substantial errors when using the in situ IST to evaluate the remote
sensing IST, where the pixels are misidentified as clear sky in satellite cloud mask products.
These errors are primarily due to the spectral similarities between cloud and snow, which
make it difficult to distinguish cloud and snow from remote sensing images. Furthermore,
the types and the quantities of clouds vary substantially for different climatic zones in the
Antarctic ice sheet, leading to the rates of cloud misidentification varying with different
stations. This, in turn, contributes to discrepancies in the IST validation results across
different stations. A cloud index (n), based on the relationship between air temperature and
downward broadband radiation at the station scale, was used to remove pixels marked as
clear sky but clouds pixels in the cloud mask products. After applying the cloud index, the
overall validation accuracy concentrated around 2–3 K, with the maximum RMSE reduced
by 3.51 K and the bias reduced by 1.26 K.

However, even after excluding incorrect cloud pixels using the cloud index, the
validation results still exhibited a progressive cold bias, with the bias increasing as the
temperature decreased. The analysis suggests that this might be the calculation errors of the
in situ IST, which can be attributed to the atmospheric radiation between the radiometer and
the snow surface, which was not considered in previous studies. Finally, the analysis reveals
that the proportion of misidentified cloud pixels is higher during the winter compared to
that in the summer, suggesting that caution is necessary when using IST products directly.
This study also highlights the importance of deploying infrared radiometers in the future to
minimize the influence of near-surface atmospheric radiation on the broadband radiation
IST, enabling more accurate assessments of ice and snow surface temperatures in the
polar region.
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