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Abstract: The extensive global climate observing system (GCOS) reference upper-air network
(GRUAN) datasets provide a chance to validate newly released Atmospheric Infrared Sounder
(AIRS) version 7 (v7) products over the Arctic. This manuscript reports on the analysis performed to
evaluate errors from AIRS version 6 (v6) and v7 temperature profiles and to characterize the derived
low-level temperature inversion (LLI) representativeness in the Arctic region. The AIRS averaging
kernel, representing the AIRS measurement sensitivity, is applied to reduce the vertical resolution of
the radiosonde profiles for comparison. Due to improved retrieval algorithms, v7 produces smaller
biases in the troposphere and suppresses the cold bias in v6. Nevertheless, the profile-averaged root
mean square error (RMSE) increased by over 30% in v7, particularly in the winter half-year when
v7 showed a larger RMSE below 800 hPa. The AIRS temperature retrieval accuracy is primarily
sensitive to surface type and cloud fraction. Compared to v6, v7 has less bias over frozen land and
sea ice in different cloud fraction conditions. However, the RMSEs of v7 are more sensitive to the
effective cloud fraction (ECF) and are highly influenced by a more significant contribution from
nonfrozen land samples. Compared to the kernel-averaged radiosonde profiles, more than 80% of the
temperature profiles from v6 and v7 accurately detect LLIs. The discreteness of the AIRS’s predefined
pressure level results is consistent with the radiosondes only 65% of the time for LLI depth calculation.
In contrast, the AIRS can obtain LLI intensity with a relatively high correlation (>0.9). With the AIRS
temperature retrieval in the boundary layer further improved, it has the potential to be used as an
independent LLI detector in the Arctic region.

Keywords: AIRS v7; Arctic; temperature profile; temperature inversion

1. Introduction

The Arctic is experiencing accelerated sea-ice loss, increased permafrost thaw, and ex-
tremely high temperatures at magnitudes and rates that have substantially and profoundly
impacted global climate system regulation [1]. The nearly four-times-faster warming rate
in the Arctic compared to the global average, known as the Arctic amplification (AA), is
currently considered a robust fact [2]. Rather than being attributed to one mechanism
in isolation, AA results from multiple tightly coupled feedbacks operating on distinct
temporal and spatial scales [3,4]. Low-level temperature inversions (LLIs) are a prominent
and pervasive feature of the lower-tropospheric atmosphere in the Arctic, with crucial AA
impacts [5]. Compared to the situation in the tropics, in which deep convection creates a
tight coupling between surface and upper-tropospheric temperature, the stably stratified
wintertime boundary layer inhibits the bidirectional exchange of energy and mass between
the surface atmospheric boundary layer and the free troposphere [6,7]. The ability of surface
infrared radiative cooling in winter decreases with LLI strength, resulting in a positive
lapse-rate feedback, which has been verified to predominantly intensify the AA [8,9]. Its
fundamental role in driving the AA necessitates LLI characteristic research.
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In situ measurements can acquire atmospheric temperature profiles with a refined
vertical resolution on a one-point scale. Several efforts have been made to investigate
the vertical structure of the atmospheric boundary layer using radiosondes or microwave
radiometers, which provide insight into multiple processes affecting LLI generation and
properties at the point scale [10–17]. Unfortunately, the scarcity and uneven spatial distribu-
tion of in situ observations (mainly at the coast and interior) introduce artificial uncertainties
in representing LLIs [18]. On the other hand, changes in radiosonde sounding vertical
resolution may affect the long-term trend of temperature inversion depth and intensity
estimations [19]. Atmospheric reanalyses are widely employed to document and interpret
ongoing Arctic changes; however, they are known to simulate temperature inversions
poorly in the Arctic [20–25]. Graham et al. (2019) evaluated five global atmospheric reanal-
yses in the Arctic and found that most suffer from a significant cold bias between 975 and
850 hPa, consequently underestimating the strength of temperature inversions [26]. Polar-
orbiting satellite monitoring can supplement upper-atmosphere observations to provide
better spatial and temporal coverage of the polar region. In addition, the development
of hyperspectral technology onboard satellites has led to considerable improvements in
retrieving atmospheric temperature profiles and bridges the gap in the coarser vertical
resolution of conventional space-borne observations [27–30].

Measurements from the Atmospheric Infrared Sounder (AIRS) have the potential to
obtain temperature profiles in scenes lacking in situ observations. The expected AIRS
accuracy goal requires temperature soundings to be produced under partial cloud cover
with RMS errors better than 1.0 K in 1 km vertical layers below 100 hPa [27]. Various
validation efforts have been conducted worldwide, showing good agreement between
AIRS and radiosonde observations [31–34]. In the tropics, the performance has essentially
met or exceeded the requirement partly due to the far less spatial and temporal variability
of air temperature than in middle and high latitudes [35,36]. With advances in the AIRS
retrieval algorithm, the AIRS v6 bias in Antarctica was reduced compared to that of AIRS
v5, although a cold bias of approximately 0.5 K remained in the troposphere [31]. In the
Arctic, the AIRS measurements are susceptible to specific seasonal and monthly biases
in the lower troposphere, which introduces artificial errors in the analysis of associated
physical processes in the planetary boundary layer [37].

A growing number of studies have focused on assessing and applying the AIRS
temperature profile in LLI calculations. By analyzing the clear-sky LLI characteristics over
the entire Arctic Ocean, Devasthale et al. (2010) found that the LLI in the summer months
was stronger when the sea ice was at an extreme minimum in 2007 [38]. Pavelsky et al.
(2011) proved that the correlation of the inversion strength with the mean annual sea-ice
concentration yields robust results in both the Arctic and Antarctic [39]. Thomas et al.
(2019) evaluated the covariability of the vertical distribution of aerosols and temperature
inversion and observed that more aerosols are trapped below the inversion layer during
winter in the Arctic [40].

The AIRS has provided observations with dense sampling, good calibration, and
little secular drift for two decades and has obtained rich information on a global scale,
including LLIs in the Arctic. However, the AIRS measurements are sensitive to the presence
of clouds, and the cloud fraction leads to a systematic bias in LLI calculation [41]. The
AIRS data from version 7 of the algorithm (AIRS v7) were released in July 2020, replacing
version 6 (AIRS v6) with significant improvements leading to better temperature products,
especially in the atmospheric boundary layer [42]. The performance of AIRS v7 temperature
profiles in the polar region have not been well-validated until now, particularly on complex
underlying surface conditions with sea ice, snow, tundra, and ocean. To address this void,
we summarize the detailed specifications of the AIRS v6 and v7 temperature profiles to
determine the potential of the AIRS in studying LLIs.

This manuscript first introduces the in situ radiosonde archives from the global climate
observing system (GCOS) reference upper-air network (GRUAN) and highlights the AIRS
v7 improvements and then outlines the validation methodology to assess AIRS temperature
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biases in Section 2. In Section 3, the AIRS v7 temperature profiles are validated, and the
differences between v7 and v6 are discussed. Moreover, an analysis of the LLI characteristics
shared between the AIRS and radiosonde data is presented to investigate the ability of the
AIRS to accurately detect LLIs. Next, the cloud dependency of AIRS temperature retrieval
over different surface conditions is discussed in Section 4. We conclude with a summary of
key findings in Section 5.

2. Data and Methods
2.1. AIRS Level 2 Data

The AIRS has been collecting data with global coverage since May 2002. The instru-
ment is onboard the Aqua platform launched into a sun-synchronous polar orbit, with
descending and ascending orbits crossing the equator at approximately 1:30 A.M. and 1:30
P.M. local time. As a new-generation hyperspectral infrared sounder, the AIRS acquires
2378 continuous channels covering infrared bands from 3.7 µm to 15.4 µm at a spectral
resolution (λ/∆λ) of 1200 and with a nadir spatial resolution of 13.5 km [43].

AIRS level 2 support products (AIRS2SUP) are retrieved with geolocation informa-
tion corresponding to the radiance and brightness temperature and contain many more
predefined vertical levels than the standard product. They are always chosen for validation
because they represent the actual AIRS retrieval skill [44]. It should be noted that the actual
vertical resolution is not equal to the separation of the pressure levels, but the information
content is slightly higher than that of the standard products [45]. The first-guess profiles
and averaging kernel matrices needed for profile validation are stored in the support
product. The AIRS v6 and v7 algorithms use a stochastic cloud clearing–neural network
(SCCNN) based on the first guess, which derives the training coefficients from matched
observed infrared and microwave radiances with selected colocated European Centre for
Medium-Range Weather Forecasts (ECMWF) reanalyses. Therefore, this study used the
AIRS2SUP temperature profiles from two versions.

2.2. GRUAN Upper-Air Measurements

The GRUAN measurements provide long-term and high-quality data records above
the surface into the stratosphere, which are used to determine climate change trends,
validate and calibrate satellite data, and study atmospheric processes [46]. Most GRUAN
sites switched to RS41 as an operational radiosonde, following the discontinuation of RS92
in the last quarter of 2017 [47]. According to the results of twin-radiosonde flights over the
Arctic Ocean, RS41 radiosonde measurements satisfied the performance specifications of
0.15 K (temperature) and 2% (relative humidity) in most cases. Moreover, the RS41 sensor
was not unaffected by the solar radiation correction error and the wet-bulbing effect [48].
To avoid introducing inhomogeneities, the datasets from 2012 to 2016 were selected to
avoid the RS92–RS41 transition.

In this study, we used radiosonde data from three GRUAN stations in the Arctic (see
Figure 1). Barrow (BAR, 71.32◦N, 156.62◦W) is located at the northernmost point in Alaska
along the Arctic Ocean, which is one of the cloudiest places on Earth due to the Arctic
maritime climate, and the land surface is predominantly open tundra and desert. Ny-
Ålesund (NYA, 78.92◦N, 11.93◦E) is on the west coast of the Svalbard archipelago, situated
at a fjord surrounded by glaciers, moraines, rivers, mountains, and a typical tundra system.
Sodankylä (SOD, 67.367◦N, 26.629◦E, 179 m a.s.l.), located in Finnish Lapland, is within the
boreal forest zone due to the warming effect of the Gulf Stream.
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Figure 1. The GRUAN radiosonde stations in the Arctic. The red stars denote the locations of the
sites.

2.3. Method of Validation

For two different measurement systems with spatial and temporal inconsistencies in
the same atmosphere state, sensible colocation criteria must be used to match the AIRS and
radiosonde measurements point by point. The temperature bias variability between satellite
and radiosonde profiles is proportional to the size of the time and distance mismatch within
the colocation window of 6 h and 250 km [49]. Boylan et al. (2015) use colocation criteria of
±3 h time difference and 150 km horizontal separation because the limited diurnal cycle in
the early Antarctic summer allows looser colocation criteria [31]. Other researchers have
used similar matching methods with various thresholds [50,51]. In this study, the AIRS
profile is considered colocated with the radiosonde profile within ±1 h and separated by
less than 50 km of the radiosonde launch, which is the same as the colocation thresholds
taken in the AIRS validation report [52]. The colocation process removes numerous initial
colocations to reduce non-instrument comparison errors due to the inevitable mismatch in
space and time, yet 6838 matched pairs remain after filtering. Due to the homogeneity of
adjacent footprints within an AIRS granule, only the closest footprint in time and distance
from any granule is used. The satellite provides dense orbital coverage at high latitudes,
so several independent footprints from different granules may fall within the colocation
criteria and be matched to one sonde profile, which enlarges the number of comparisons
available for analysis.

The full-resolution sonde profiles are between 12:00 (GMT) and 20:00 (GMT), and
the number of pressure levels is approximately 20 times higher than the AIRS profiles
depending on surface elevation. The AIRS averaging kernels can be applied to degrade the
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correlative radiosonde temperature profiles to the AIRS’s effective resolution. The profiles
retrieved from remote sensing instruments are not simple measurements or representations
of the atmospheric state, but rather the best estimate to which a smoothing function has
been applied [53]. Therefore, radiosonde observations convolved by averaging the kernel
function are usually employed as the “true” state to simulate the effect of the AIRS retrievals
rather than a direct comparison between the AIRS and radiosonde data [54]. The averaging
kernel represents the sensitivity of the AIRS observations to changes in the atmosphere,
describes the vertical smoothing error, and quantifies the weight of the actual atmospheric
state to the retrieved quantities. For the AIRS retrievals, the averaging kernel differs
depending on the data version. This analysis applied the AIRS temperature averaging
kernels to smooth the high-resolution radiosonde measurements to the AIRS’s effective
resolution through the following equation:

Tk = T0 + Ã(Ts − T0) (1)

where Tk is the kernel-averaged (”kerned” for short) radiosonde temperature profile as the
AIRS “should have” seen it, given its sensitivity to the prior and limited vertical resolution;
T0 is the first-guess temperature profile; Ts is the radiosonde profile linearly interpolated
into the AIRS’s 100 pressure levels; and (A) is the averaging kernel that has been mapped to
the AIRS’s entire retrieval grid using the trapezoid function (FT) and its pseudoinverse (F′):

Ã = FAF′ (2)

F′ =
[

FT F
]−1

FT (3)

These trapezoid functions define the upper and lower bounds for which the retrieved
layer quantities of water vapor, atmospheric temperature, and trace gases are defined [32].
In AIRS v7, the number of temperature retrieval trapezoids was increased in the boundary
layer and the tropopause, which were made more uniform vertically, leading to a better
representation and stability of the retrieval. The size of the trapezoid matrix is based on the
number of pressure levels in the AIRS retrievals, and its setting was described by Susskind
et al. (2003) [27]. The specific process of kerned sonde profile producing is shown in
Figure 2.
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Figure 2. Flowchart of the producing the kerned sonde profiles using the AIRS averaging kernel.

The retrievals are evaluated using four parameters: the mean bias (MB), standard
deviation (σ), root mean square error (RMSE), and correlation coefficient (R), which are
elaborated below.

Bias(p, i) = xAIRS(p, i)− xsonde(p, i) (4)

MB(p) =
1
n

n

∑
i=1

bias(p, i) (5)

σ(p) =

√
1
n ∑n

i=1(Bias(p, i)−MB(p))2 (6)
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RMSE(p) =

√
1
n ∑n

i=1 Bias(p, i)2 (7)

Quality control (QC) flags for the AIRS temperature profiles are used, and are ex-
pressed as values of 0 (best), 1 (good), or 2 (rejected). Users are advised to use the QC
flags provided with all variables and avoid using results flagged with QC = 2 even when
physically plausible values are present. More details on the quality assessment information
can be found in Susskind et al. (2011) [29]. The information that evaluates the publicly
available AIRS2SUP is contained in the data product.

3. Results

The performance between AIRS v6 and v7 was evaluated by comparing the tempera-
tures at each pressure level from the AIRS retrievals to the kerned radiosonde measurements
for all 6838 matched profiles. Bias statistics at each level are based on the subset of radioson-
des that reach that level, and only the temperature retrievals of good and acceptable quality
for each level were used in the analysis, with the capacity ranging from 5188 samples at
10 hPa to 1685 samples at 986 hPa.

3.1. Intercomparison between the AIRS and Radiosonde Temperature Profiles

The retrievals at different atmospheric levels are evaluated using several validation
statistics, as shown in Figure 3: the mean bias, root mean square error, correlation coefficient,
and standard deviation. Generally, AIRS v6 and v7 agree well with the sonde profiles with
near-zero cold biases (−0.5–0 K) at nearly all individual levels below 150 hPa, and the
mean bias averaged over all levels slightly decreased from −0.4 K in v6 to −0.3 K in v7.
The median biases for v6 and v7 are close to the mean biases at most levels, indicating that
the calculated cold biases are robust to statistical assumptions, except for the warm biases
at several levels near the tropopause (160–250 hPa). The averaged RMS error (standard
deviation) increased from 1.6 K (1.7 K) to 1.9 K (2.0 K). The range of the minimum and
maximum RMS error values remained low in v6, equal to 1.0 K and 4.8 K, relative to those
in v7 (1.2 K and 5.8 K, respectively). There are two peaks in the RMS error center at 391 hPa
and 223 hPa for AIRS v6 and v7, respectively. The RMS errors increase gradually with
height during the whole year from 600 hPa to 400 hPa, leading to a minor peak surpassing
2 K at 400 hPa. Subsequently, there is a slight decrease in the RMSE profile until sharp
vertical gradients occur near the tropopause below 200 hPa (3.0 K and 3.5 K for v6 and
v7, respectively). The large RMS may reflect the AIRS observation’s inability to capture
sharply changing temperature gradients and inappropriate channel selection around the
tropopause [55].

The magnitude of the STD increases in v6 (1.6 K) relative to v7 (1.9 K), with the
exception that the stratosphere is effectively unchanged (1.3 K). The STD in the lower
troposphere increased slightly, 0.4 K larger in v7, but the corresponding correlation did
not decline. The correlation coefficients vary from 0.9–1.0; most are greater than 0.95 for
v6. The increasing STD and decreasing correlation further indicate that the v7 retrievals
have more noise in the upper troposphere to lower stratosphere (UT–LS) and near the
surface. The MB, RMS error, STD, and correlation coefficient statistics in this research are all
statistically significant based on a t-test (p < 0.05), representing how well the AIRS captures
the variability of the vertical temperature. Furthermore, the vertical oscillations in the bias
profile found in the Antarctic are not evident in the Arctic [56].
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Figure 3. The mean, median, and root mean square biases for the AIRS v6 (a) and v7 (b) temperature
profiles relative to simultaneous radiosonde measurements as a function of pressure averaged over
3 Arctic radiosonde sounding sites. The sonde temperature profiles are interpolated to the AIRS
pressure levels using the corresponding AIRS averaging kernel. The 1σ variation (interquartile range)
is shaded in blue (red).

3.2. Seasonal Variability of the AIRS Temperature Bias

Given the distinct seasonal variability of thermodynamic structure in the Arctic, the
AIRS data have been binned monthly to avoid seasonal effects skewing the statistical results.
In this section, we present the mean biases (Figure 4) for the AIRS relative to the GRUAN as
a function of the month with associated RMS errors (Figure 5) and correlation coefficients
(Figure 6). Here, the relative global sampling of the GRUAN can be used to examine the
monthly dependence of the AIRS biases. Colocations are grouped into 12 results binned by
month for each pressure layer.

Both AIRS v6 and v7 exhibit a predominant cold bias most of the year from the surface
to high altitudes. However, there are apparent differences in the mean bias among the three
stations, particularly at the BAR station, which presents a larger warm bias and RMSE
in the winter half-year. The bias is relatively small within ±1 K in the troposphere and
varies with the seasons at the three sites, presenting a warm bias in summer. The sharp
RMSE vertical gradients near the tropopause coincide with the large cold and warm biases,
thus canceling out and resulting in a statistically slight mean bias. In the boundary layer,
the AIRS v6 temperature at the NYA station is warmer, while the other two sites mainly
show cold biases. The largest warm and cold biases near the surface are seen in winter and
spring, with corresponding RMS errors increasing significantly with altitude from ~2.5 K
(~3.5 K for v7) at 800 hPa to more than 4 K at the surface due to the more substantial surface
effect on temperature variability in the boundary layer. Meanwhile, the yield of the flagged
profiles has a considerable reduction in the winter half-year, which is consistent with the
larger RMSE and lower correlation in the cold season.
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Figure 4. Seasonal variation in the mean bias profiles for AIRS v6 and v7 and the 3 GRUAN Arctic
sites and their average using data from 2012 to 2016. Data are grouped into 12 bins, and the results
are presented as a function of pressure at each bin’s center point. The green and magenta lines show
the pressure of the tropopause and boundary layer top estimated from AIRS retrievals, respectively.
The result is statistically significant (t-test, p < 0.05).
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According to the AIRS v7 validation report, cold biases arise when the near-surface
temperature is colder than 285 K because of the steeper lapse rate in the retrievals compared
to the radiosonde measurements [52]. During JAS, the cold bias changes to a warm bias in
the troposphere, with both AIRS v6 and v7 exhibiting the smallest RMSE. This is probably
related to the complex spatial and temporal variation in surface classes in these regions
and the limitations of training the SCCNN on the transition between frozen and nonfrozen
surfaces, which warrants further study in Section 3.2. The larger bias and poorer correlation
at the BAR station are probably subject to cloudy conditions throughout the year. In
general, AIRS v6 and v7 are similar in bias, RMSE, and correlation pattern, suggesting
a wide variation in RMSE by season but showing a more widely distributed and longer-
lasting warm bias with a larger corresponding RMSE in v7.

3.3. Detection of Low-Level Temperature Inversions

The ability of the AIRS v6 and v7 temperature products to detect LLIs are deter-
mined by comparing them to the kerned sonde, identifying the accuracy in detecting and
characterizing LLIs given their limited vertical resolutions.

A temperature inversion occurs when the temperature increases or remains constant
with height from a certain level. Generally, the presence of an LLI has been estimated using
data from temperature profiles below 2 km when the lapse rate (dT/dz) exceeds or is equal
to zero. Two quantitative characteristics of an LLI are its depth and intensity, separately
defined as the differences in height and temperature between the inversion top and bottom.
The LLI detection algorithm steps are described in detail by [16], and the same algorithm
is applied to the kerned radiosonde and AIRS datasets. We assessed the performance of
the AIRS’s LLI detection ability by defining commission and omission errors. Commission
errors occur when an LLI is detected by the AIRS but not by the radiosonde (AIRS-YES,
SONDE-NO), and omission errors occur when the radiosonde detects an LLI but the AIRS
does not (AIRS-NO, SONDE-YES). The AIRS’s detection is considered correct when both
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the AIRS and the radiosonde detect an LLI (AIRS-YES, SONDE-YES) or when both do not
(AIRS-NO and SONDE-NO).

The bars in Figure 7 summarize the agreement of the AIRS and the kerned radiosonde
temperature profiles in capturing the presence or absence of LLIs. On average, the AIRS v6
(v7) correctly identified LLI events in 81% (86%) of the matched profiles, while 19% (14%)
of cases disagreed, including cases where the AIRS incorrectly identified or missed LLIs
in 8% (6%) and 11% (9%) of profiles, respectively. For the three Arctic sites, the detection
accuracy is highest at Barrow at 84% (87%) and lowest at Ny-Ålesund at 77% (82%); the
highest commission error of 14% (10%) appears at Ny-Ålesund, and omission errors are
highest at Barrow at 20% (17%).
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Figure 7. LLI detection agreement between the AIRS and the kerned sonde products. The label
“AIRS-YES and SONDE-YES” indicates the matched profiles where both the AIRS and the sonde
detected an LLI. The label “AIRS-NO and SONDE-YES” indicates the matched profiles where the
AIRS did not detect an LLI, but the sonde did. The blue, orange, and green bars each represent the
results of the three stations.

As Boylan et al. (2015) discussed [31], surface type affects AIRS temperature retrievals
and may also affect the ability to detect LLIs. The retrieved surface type property is
included in the “SurfClass” parameter, which is set by thresholding microwave and infrared
emissivity data. In this study, the SurfClass variable in the AIRS L2 product is used to
classify the profiles into three land cover types: nonfrozen land (SurfClass = 1), sea ice
(SurfClass = 3), and frozen land (SurfClass = 5, 6). Of the cases where the radiosonde detects
an LLI, but the AIRS does not, nearly 65% (88%) are over snow. In contrast, only 44~47% of
the other cases were over snow for AIRS v6, and 56% of events emerged over nonfrozen
land. For AIRS v7, regarding the cases where both measurements detected an LLI, 54%
were over snow, and 36% were over sea ice. These results indicate that the instances where
the AIRS could not detect an LLI were primarily over snow, and LLIs occur more frequently
over sea ice for AIRS v7 than for v6. Cloud cover was investigated, but no relationship was
found between the total cloud fraction and LLI detection agreement.

3.4. Assessment of the Accuracy of the AIRS Inversion

Figure 8 shows the distribution of LLI intensities and depths for the cases where the
AIRS and sonde profiles both detected an LLI.
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Figure 8. Comparisons of LLI depths and intensities. The frequency distributions of LLI intensity
and depth are shown in panels (a,b) using bin sizes of 5 ◦C and 300 m, respectively. The correlations
of LLI intensities and depths between the AIRS v6 and kerned sonde profiles are shown in panels
(c,d). The identity (1:1) line is shown in a black chain line, and a line representing linear regression is
shown in red. Regression statistics are also shown.

The LLI intensity calculated by the AIRS and radiosonde correlates over 0.9. The
frequency distribution of the AIRS v6 intensities in Figure 8a is skewed toward lower
values, with cases of an intensity less than 15 ◦C contributing over 95%, which is largely
consistent with the radiosonde profiles. The LLI intensity difference in each bin is within
5% between the kerned sonde and AIRS. The scatterplot of intensities in Figure 8c clearly
illustrates the underestimation of LLI intensities by the AIRS when the intensity exceeds
10 ◦C. AIRS v6 greatly overestimates the inversion intensity for a subset of cases where the
radiosonde indicates a small intensity. Further investigation shows that these profiles are
mainly located over snow or sea ice at Barrow and Ny-Ålesund in the winter season.

By contrast, the scatterplot of depths (Figure 8d) reveals that when both AIRS v6
and the kerned sonde detect an LLI, the depths agree in only 65% (not significant) of the
profiles. The fitting statistics are not shown in the panel because of the low correlation
and non-significance. The underestimated depths are aggregated into 300 m and 600 m
bins, with the largest difference reaching ~10%. Additionally, AIRS v7 found that ~5% of
the depths were greater than 1500 m, compared to scarcely any with the radiosonde. The
discrete nature of the depths is due to the predefined pressure levels of the AIRS data. In
other words, the observed top of the surface-based inversion (SBI) can only occur at one of
the predefined AIRS pressure levels. The AIRS depths were within one pressure level of
the kerned sonde depths in 90% of the profiles.

4. Discussion

The bias in the AIRS temperature profiles was primarily related to the surface type
and cloud fraction. In clear-sky conditions, the cases over nonfrozen land are close to the
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AIRS accuracy goal, whereas there is significant degradation over frozen land and sea ice.
The AIRS v7 algorithm is based on cloud clearing as in previous versions, setting a typical
threshold on the high side so that many thin cirrus clouds or shallow and broken cumulus
clouds are removed. In turn, more clouds retain a lower threshold but more spurious
clouds are included. AIRS cloud detection typically struggles to quantify thin cirrus clouds,
and spurious cirrus clouds can occasionally appear near the tropopause and low cloud
layers, which are associated with an effective cloud fraction (ECF) < 0.05 [57]. Nalli et al.
(2012, 2013) illustrated that the residual cloud and aerosol contamination remaining in
clear-sky window radiances could have a measurable impact on the angular agreement
and lead to a cold-biased observation [58,59].

The AIRS temperature retrievals are examined as a function of the ECF to assess and
track the impact of changes in cloud-clearing algorithms. The SurfClass variable provides
the surface classification in the AIRS L2 product. Geolocation and a digital elevation model
determine the land, ocean, and coastline. For v6 retrieval, the surface temperature from
the forecast or climatology is used to distinguish frozen and nonfrozen surfaces. However,
the v7 algorithm uses the auxiliary ice concentration and snow depth information from the
global forecasting system. Although the surface classification method is quite different in
v6 and v7, more than 75% of the profiles are still from frozen surfaces for both versions.

The mean profiles of the biases and RMS errors for the three surface types binned by
ECF are shown in Figures 9 and 10. Over frozen land, the mean bias of the two versions
is generally small (magnitude < 1.0 K) and primarily cold in the stratosphere and middle
troposphere. In contrast, warm biases are observed at ~300 hPa and below 800 hPa. In
clear skies (0 < ECF < 0.2), a significant cold bias (~−2 K) with a large RMS error (3~4 K) is
noticed below 800 hPa in v6. This spurious temperature bias has been suppressed in v7.
Over nonfrozen land, the AIRS v6 retrievals produce colder temperatures than those of v7,
whose warm bias predominates below 300 hPa. Although the magnitude of the mean bias
increases relative to that over the frozen land, the RMS errors in the two versions have an
apparent reduction, especially at smaller ECFs.
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Figure 9. The mean bias of the AIRS temperature profiles as a function of the AIRS ECF over
different subclasses. The results for v6 are shown in the top row and those for v7 in the bottom
row. The columns from left to right represent retrievals over nonfrozen land, frozen land, and sea
ice, respectively.
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The vertical bias oscillations are generally independent of cloud fraction, excluding the
bias of v6 over sea ice, which increases with ECF when ECF > 0.8; whichthis has been partly
removed in v7. In contrast, the accuracy degradation with increasing cloud cover is evident
in the RMSE at most levels. On average, the RMS differences with 100% cloud cover are
approximately 1.5~2.0 K larger than those for clear cases, varying sharply in the middle
and lower troposphere (below 400 hPa). Below 700 hPa, the cases flagged as acceptable fall
slowly with increasing cloud cover, from approximately 67% at low cloud fractions to 27%
close to 1.0 ECF. The ECF and accuracy of the AIRS temperature profiles are also highly
dependent on the cloud state, and AIRS retrieval yields range from values surpassing 90%
for clear skies to values less than 10% for deep convection and nimbostratus [60]. Thus, the
typical decrease in the retrieval yield near the surface is probably due to the ubiquitous
presence of low-level clouds, which are more frequent in summer melt over the Arctic
Ocean [61,62].

Over frozen land, the spurious cloud-free temperature bias observed below 800 hPa
in v6 is suppressed in v7. The RMS errors in v6 and v7 are relatively small over non-
frozen land. In the infrared-only (IR-only) system, v6 solely uses surface temperature
to determine whether the surface is frozen, causing reduced retrieval performance near
the freezing point. In addition, since the surface emissivity in high-latitude regions is
less accurate, v6 IR-only retrievals have less precise discrimination of the surface types,
affecting the retrieval yield, accuracy, and precision of various parameters in these regions.
The AIRS v7 validation report illustrates that the v7 IR-only surface classification is similar
to data from the National Snow and Ice Data Center (NSIDC) and more consistent with
combined infrared–microwave algorithms at high latitudes compared with the v6 IR-only
algorithm [52].

5. Conclusions

Whether directly used or assimilated into reanalyses, the AIRS data have been proven
to improve local weather and climate forecast skills worldwide. With excellent consistency,
refined vertical resolution, and multiple daily transits, the AIRS can improve the spatial and
temporal coverage of upper-air observations in the Arctic [63]. However, the low contrast
between frozen surfaces and clouds in the infrared spectrum challenges AIRS temperature
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profiles. Although the most recently released AIRS v7 improved overall performance, the
accuracy of the temperature profile still has large uncertainties in the Arctic, particularly in
the boundary layer below 800 hPa, where the temperature variability is sharp relative to
the layers above.

Temperature profiles from the GRUAN upper-air data are used to evaluate the AIRS
profiles. The AIRS averaging kernels were applied to interpolate the radiosonde data,
accounting for the inherent sensitivity and first-guess profiles of the AIRS. The intercompar-
ison results generally reveal that the AIRS temperature retrievals agree with the radiosonde
data. The v7 mean bias is reduced compared to that of v6; for the mean bias profile, the
cold bias of ~0.5 K below 300 hPa is eliminated, but the RMSE near 250 hPa remained
and slightly increased. The AIRS exhibits a predominant cold bias in the stratosphere,
and v7 is warmer than v6 in the troposphere. In the boundary layer, v7 shows a larger
bias and RMSE, particularly in the winter half-year. This may be related to the changes
in temperature quality control methodology at high latitudes, such that the numerical
threshold for frozen cases near the surface is slightly loosened in v7, increasing the yield
over frozen surfaces.

The AIRS LLI results were compared to LLIs from radiosondes, and it was found
that the AIRS correctly detected most LLIs, excluding ~10% of the profiles, which were
missed. The AIRS correctly identified LLI absence in over 60% of the profiles and accurately
determined the depth 65% of the time. LLI intensities can be accurately obtained with
a strong correlation (>0.9) but cause some underestimation due to a warm bias in the
boundary layer. The temperature at the bottom of the inversion was the greater source
of disagreement in LLI intensity determination. Despite the limits identified because of
its inherent resolution and accuracy in the boundary layer, our analysis has shown that
the AIRS can be a useful LLI detection tool over the Arctic. With the AIRS temperature
estimation further improved in the boundary layer, it might dramatically improve AIRS
LLI detection and intensity capability.
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