
1.  Introduction
The value of infrared (IR) hyperspectral radiance observations in climate sciences has been long recognized (e.g., 
Goody et al., 1998; Hanel & Conrath, 1970; Haskins et al., 1997; Iacono & Clough, 1996). Owing to the nature of 
IR radiative transfer, such observations contain plenty of information about temperature, humidity, and trace gas 
profiles, as well as clouds and dust aerosols. Besides providing global sounding profiles for numerical weather 
forecasts and monitoring trace gases that have absorption features in the infrared, IR hyperspectral radiance can 
play an important role in climate monitoring due to the excellent instrument performance and the dense sampling 
patterns of such observations. For example, Atmospheric Infrared Sounder (AIRS) aboard the National Aeronaut-
ics and Space Administration (NASA) Aqua satellite has a noise equivalent differential temperature of 0.2 K or 
even less for all its mid-IR channels (Aumann et al., 2006; Pagano et al., 2003) and its stability has been shown to 
be ∼2 mK/year (Aumann & Pagano, 2008). Since September 2002, AIRS has been collecting ∼3 million spectra 
every day with a global coverage within 2 days, except for several short periods due to instrument performance 
issues or satellite safety measures in response to solar flare storm. So far, AIRS has accumulated ∼22 billion 
well-calibrated spectra. Other IR hyperspectral sounders launched after AIRS, such as infrared atmospheric 
sounding interferometer (IASI) on Met-Op series of satellites and Cross-track Infrared Sounder (CrIS) on Suomi 
National Polar-orbiting Partnership and Joint Polar Satellite System series of satellites, have shown similar or 
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even better instrument performance than AIRS (Zavyalov et al., 2012). Therefore, by the end of this decade, we 
can expect to have three decades of well-calibrated record of IR radiances from space. Such a long data record 
will be invaluable to climate studies.

While such well-calibrated, stable-over-the-decade observations can be an ideal benchmark data set for climate 
studies, how to make full use of such observations is not trivial. Retrieval of IR spectral radiance observation, in 
the absence of any scattering process, is fundamentally an optimization of Fredholm integral equations of the first 
kind (Liou, 2002). Such optimization is known to be ill-posed, unstable, and could have unrealistic solutions. The 
mathematical nature of such retrieval limits the accuracy that can be achieved for each retrieval. Unlike passive 
microwave remote sensing, IR radiance is extremely sensitive to the presence of clouds, which makes the retrieval 
of all-sky observations even more challenging. Because of these limitations, it is attractive to keep a long-term 
record of radiances, spatially and temporally averaged, and use such radiance time series in climate studies. 
However, an inevitable fact then is how to physically interpret such radiance time series, that is, unscrambling 
“physical signals” from such time series for climate studies. It usually is also referred to as the “average-then-re-
trieve” approach. For example, Pan et  al.  (2017) applied the optimal fingerprinting technique to 10  years of 
AIRS radiances to estimate the stratospheric temperature and CO2 trend in the presence of natural variability. Wu 
et al. (2020) used a principal component-based radiative transfer model (PCRTM; Liu et al., 2006) to develop a 
kernel-based technique to estimate anomalies of geophysical variables from spatially and temporally averaged 
radiance anomalies.

This study further explores the utility of such long-term spatially and temporally averaged radiances in climate 
studies, especially focusing on physical understanding and assessing the temperature and humidity information 
contained in such time series. Averages of all-sky radiances are challenging to interpret because clouds can 
vary significantly over spatial and temporal scales typically used in such an average (i.e., over a spatial grid of 
∼100 km and a period of 1 month). Therefore, as a first endeavor, this study focuses on clear-sky radiances. We 
want to explore to what extent the available reanalysis and similar data products can reproduce the long-term 
characteristics in such observed radiance time series, and how such comparisons can be used to infer the issues 
in such long-term reanalysis products. Section 2 describes the data sets and data processing procedures, as well 
as the forward simulation to generate synthetic radiances from the reanalyzes. The assessments of the long-term 
trend, baseline difference, and the physical interpretation are then given in Section 3 and Section 4. Conclusions 
and reflections are then presented in Section 5. From frequency to frequency, the upwelling thermal-IR radiance 
intensity at the top of atmosphere can vary by more than a factor of 10. However, the brightness temperatures 
(BTs) at different frequencies vary only between 190 and 330 K over the entire globe. Therefore, depicting trends 
in BTs rather than radiance intensity is much easier for inter-channel comparisons. Because of this reason, the 
following sections will exclusively use BTs to discuss the trends over AIRS channels.

2.  Data and Models
2.1.  AIRS Radiances and Clear-Sky Footprint Selection

AIRS is a grating spectrometer aboard the NASA Aqua satellite and has collected data since September 2002 
(Chahine et al., 2006). It measures three million spectra per day with a scanning angle up to ±49°. By the end 
of 2021, more than 22 billion spectra have been collected by AIRS. It has 2,378 channels with spectral coverage 
from 3.7 to 15.4 μm, with several spectral gaps in between. The shortwave IR channels are not used here due to 
the overlapped information content with the mid-IR channels and the additional complexity of considering solar 
radiation for daytime measurements at such channels. Thus, our analysis is limited to 1,864 channels between 6.2 
and 15.4 μm (i.e., 649.6–1613.9 cm −1). AIRS has a spectral resolving power (λ/δλ) of 1,200, that is, a varying 
spectral resolution from ∼0.5 cm −1 at the low end of the mid-IR frequency range to 1.34 cm −1 at the high end. 
The on-orbit radiometric calibration accuracy of AIRS measurement has been shown to be better than 0.2 K 
(Aumann et al., 2006). Its stability was initially estimated to be ∼4 mK yr −1 (Aumann & Pagano, 2008). Strow 
and DeSouza-Machado (2020) evaluated the stability of more than 400 AIRS channels and showed the stability 
of these channels is ∼2 mK yr −1.

The spectral calibration of AIRS has also been shown to be stable and shift no more than 0.1% of a full-width 
half maximum. The BT trends caused by the shift of spectral response function (SRF) can be estimated using 
the method described in Strow et al. (2006) and Pan et al. (2017). Following the methodology described in Pan 
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et al. (2017), we estimated the BT bias due to such shift of SRF for each AIRS channel and for each month, termed 
as ΔBT_shift(t, ν), and applied such spectral shift correction to the data month by month. Figure 1 shows the 
time series of ΔBT_shift for three AIRS channels, 667.03, 710.43, and 963.84 cm −1, as well as the linear trend of 
such ΔBT_shift(t, ν) for all AIRS channels used in this study. The ΔBT caused by such spectral shift was ∼0.1 K 
or less in magnitude at the beginning of the operation and usually stabilized at a much smaller magnitude (with 
apparent seasonal cycle) after 2009. The overall trend caused by such spectral shift is within ±0.02 K/decade for 
all the channels, which is one order of magnitude smaller than the trends to be discussed in the following sections.

To avoid impact of different viewing zenith angles on radiance average, we only use AIRS spectra within ±5° 
scanning angle in this study. Given cos5° = 0.996, all observations used here can be deemed as nadir-view. 
Quality control procedures as in Huang and Yung (2005) are applied to each AIRS spectrum to exclude abnormal 
channels. To select clear-sky footprints, each individual AIRS footprint is collocated with the Aqua CERES (The 
Clouds and the Earth's Radiant Energy System) footprint, using procedures described in Huang et al.  (2008). 
The CERES Single Satellite Footprint data product has a sophisticated algorithm for clear-sky detection (Minnis 
et al., 2020), using Moderate Resolution Imaging Spectroradiometer (MODIS) imageries within each CERES 
footprint. A CERES footprint with a cloud fraction less than 1% is deemed clear-sky (Loeb et al., 2003). Simi-
lar to Huang et al. (2008, 2014), all identified clear-sky AIRS spectra within a 16-day period are then further 
averaged onto regular 2.5° longitude by 2° latitude grids. Sixteen days is the orbital repeating cycle of the Aqua 
satellite, which makes a homogeneous sampling pattern for nadir-view observations. A monthly average is also 
tested and shows little difference from such 16-day average results as far as the trends of radiances are concerned.

2.2.  GEOS-5.4.1 and ERA5 Reanalysis

We use two sets of reanalysis products, that is, GEOS-5.4.1 and ERA5 reanalyzes, to simulate AIRS clear-
sky nadir-view radiances (hereafter, referred to as synthetic AIRS radiances), respectively. The GEOS 5.4.1 

Figure 1.  Upper panels: the change of brightness temperature (ΔBT) due to spectral shift with time at three Atmospheric Infrared Sounder (AIRS) channels, two in the 
CO2 band and one in the window region. The peak of the clear-sky weighting function (W.F.; based on 1976 US standard atmosphere) for each channel is labeled on the 
title. Lower panels: the linear trend of ΔBT due to spectral shift for all the AIRS mid-IR channels. The trend is for 2003–2020. The gray shade columns indicate spectral 
regions with strong absorptions by trace gases other than H2O and CO2 (i.e., ozone for 980–1,070 cm −1 and N2O and CH4 for 1,240–1,368 cm −1).



Journal of Geophysical Research: Atmospheres

HUANG ET AL.

10.1029/2022JD037598

4 of 14

reanalysis system is largely based the system used to perform the NASA Modern-Era Retrospective analysis for 
Research and Applications (MERRA) reanalysis system (a.k.a. GEOS 5.2.0; Rienecker et al., 2008, 2011), with 
some specific requirements to support the CERES science team's need of producing climate data record products. 
An important difference from other commonly used reanalysis products is that the GEOS 5.4.1 intentionally does 
not assimilate the hyperspectral radiances (such as AIRS, CrIS, and IASI) and Global Position System occultation 
observations. Compared to the MERRA reanalysis, some model changes in the GEOS 5.4.1. include an update 
to the Relaxed Arakawa-Schubert convection parameterization to include resolution dependent stochastic limita-
tion of cumulus entrainment and time-varying aerosols for radiation calculations. Some surface constants were 
updated to address a cold bias over snow, along with several other minor updates. Its 3-hourly temperature and 
humidity products have a horizontal resolution of 0.5° in latitude and 0.67° in longitude, with 42 pressure levels 
in vertical up to 0.1 hPa.

ERA5 reanalysis is the fifth-generation global atmospheric reanalysis produced by the European Centre for 
Medium-Range Weather Forecasts. It is based on Integrated Forecasting System Cycle 41r2 4D-var assimilation 
system with a 31-km horizontal resolution and 137 model vertical levels and output hourly analysis fields. It has 
been widely used by the climate community for a variety of analyses and comparisons. AIRS radiances have 
been assimilated into the ERA5 reanalysis using the method described in McNally et al. (2006). An algorithm 
to identify cloud-contaminated channels (McNally & Watts, 2003) has been used to select channels unaffected 
by clouds, and only such channels could be assimilated into the ERA5 reanalysis. More details about the ERA5 
reanalysis can be found in Hersbach et al. (2020).

2.3.  Simulation of AIRS Clear-Sky Radiances and Comparisons With Global-Mean Observations

To simulate the AIRS clear-sky radiances, 3-hourly (GEOS-5.4.1) or 6-hourly (ERA5) atmospheric tempera-
ture, humidity, and ozone profiles and surface temperature and pressure are fed into PCRTM (Liu et al., 2006) 
to generate synthetic AIRS radiance. PCRTM is a fast radiative transfer model utilizing the correlations among 
AIRS channels to simulate the full AIRS spectral radiances. Compared to benchmark line-by-line radiative trans-
fer calculation, PCRTM has a satisfactory performance with a root-mean-square difference of 0.67 K in BT but 
4,480 times faster (Chen et al., 2013), making it ideal for such a vast amount of hyperspectral radiance simu-
lations. The biases in PCRTM simulation are also small and less relevant to the trend analysis examined here. 
Besides time-varying water vapor and ozone fields from the reanalysis, monthly global-mean CO2 concentration 
compiled by National Oceanic and Atmospheric Administration Global Monitoring Laboratory using the surface 
observations (Dlugokencky & Tans, 2021) is also used in the simulation. The rest of the greenhouse gases, such 
as N2O and CH4, are kept unchanged since our focus here is on water vapor and temperature. Correspondingly, the 
AIRS channels significantly affected by N2O and CH4 absorptions (1240–1360 cm −1) are excluded in our follow-
ing trend studies. The surface spectral emissivity is based on a global monthly varying surface spectral emissivity 
data set compiled in Huang et al. (2016). For the spectral region covered by the AIRS mid-IR observations, the 
surface spectral emissivity in Huang et al. (2016) is largely based on the surface spectral emissivity retrieved from 
MODIS observation (Seemann et al., 2008).

After such 3-hourly (or 6-hourly) synthetic AIRS spectra over the entire globe have been generated, the radiances 
are further linearly interpolated, spatially and temporally, to the same time and location as the AIRS clear-sky 
observation described in Section 2.1. Then such interpolated radiances are processed in the same way as AIRS 
data to form gridded data for trend analysis. Figure 2 shows the simulated and observed global-mean AIRS radi-
ance over the entire period of 2003–2020. As time-varying CH4 is not considered in the simulation, differences 
between simulations and the AIRS observation over the center of CH4 Q-branch (∼1,306 cm −1) can be more than 
1 K in BT (Figure 2f). The differences over the O3 band can be as large as ∼0.7 K in BT (Figure 2e). For clear-sky 
radiances, the mid-IR ozone band is almost equally affected by surface emission and stratospheric ozone absorp-
tion and emission because, unlike the CO2 16.7 µm band, the center of this ozone band is not opaque enough, and 
a considerable amount of the surface emission can still reach the top of the atmosphere. Such differences over 
the O3 band are larger than the differences over the neighboring window region, suggesting the difference in the 
stratosphere (temperature or ozone or both) must play a role here. Even though the reanalysis ozone profiles have 
been used in our calculation, given the focus of this study being temperature and humidity, the radiances from 
AIRS channels in the ozone band will not be analyzed in the following sections, too, just like those in the N2O 
and CH4 bands.
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Besides the O3, N2O, and CH4 bands, the simulation-observation difference is also noticeably large in 
the center of CO2 bands (660–678  cm −1), that is, channels sensitive to the stratospheric emissions and 
absorptions. Unlike the three bands mentioned above, two differences here, that is, GEOS5—AIRS, and 
ERA5—AIRS, have opposite signs. Given the same set of CO2 values have been used in the simulation, 
this can only come from the differences in reanalysis stratospheric temperature: 18-year global mean strat-
ospheric temperature in the ERA5 could be higher than its counterpart in reality and, in contrast, GEOS-5 
could have a colder stratosphere than the reality. For the rest of the channels, that is, tropospheric channels 
in the CO2 band, window channels, and all channels in the H2O band except those overlapped with N2O 
and CH4 bands, the long-term mean differences between simulations and AIRS observations are usually  
within ±0.5 K in BT.

3.  Time Series and Trends of Four Representative AIRS Channels
This section examines the time series and the linear trends of radiances at four representative AIRS channels. As 
in Pan et al. (2015, 2017), all trends are obtained by linear regression, and associated uncertainties are estimated 
according to Weatherhead et al. (1998), which takes the autocorrelation time scale of the time series into account. 
As in Figures 1 and 2, all discussions will be in BT.

Four channels are (a) 667.03 cm −1, a channel at the center of the CO2 band sensitive to the mid-stratosphere; 
(b) 710.43 cm −1, a channel also in the CO2 band but sensitive to the mid-troposphere under the clear sky; (c) 
963.84 cm −1, one of the most transparent channels in the window region, with a transmissivity of 0.94 for the 
1976 US standard atmosphere profile; (d) 1596.32 cm −1, a channel at the center of H2O v2 band and sensitive to 
the mid-troposphere under the clear sky.

Figure 2.  (a–c): The observed and simulated nadir-view, global-mean Atmospheric Infrared Sounder (AIRS) spectral radiances averaged from 2003 to 2020. The entire 
spectrum is broken into three panels for better visualization. (d–f): The difference between simulated and observed global-mean AIRS radiances shown in the (a–c), 
GEOS5 results are shown in red and ERA5 results in blue. Same as Figure 1, the gray shade columns indicate spectral regions with strong absorptions by trace gases 
other than H2O and CO2 (i.e., ozone for 980–1,070 cm −1 and N2O and CH4 for 1,240–1,368 cm −1).
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3.1.  Two Channels in the CO2 Band

The observed and simulated time series of the two CO2 channels are shown in Figures 3a and 3b, respectively. 
ERA5 has a statistically significant positive trend, 0.11  ±  0.06  K/decade (95% confidence interval) at the 
667.03 cm −1 channel, while the trends from AIRS observations and GEOS5 are not statistically significant (i.e., 
not significantly different from zero) Note the linear trend from AIRS observations is negative, while both ERA5 
and GEOS5 have positive trends. In contrast, both reanalyzes and AIRS observation agree well on the trend at 
the 710.43 cm −1 channels, all showing a statistically significant negative trend around −0.63 ± 0.06 K/decade.

The trends in such CO2 channels are determined by two components. First, as CO2 increases, the optical depth (τ) 
will increase at all vertical levels. As a result, the peak of the weighting function, which is around the level where 
τ = 1, will shift upward. If the temperature had remained constant at the same time, such CO2 change alone would 
have led to a positive trend in BT for the stratospheric channel (because stratospheric temperature increases with 
altitude) and a negative trend in BT for the tropospheric channel (because tropospheric temperature decrease with 
the altitude). Second, the temperature also changes in response to the increase of CO2. It is well known that the 
stratosphere becomes cooler as CO2 increases to restore the radiative equilibrium (Manabe & Wetherald, 1967; 
Ramaswamy et al., 2006) and the troposphere becomes warmer due to the radiative feedbacks in response to 
surface warming resulting from the increase of CO2 (Raghuraman et al., 2019; Ramaswamy et al., 2019). The 

Figure 3.  (a) The observed and simulated global-mean time series of Atmospheric Infrared Sounder (AIRS) nadir-view, clear-sky radiances at 667.03 cm −1, a 
middle-stratospheric channel. The linear trends with 95% confidence intervals are also labeled on the plot. (b) Same as (a) but for the AIRS channel at 710.43 cm −1, 
a middle-tropospheric channel. (c) The black line is the time series of simulated clear-sky brightness temperature anomaly based on ERA5 reanalysis, as shown in 
(a). The rest three lines are based on ERA5 monthly mean profiles: the red line is anomaly time series when only CO2 varies with time, but temperature and humidity 
profiles are fixed at their respective values of January 2003; the blue line is radiance anomaly time series when CO2 was fixed at its value in January 2003 but 
temperature, and humidity profiles change with time. The black dash-dotted line is the summation of the red and blue lines. All anomalies are deviations from their 
respective mean over the entire period. (d) Same as (c) except for the 710.43 cm −1 channel.
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stratospheric changes are fast, usually within a few weeks, while the tropospheric changes in response to surface 
warming are much slower. Therefore, the actual temperature change alone would leave a negative trend in the 
stratospheric channels and a positive trend in the troposphere channels. Thus, the contributions of CO2 and 
temperature long-term changes to the trend of BT are opposite to each other for both the stratospheric and trop-
ospheric channels.

To quantify the contributions of such two components, we use ERA5 monthly mean profiles to carry out two 
additional sets of sensitivity simulations: one set uses the time-varying CO2, but the temperature and humidity 
profiles and surface temperatures are fixed at the values for January 2003 (red lines in Figures 3c and 3d); the 
other set uses actual ERA5 profiles for each month but fixed CO2 at the level of January 2003 (blue lines in 
Figures 3c and 3d). The summation of clear-sky BT anomalies computed from the two sensitivity simulations can 
match the anomalies from the full ERA5 very well (black dash lines in Figures 3c and 3d), as does the summation 
of the linear trends from the two sensitivity simulations with the trends from the full simulation. The linear trend 
due to CO2 increases is 0.37 ± 0.01 K/decade for the 667.03 cm −1 channel and −0.68 ± 0.01 K/decade for the 
710.43 cm −1 channel. The linear trends due to temperature change are smaller in amplitude than the linear trends 
caused by CO2 but in opposite signs. As a result, for the ERA-5 synthetic AIRS radiances, the overall trend is 
positive for the stratospheric channel and negative for the tropospheric channel.

3.2.  A Window Channel at 963.84 cm −1

The observed and simulated times series at a window channel, 963.84 cm −1, is shown in Figure 4a. Among 
all four individual channels examined in this section, this channel shows the smallest baseline differences 

Figure 4.  Similar to Figure 3 but for a mid-IR window channel at 963.84 cm −1 and an H2O channel at 1596.32 cm −1. In (c), the anomalies by varying surface 
temperature (Ts) only and by varying atmospheric temperature (Tair) are shown as pink and blue lines, respectively. In (d), the anomaly by varying Ts is not shown as this 
channel has zero sensitivity to surface emission.
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between observation and simulations. Such a good agreement is not a surprise since this channel is over-
whelmingly influenced by surface temperature, a quantity well assimilated in both reanalyzes. All three 
time series show a positive but statistically insignificant trend around 0.22–0.31 K/decade. Using a similar 
approach as described in Section 3.1, we further use ERA5 reanalysis to assess the individual contributions 
to the trend.

As expected, the largest contribution comes from surface temperature (pink line in Figure 4c). When only atmos-
pheric temperature or humidity profiles vary with time (blue and red lines in Figure 4c), they can contribute to 
the time series through the water vapor continuum absorption and emission at this channel, but their contribu-
tions have a much smaller seasonal cycle and are out of phase with each other. This can be understood in the 
following way: temperature and humidity variations in the boundary layers are in phase; however, an increase in 
atmospheric temperature alone leads to more atmospheric emission to the space, while an increase of water vapor 
alone has two competing effects: absorb more surface emission (so less surface emission reaches the space) and 
emit more atmospheric radiation. The net effect of water vapor increase in the planetary boundary layer (PBL) is 
a reduction of radiance reaching the space because the temperature in the PBL is generally lower than the surface 
temperature. Thus, the net effect of water vapor increase is out of phase with the effect of atmospheric tempera-
ture increase. As a result, the linear trend due to atmospheric temperature variation largely offsets the linear trend 
due to atmospheric humidity variation.

Figure 5.  (a) Scatter plot of the linear trends of simulated global-mean, nadir-view Atmospheric Infrared Sounder clear-sky 
radiances over channels in the CO2 band (terms as temperature-sensitive channels) with respect to the peaks of clear-sky 
weighting functions of corresponding channels. The trends are derived from the ERA5-based synthetic radiance over the 
2003–2020 period. The weighting function is computed using the US 1976 standard atmosphere. (b) Same as (a) but for 
channels in the window region and H2O bands (terms as relative-humidity-sensitive channels). (c) Same as (a) except for 
the 2003–2018 period. (d) Same as (b) except for the 2003–2018 period. Note for all the channels shown here, the 95% 
confidence interval of the trend derived from 2003 to 2020 period overlaps with their counterpart from the 2003–2018 period.
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3.3.  The Water Vapor Channel at 1596.32 cm −1

3.3.1.  Impact of the MHS Failure in November 2019

Figure 4b shows the observed and simulated time series of clear-sky radiances at 1596.32 cm −1, a channel at the 
center of the H2O v2 band, and sensitive to mid-tropospheric water vapor emissions and absorptions. The most 
noticeable difference among the three time-series is the sudden drop of the GESO-5 time series after November 
2019. A careful examination of GEOS-5 data showed that the Microwave Humidity Sounder (MHS) on the Euro-
pean MetOp-A satellite, which was assimilated by GEOS-5, has had a channel failure since 15 November 2019 
(ESPC Operations, 2020), and GEOS-5 data assimilation did not properly consider this failure. GEOS-5 data 
product since then was inadvertently affected by this MHS failure. To further confirm this cause and assess the 
impact of this on the synthetic AIRS radiance trends, we calculated the linear trends for two periods, 2003–2018 
and 2003–2020, and for all relevant AIRS channels. For AIRS channels sensitive to the temperature but not to 
water vapor (i.e., channels in the CO2 band, termed T-sensitive channels), the linear trends derived from the two 
periods are the same for both the ERA5 and GEOS-5 results (Figures 5a and 5c for ERA5, and Figures 6a and 6c 
for GEOS-5): the 95% confidence intervals of the trends derived from 2003 to 2020 period overlap with the coun-
terparts derived from 2003 to 2018 period for all the channels. For AIRS channels sensitive to both temperature 
and humidity (i.e., channels in the window region and H2O band, termed RH-sensitive channels, where RH stands 
for relative humidity), the linear trends derived from two periods are the same for the case of ERA5 synthetic 
radiance (Figures 5b and 5d); but are different for the case of GEOS-5 synthetic radiance (Figures 6b and 6d). 
Specifically, the GEOS-5 trends between the two periods differ the most for the channels that have peaks of their 

Figure 6.  Same as Figure 5 but derived from synthetic Atmospheric Infrared Sounder radiances based on the GEOS-5.4.1 
data. Green dots denote channels of which the 95% confidence interval of the trend derived from 2003 to 2020 period does 
not overlap with their counterpart from 2003 to 2018 period. Like the ERA5 case in Figure 5, trends over all T-sensitive 
channels change little between two periods. Trends over the RH-sensitive channels with peaks of weighting functions around 
400–600 hPa show statistically different trends between the two periods, which is due to the issues in GEOS-5 assimilation 
discussed in the text.
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clear-sky weighting functions around 300–700 hPa. Note that the green dots in Figures 6b and 6d denote channels 
where the 95% confidence intervals of the trends derived from the two periods do not overlap. For example, the 
trends for the channels with a peak of their clear-sky weighting function around 350–500 hPa are positive for the 
2003–2018 period (Figure 6d) but negative for the 2003–2020 period (Figure 6b), which is due to the artificial 
drop of the radiance after November 2019 (like what has been shown in Figure 4b). For comparison, the trends 
from AIRS observations are plotted in the same way in Figure 7. Consistent with the case of ERA5, AIRS trends 
derived from 2003 to 2018 are largely the same as those derived from 2003 to 2020, the 95% confidence inter-
vals of the trends derived from the two period always overlap for all the channels. This further confirms that the 
different trends in the GEOS-5 case are artificial.

3.3.2.  Sensitivity Analysis

The global-mean trends from AIRS observation and ERA5 reanalysis agree well with each other at this channel, 
as shown in Figure 4b. Both have a weak positive trend of ∼0.1 K/decade with a 95% confidence interval of 
∼0.1 K/decade. Using the ERA5 monthly profiles, we calculated the trends caused by the change of atmospheric 
humidity and the change of atmospheric temperature, respectively (the contribution of surface temperature to this 
channel is very small). Similar to the case of window channels, changes in temperature and humidity contribute 
oppositely to the trend. Varying humidity alone leads to a negative linear trend of −0.27 ± 0.09 K/decade, and 
varying air temperature alone leads to a linear trend of 0.33 ± 0.15 K/decade. Their summative effect is then a 
weak positive trend of 0.07 ± 0.07 K/decade, which is close to the trend derived from the full 6-hourly ERA5 
simulation, that is, 0.1 ± 0.1 K/decade.

Figure 7.  Same as Figure 5 but based on actual Atmospheric Infrared Sounder observations. Note for all the channels shown 
here, the 95% confidence interval of the trend derived from the 2003–2020 period overlaps with their counterpart from the 
2003–2018 period. Just like the case of ERA5 in Figure 5, all the trends derived from two periods, that is, 2003–2020 versus 
from 2003 to 2018, are largely similar to each other.
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4.  Trends of All AIRS Mid-IR Channels
The linear trends of all AIRS mid-IR channels for the 2003–2020 period are shown in Figures 8a–8c, while 
Figures 8d–8f show the statistically significant trends only. Many stratospheric channels in the CO2 band, that is, 
the channels between 650 and 690 cm −1, show statistically significant negative trends in the AIRS observation 
but statistically significant positive trends in the ERA5 and GEOS-5 simulations (Figure  8d). Such opposite 
trends between observations and reanalyzes reflect issues in the assimilated stratospheric temperatures. AIRS 
observation and two reanalyzes agree well with each other over the tropospheric channels in the CO2 band 
(∼690–750 cm −1), all showing statistically significant negative trends. While both reanalyzes largely agree with 
the AIRS observations in the window region for a generally weak positive trend (Figure 8b), few of them are 
statistically significant (Figure 8e). Most channels in the H2O v2 band are sensitive to the middle and upper strato-
sphere. For the reasons discussed in Section 3.3.1, GEOS-5 shows negative trends over such channels (Figures 8c 
and 8f) due to the MHS failure after November 2019. The AIRS observations and ERA5 agree with each other 
over a majority of channels in the H2O bands with a positive trend, most of which are statistically significant 
(Figure 8f). Note that AIRS observations show statistically significant negative trends in the center of the CH4 
band, that is, around 1,306 cm −1, while the trends from GEOS-5 and ERA5 are both positive (Figures 8c and 8f). 
Since CH4 variation has not been considered in the simulation, such contrast indicates that the increases of CH4 
concentration from 2003 to 2020 is prominently detectable from the IR hyperspectral observations.

Using the same approach described in Section 3, we further examined the contribution of different variables to 
the linear trends of ERA5 synthetic radiances. The findings are largely consistent with what has been discussed 
in Section 3 for the four representative channels. Figure 9a shows that, over the stratospheric channels, the CO2 
variation alone leads to positive trends, and the temperature variation alone leads to a negative trend at a compara-
ble magnitude. As for the tropospheric channels in the CO2 band, the negative trends caused by the CO2 variation 
alone are much larger than the positive trend by the temperature variation, and the summation of two individual 
trends agrees well with the trend derived from the full simulation. The trends in the window channels are largely 
decided by the surface temperature changes, while the contributions from air temperature and humidity largely 
cancel each other (Figure 9b). The weak positive trends in the H2O bands (Figure 9c) can also be well approxi-

Figure 8.  (a–c) the observed and simulated linear trends of all Atmospheric Infrared Sounder mid-IR channels. As in Figure 2, three panels are used for better 
visualization. (d–f) Same as (a–c), respectively, except only the statistically significant trends (5% significance) are shown. Like in Figure 1, the gray shade columns 
indicate spectral regions with strong absorptions by trace gases other than H2O and CO2 (i.e., ozone for 980–1,070 cm −1 and N2O and CH4 for 1,240–1,368 cm −1).
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mated by the sum of positive trends due to air temperature change alone and negative trends due to atmospheric 
humidity change alone.

5.  Conclusions and Discussions
Using the collocated observations to identify AIRS clear-sky footprints enabled us to archive a long-term record 
of nadir-view, clear-sky hyperspectral radiances. The superb instrument performance of AIRS makes such radi-
ance time series an invaluable record for climate studies. This study depicts the trend of global-mean, nadir-view 
AIRS radiances from 2003 to 2020 and how well such trends can be simulated using two reanalysis data sets, 
ERA5 and GEOS 5.4.1. ERA5 assimilated AIRS observations, while GEOS 5.4.1 deliberately excluded AIRS 
and other hyperspectral radiances for its purpose. AIRS observations show negative trends in the majority of CO2 
channels. While the trends derived from simulated radiances from ERA5 and GEOS-5 agree well with those of 
AIRS over the tropospheric channels in the CO2 band, the trends from reanalyzes have the opposite sign from 
those of AIRS over the stratospheric channels in the CO2 band. Trends in all CO2 channels can be well approxi-
mated by the sum of two individual trends, one due to CO2 variations alone and the other due to temperature and 
humidity variations. The trends over the window channels are positive but statistically insignificant; such trends 
are primarily decided by the surface temperature changes, and the contributions from air temperature and humid-

Figure 9.  Black lines in (a–c) are the trends derived from synthetic radiances based on ERA5 reanalysis for all Atmospheric Infrared Sounder mid-IR channels. (a) The 
trend due to varying CO2 only is shown in red, and due to varying temperature and humidity is shown in blue. The pink line is the summation of the red and blue lines. 
(b) The trends due to varying surface temperature, atmospheric humidity, and atmospheric temperature are shown in red, light blue, and green, respectively. The pink 
line is the summation of red, blue, and green lines. (c) The trends due to varying atmospheric humidity alone and atmospheric temperature alone are shown in blue and 
green, respectively. The pink line is the summation of blue and green lines. The gray shades in (b, c) are spectral regions with significant absorption and emissions from 
trace gases other than CO2 and H2O.
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ity largely offset each other. The AIRS observations have positive trends over its H2O channels, though not all are 
statistically significant. ERA5 simulation agrees well with the AIRS observation in terms of the linear trend in 
the H2O v2 band, and such trends can also be approximated by the sum of two trends, one due to air temperature 
change alone (positive trend) and the other due to humidity change alone (negative trend). The sudden drop of 
GEOS-5 radiances in the water vapor bands can be attributed to the incorrect assimilation of MHS radiances 
after the failure of MHS in November 2019. While other trace gases are not the focus of this study, observed and 
simulated trends at channels with strong CH4 absorptions do show that the observed trends can only be explained 
with the CH4 variation taken into account.

While this study focuses on the global-mean statistics and linear trends, the clear-sky radiances data set can 
be used to study regional statistics and spatially dependent trends as well. It can also be used in the optimal 
fingerprinting framework to carry out detection and attribution studies, similar to the stratospheric channel case 
studies by Pan et al. (2017). Hyperspectral radiance is unique because, in one data set, it reveals spectral details of 
both radiative forcings of greenhouse gases and several radiative feedbacks, namely Planck feedback, lapse-rate 
feedback, longwave water vapor feedback, and longwave cloud feedback. More future work can be carried out to 
exploit such radiance data sets for climate monitoring as well as detection and attribution studies.

Data Availability Statement
The data used for trend analysis in this study, such as time series of global-mean clear-sky BTs from AIRS 
observations, from synthetic radiances using GEOS-5 and ERA5 data, and differences in clear-sky BT due to 
AIRS spectral shift, are available at Zenodo via https://doi.org/10.5281/zenodo.7192258. The AIRS L1b radi-
ance data can be obtained via http://airsl1.gesdisc.eosdis.nasa.gov/data/Aqua_AIRS_Level1/AIRIBRAD.005/. 
The ERA5 data (Hersbach et al., 2018a, 2018b) can be downloaded from https://www.ecmwf.int/en/forecasts/
datasets/reanalysis-datasets/era5. Global-mean CO2 data (Dlugokencky & Tans, 2021), was downloaded from 
https://gml.noaa.gov/ccgg/trends/gl_data.html. GEOS-5.4.1. data can be requested from Global Modeling and 
Assimilation Office at NASA Goddard Space Flight Center.
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