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Abstract Hyperspectral infrared satellite observations provide an information-rich, global record of climate
mean state and change without the structural uncertainties often present satellite retrievals and reanalyses.
Current and planned hyperspectral satellite missions will continuously observe changes in Earth's outgoing
infrared spectrum into the 2040s. Here, we study current and future changes in the infrared spectrum using
22 years of observations from the NASA AIRS instrument and 40 years of AIRS-like observations simulated in
an Earth System Model. Currently detectable changes are dominated by CO, forcing and surface warming.
Conversely, trends in spectral channels where CO, and water vapor forcing respectively oppose forced
stratospheric and tropospheric temperature responses are indistinguishable from observed internal variability.
By the early 2040s, however, mid-latitude stratospheric cooling and tropospheric warming outcompete
greenhouse gas forcing to produce significant trends of opposing signs. Detecting these trends requires that the
total uncertainty of a multi-instrument, intercalibrated record is below 0.02 K/yr.

Plain Language Summary Earth emits thermal infrared energy to space over a broad spectrum of
wavelengths. Because greenhouse gases and temperature changes affect the amount of energy emitted at
different wavelengths, monitoring changes in the infrared emission spectrum documents both the radiative
forcings driving climate change as well as responding changes to the earth's atmosphere and surface. Examining
22 years of hyperspectral observations from the NASA AIRS instrument, we show that significant changes in
the earth's emission spectrum are mostly due to just two factors: The radiative forcing of increasing carbon
dioxide and surface temperature increases. By simulating future observations with a climate model, we show
that additional radiative changes will become detectable during the next two decades. Specifically, cooling in
the stratosphere will overcome CO, forcing, and warming in the troposphere will overcome decreasing emission
due to increasing water vapor concentrations. Because future records will need to combine data from multiple
satellites, however, detecting these trends in practice will require the precise intercalibration of multiple
hyperspectral instruments.

1. Introduction

Anthropogenic climate change is the result of an imbalance between Earth's emission and absorption of radiative
energy (Fourier, 1888). In the infrared spectrum where earth emits energy to space, the competing effects of
radiative forcings and climate feedbacks give rise to a complex spectral and spatial signature of climate change
and variability (e.g., Brindley & Bantges, 2016; Charlock, 1984; Goody et al., 1996). Space-based measurements
of spectrally resolved infrared radiation observe how these processes evolve in time and contribute to the net
radiative imbalance that drives climate change (e.g., Harries et al., 2001; Huang et al., 2022; Raghuraman
et al., 2023). Assessing which changes current observations can and cannot detect, and estimating the benefits of
future observations, is essential for both designing future observing systems and improving our understanding of
climate processes.

Satellite-based spectral infrared observations offer unique advantages for climate-scale analysis, providing
continuous, globe-spanning measurements of Earth's outgoing radiation. Since the first generation of weather
satellites in the 1960s, infrared sounding capabilities have evolved dramatically in spectral resolution and ac-
curacy. The launch of NASA's Atmospheric Infrared Sounder (AIRS) in 2002 marked a significant advancement,
providing hyperspectral measurements across 2,378 infrared channels with unprecedented stability (Aumann
et al., 2006; Chahine et al., 2006; Strow & DeSouza-Machado, 2020). AIRS observes across the 3.7-15.4 pm
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(650-2,670 cm™") range, capturing information about temperature and humidity profiles as well as trace gas
concentrations, aerosols, and clouds (Pagano et al., 2010). With AIRS now exceeding two decades of continuous
operation, its spectral infrared record has matured into a valuable climate data record capable of detecting subtle
changes in Earth's radiative forcing, atmospheric composition, and surface properties (e.g., Teixeira et al., 2024).
Furthermore, the contribution of hyperspectral sounders to operational weather forecasting (e.g., Chahine
et al., 2006) has motivated the launch of additional instruments (e.g., NASA's Cross-track Infrared Sounder (CrIS)
and ESA's Infrared Atmospheric Sounding Interferometer (IASI)) that will create a continuous spectral infrared
record of climate change and variability into the 2040s. While the primary purpose of these instruments is weather
forecasting, inter-calibrated records joining multiple instruments such as the Climate Hyperspectral Infrared
Radiance Product (CHIRP) will also provide valuable data for climate monitoring and trend detection (Strow
et al., 2021).

Unlike traditional climate records that rely on derived geophysical variables, spectral radiances are direct ob-
servations of climate forcing and response. As a result, the uncertainty in long-term radiance trends can be directly
tied to a satellite instrument's radiometric accuracy (Leroy et al., 2008; Wielicki et al., 2013). In the case of AIRS,
Strow and DeSouza-Machado (2020) demonstrated that stable channels have trend uncertainties less than
0.002 Kyr~'. This uncertainty is much smaller than expected trends from anthropogenic climate change, enabling
the unambiguous detection of climate change signals. Satellite retrievals and atmospheric reanalyses, on the other
hand, introduce additional sources of uncertainty from retrieval algorithms, forward model biases, and data
assimilation methods. Reanalysis products in particular present challenges for climate analysis due to the
changing observing systems they assimilate, which could introduce spurious trends and variability as satellite
instruments enter and exit operations. Even climate data records derived from in situ observations can have large
uncertainties that obscure and delay trend detection (e.g., Lenssen et al., 2024; J. Shaw & Lenssen, 2025; Sippel
etal., 2024). Using radiance observations avoids these complications by leveraging the accuracy of direct spectral
measurements.

Earth System Models (ESMs) coupled with satellite simulator tools can be used to simulate the observations of
current and future satellite instruments (e.g., Bodas-Salcedo et al., 2011). At weather timescales, simulated ra-
diances are often produced from operation weather models in Observing System Simulation Experiments
(OSSEs) to assess the potential impact of new instruments on forecast skill (Hoffman & Atlas, 2016). At climate
timescales, similar experiments can be used to assist the design of climate monitoring missions and provide strict
tests of ESM performance (e.g., Feldman et al., 2011; Huang et al., 2007; Huang & Ramaswamy, 2009). Pro-
ducing “satellite-like” radiation fields in ESMs requires additional radiative transfer calculations performed either
in-line with model time steps or from saved model output (e.g., Raghuraman et al., 2023). While tools to support
climate OSSEs are now available (e.g., Fera et al., 2023; J. K. Shaw et al., 2025), such experiments remain
infrequent.

Previous studies have used the AIRS record both to document observed climate trends and to evaluate ESMs and
reanalysis data products. Huang et al. (2007) and Huang and Ramaswamy (2009) respectively tested an ESM
against AIRS observations and then predicted centennial-scale changes in the global-mean spectrum. Using
globally averaged AIRS L1B radiances, Huang et al. (2022) found significant trends in channels sensitive to CO,
and water vapor, with reanalysis disagreeing with observations in stratospheric and water vapor channels.
Raghuraman et al. (2023) showed greenhouse gas (GHG) forcing, surface warming, stratospheric cooling using
spectral outgoing longwave radiation (OLR) data from AIRS. Recently, DeSouza-Machado et al. (2025) infered
geophysical trends directly from AIRS radiance trends and found the greatest disagreements relative to reanalyses
and satellite retrievals in water vapor and polar stratospheric temperature trends. These studies demonstrate the
value of spectral infrared observations for climate monitoring and model evaluation, especially for studying
stratospheric temperature and water vapor changes where reanalyses, models, and satellite retrievals often
disagree.

Here, we evaluate the current and future detectability of changes in Earth's infrared emission spectrum using
22 years of AIRS observations and simulated AIRS-like radiances extending into the mid-21st century. Previous
work has focused on decomposing observed trends into various contributions (e.g., CO,, temperature, humidity),
largely at the global scale. In contrast, we examine spatial patterns of long-term trends and variability in the net
signal that determines Earth's radiative imbalance. We use selected spectral channels that capture of the behavior
of key parts of the infrared spectrum. We begin by examining how spatial patterns of variability and change
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determine the detectability of climate change signals in different spectral regions. We then construct proxies of
surface and atmospheric temperature trends from individual AIRS channels to understand current and future
trends in regions where climate feedbacks and forcings have competing effects. Finally, we show the spectral and
spatial regions where significant trends are expected to emerge over the next two decades and quantify the
observational uncertainty threshold needed to detect these changes.

2. Methods
2.1. AIRS Observations

To leverage the AIRS record for climate change detection, we compute monthly mean radiances on a regular
latitude-longitude grid from AIRS L1C orbit granules. The AIRS L1C spectral grid is drift-corrected and ideal for
climate studies. Spatial grid spacing is 5° in longitude, with variable latitude spacing to give a roughly equal
number of observations in each gridcell. We compute brightness temperatures from radiances to enable easier
data interpretation and comparisons with temperature fields. Finally, we analyze observations for the 22-year
period from September 2002 through August 2024. Monthly mean clear- and all-sky radiances separated by
viewing geometry and orbit type for 470 AIRS L1C channels are publicly available as the Monthly AIRS
Radiance (MAR) product, which this work also serves to document (J. Shaw et al., 2026).

We focus our analysis on clear-sky fields where spectral trends are readily interpreted (we reproduce figures with
all-sky fields in the supplement). In the absence of a collocated cloud mask from another imager (e.g., MODIS),
the choice of how to identify clear scenes is both non-trivial and ambiguous. We identify clear-sky observations
following the methods of DeSouza-Machado et al. (2025). Namely, profiles with the greatest 10% of radiances in
the 1,231 cm™! window channel are labeled as clear-sky. This methodology has complete spatio-temporal
coverage and uses direct observations rather than cloud-cleared radiances. However, caution is warranted in
regions with frequent cloud cover and temperature inversions. Section S4 in Supporting Information S1 describes
the extensive validation performed by DeSouza-Machado et al. (2025), and we refer readers to that work for full
documentation.

Our analysis focuses on four spectral channels that capture the different patterns of trends and variability present
in the AIRS record. These channels and their associated processes are: 659 cm™! (CO, forcing and stratospheric
temperature), 728 cm~!' (CO, forcing and tropospheric temperature), 1,231 cm™! (surface temperature), and
1,596 cm™! (water vapor and tropospheric temperature). Jacobians and weighting functions for each of these
channels are shown in Figure S1 of Supporting Information S1. We limit our lat-lon analysis to these channels but
note that the AIRS spectrum contains information on additional trace gases (e.g., CHy, O3).

2.2. CAM6 Experiment

We conduct a simulation with the Community Atmosphere Model version 6 (CAM6) to estimate internal climate
variability and forced climate change in AIRS radiance fields over current and future observational periods.
Specifically, we run CAM6 with CMIP6 forcings from the AMIP protocol from 2000 to 2014, and from the SSP5-
8.5 scenario from 2015 onward (Eyring et al., 2016). We use sea surface temperature and sea ice boundary
conditions from fully coupled Community Earth System Model version 2 (CESM2) (Danabasoglu et al., 2020)
simulations with identical atmospheric forcings to drive atmosphere-only CAM6 experiments. We note that these
boundary conditions diverge from observed fields in 2015 when the SSP5-8.5 scenario begins, and that our model
simulation also has a different realization of atmospheric variability. Due to these differences and because both
CAM6 and CESM2 have been extensively evaluated against both satellite observations and reanalysis
(e.g., Medeiros et al., 2023; Simpson et al., 2020), our analysis focuses on trends and variability in the spectral
radiation fields produced for this work.

We use the COSP-RTTOV satellite simulator tool (J. K. Shaw et al., 2025), which couples the COSPv2.0 satellite
simulator package (Swales et al., 2018) with the RTTOV (Saunders et al., 2018) fast radiative transfer model and
allows us to generate AIRS-like radiances from CAM6. COSP-RTTOV runs at each model timestep and uses the
CAMG6 model state to compute clear- and all-sky radiances consistent with AIRS L1C channel spectral response
functions. We produce COSP-RTTOV output sampled at all timesteps, as well only 1:30p.m. and 1:30a.m. local
times in order to study how the AIRS sun-synchronous sampling pattern influences our results. Specifically, we
directly simulate 33 AIRS channels from 650 to 1,600 cm™! (listed in Table S1 of Supporting Information S1).
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For zonal-mean analysis, we use these directly simulated channels to reconstruct trends and variability across all
L1C channels (Section S1, Figure S2 in Supporting Information S1). To compare with the AIRS observational
period, we analyze CAMG6 output from September 2002 through August 2024 (hereafter referred to as the current
period). To study future trends, we extend the analysis period through August 2042 to examine 40-year trends that
would be observed with seamless continuity of hyperspectral sounders (e.g., CrIS, IASI) (hereafter referred to as
the future period). Finally, we interpolate model fields to the AIRS spatial grid to ensure fair comparison with
observations.

2.3. Estimation of Trend Magnitude, Internal Climate Variability, and Trend Detection

We compute trends and variability analogously for AIRS observations and modeled fields to ensure fair com-
parison. We obtain linear trends by fitting monthly time series to the following model of a linear trend and
seasonal cycle as in DeSouza-Machado et al. (2025):

4
BT(¢) = BT, +m*t+Zan sin(2xt + ¢b,,). (1

n=1

Here BT, is the climatological mean brightness temperature, m is the linear trend in K/yr, 7 is time in years since
the middle of the record, and a, and ¢, are the amplitude and phase of four sinusoids that fit the seasonal cycle,
respectively. Fitting is performed using scipy.optimize.curve_fit (Virtanen et al., 2020).

While the linear trend m is obtained directly from the fit to Equation 1, we estimate trend variability (possible
trends resulting from internal climate variability) from the residuals of the fit. Specifically, we assume that the
residual variability behaves as a red-noise process with a stationary variance and autocorrelation structure.
Following Weatherhead et al. (1998), trend standard error o,, is computed as:

12
Om = [Fo—%arfvar]]ﬂ’ (2)

where T is trend length, o,,, is the standard deviation of the residual variability, and z,, is the correlation time of
residual variability for time scales of 1 year and longer. We compute z,,, from the lag-1 autocorrelation ¢ of the
residual variability following Weatherhead et al. (1998):

1+
Tvar—m. (3)

Trends are considered significant if the observed trend magnitude exceeds the quadrature sum of trend variability
and instrument uncertainties. Following Strow and DeSouza-Machado (2020), we estimate the instrument trend
uncertainty as 0.002 K/yr. Thus, trends are significant at 95% confidence if:

|m]* > (1.966,,7 + 0.002% )

When considering future multi-instrument records for which intercalibration may increase observational un-
certainty, we also compute a critical uncertainty threshold o at which observed trends lose significance:

erit = (Im|* — 1.9657,)"/. ®)

2.4. Estimation of CO,-Driven Trends

We wish to estimate and remove the contribution of increasing CO, concentrations to brightness temperature
trends. Noting the logarithmic dependency of radiative forcing on gas concentration (Huang & Bani Shaha-
badi, 2014), we estimate the CO,-driven brightness temperature trends by multiplying CO, trends with the
sensitivity of brightness temperature to changes in CO, concentration (CO, Jacobians):
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dBTco,  dBT din(CO,) ©
dt ~ din(COy) dt

We account for state-dependency in Equation 6 by computing CO, Jacobians at each month and gridcell in our
data using monthly mean atmospheric and surface fields (see Section S2 in Supporting Information S1). Figures
S3 and S4 in Supporting Information S1 show that removing this CO, contribution from brightness temperature
trends in CAMBG yields residual trends that agree well with the model's temperature fields, demonstrating that this
approach allows us to isolate temperature-driven trends in channels where CO, forcing opposes the forced
temperature response. Because these trends are assumed to be linear over the analysis periods, our estimates of
internal variability and trend variability are unchanged.

Spatial and spectral variations in CO,-driven trends (Figure S3 in Supporting Information S1) show how CO, forcing
can be simply understood from the lapse rate at each wavelength's peak emission level. For example, positive CO,-
driven trends at 659 cm™! decrease poleward as the stratospheric lapse rate weakens, while high-altitude regions have
near-zero CO,-driven trends at 728 cm™! due to surface-dominated cooling in cold, dry atmospheres. These results
confirm previous findings with simple models (e.g., Huang et al., 2016; Jeevanjee et al., 2021).

3. Results

We begin by evaluating zonal mean trends and variability in both observations and model data (Figure 1). An-
notations to panels a and d label the spectral regions sensitive to changes in trace gases, atmospheric, and surface
properties. AIRS observations (Figure 1a) show detectable trends (non-stippled regions) from CO, forcing (label
2), mid- and high-latitude surface warming (label 3), and CH, forcing (label 5). Conversely, changes in spectral
regions where stratospheric temperatures trends oppose CO, forcing (label 1) and tropospheric temperatures
trends oppose water vapor forcing (label 6) are largely insignificant over the 2002—2024 period. Modeled trends
from CAMBG6 over the same period (Figure 1b) strongly resemble the observed fingerprint of spectral change. We
note, however, that tropical surface temperature trends are larger and more significant in CAM®6 than in AIRS.
Future trends from CAM6 (Figure 1c) show little change in trend magnitude but greater trend significance:
Surface warming is detected at all latitudes, while mid-latitude stratospheric and tropospheric temperature trends
outcompete the respective radiative forcing of CO, and water vapor to emerge from internal variability.

The patterns of trend detectability in Figures la—1c are explained by additionally examining trend variability
(Figures 1d—1f, Equation 2). Beginning with observations, variability derived from AIRS (Figure 1d) is greatest in
spectral regions sensitive to stratospheric temperature, surface temperature at high latitudes, and water vapor in
the tropics and extratropics. High variability in stratospheric channels (label 1) suppresses trend detectability,
while low surface temperature variability in the southern hemisphere mid-latitudes allows for detectable trends
despite more rapid warming in the northern hemisphere. As with trends, the CAM6 current period variability
(Figure le) shows similar patterns to AIRS, though with some differences in magnitude. Lower surface tem-
perature variability in CAM6 explains the greater detectability of tropical surface warming relative to AIRS. On
the other hand, greater water vapor variability in CAM6 suppresses trend detectability. We note that differences in
trends and variability arise from both model bias as well as internal climate variability. Finally, low variability in
the CAM6 future period (Figure 1) shows that 20 years of additional observations dramatically reduce trend
variability to enable more widespread trend detection in the extended AIRS record.

Further analysis of all-sky fields and temporal sampling patterns reinforces the results of Figure 1 while revealing
additional features of the climate system. All-sky fields (Figure S5 in Supporting Information S1) shows largely
similar results with greater variability in the tropics. Additionally, separating AIRS day- and nighttime orbits
(Figures S11-S13 in Supporting Information S1) shows that nighttime observations detect additional surface
warming trends due to larger trends and lower variability, with little change in other spectral regions. Additional
results are discussed in Section S5 in Supporting Information S1.

We subsequently focus our analysis on four spectral channels representative of the key spectral regions identified
in Figure 1. Global maps of observed trends and variability for these channels (Figure 2) show that regional trends
are difficult to distinguish from internal variability over the observational period. Trends are mostly insignificant
in channels sensitive to stratospheric temperatures, surface temperature, and water vapor (Figures 2a, 2b and 2d).
Only the tropospheric temperature channel shows widespread negative and significant trends due to direct CO,
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Figure 1. Zonal mean clear-sky brightness temperature trends (top row) and trend variability (bottom row) from the AIRS current observations (first column), CAM6
current simulation (second column), and CAM6 future simulation (third column). Trend variability is computed from detrended residuals as described in Section 2.3.
Stippling in panels (a—c) indicates where trends do not exceed uncertainty calculated with Equation 4. Annotations to panels a and d label the spectral regions sensitive to
changes in 1. Stratospheric temperature and CO, (650-700 cm™"), 2. Tropospheric temperature and CO, (700-750 cm™"), 3. Surface temperature (750—1,000,
1,050-1,250 cm™"), 4. Ozone (1,000-1,050 cm™'), 5. CH, (1,250-1,400 cm™!), and 6. Water vapor and Tropospheric temperature (1,400—1,600 cm™).

forcing (Figure 2c). When the inferred CO, contributions are removed from CO,-sensitive channels, however, the
sign of the residual trend (now due only to the temperature response) is reversed. Stratospheric cooling in the
tropics drives a negative trend at 659 cm™! (Figure 2e) while tropospheric warming drives a significant positive
trend at 728 cm™' (Figure 2f). The patterns of trend detection (Figure 2, non-stippled regions) are largely
controlled by spatial patterns of variability. Temperature variability in surface-, troposphere-, and stratosphere-
sensitive channels increases from the equator to the poles, causing most significant trends to occur in the tro-
pics and mid-latitudes (Figures 2g—2i). In contrast with temperature, variability in the water vapor channel
(Figure 2j) is greatest in the tropics due to the Clausius-Clapyeron relationship. Overall, Figure 2 shows that
detectable trends in individual gridcells result from CO, radiative forcing and high-latitude surface warming.
Trends in other spectral and spatial regions are largely indistinguishable from internal variability. Figure S6 in
Supporting Information S1 shows model behavior over the same period.

Extending the AIRS record to 40 years with CAM6 shows that regionally detectable spectral trends become
common and spatially widespread (Figure 3). In this extended record, CO, forcing and surface warming remain
the dominant, robust signals (Figures 3a and 3c), while mid-latitude stratospheric cooling and tropospheric
warming emerge more broadly as detectable trends (Figures 3b and 3d). In the tropics, however, trends in
stratospheric and water vapor channels remain largely insignificant: in the stratospheric band CO, forcing and the
cooling response approximately cancel, and in the water vapor band opposing temperature and humidity effects
combined with large trend variability suppress detectability. Because 40-year trend variability is reduced relative
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Figure 2. Clear-sky brightness temperature trends (top row), trends with inferred CO, contributions removed (middle row), and trend variability (bottom row) from
AIRS current observations (2002-2024) for four representative spectral channels. Stippling in panels (a—f) indicates where trends do not exceed uncertainty calculated
with Equation 4.

to the shorter observational period (Figures 3g-3j), smaller forced signals cross the detection threshold.
Comparing Figures 2 and 3 shows that a continuous hyperspectral record from 2002 to 2042 would reveal
additional changes in Earth's infrared spectrum.

Our assumption that the AIRS radiometric stability will be seamlessly transferred to a multi-instrument record
may be optimistic. To understand the long-term uncertainty needed to maintain the trend detection shown in
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Figure 3. Clear-sky brightness temperature trends (top row), trends with inferred CO, contributions removed (middle row), and trend variability (bottom row) from
CAM future simulation (2002-2042) for four representative spectral channels. Stippling in panels (a—f) indicates where trends do not exceed uncertainty calculated with
Equation 4.
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Figure 4. Critical uncertainty o calculated following Equation 5 using CAM future simulation (2002-2042) for four representative AIRS spectral channels. Higher
values of o indicate that trends remain significant even with larger observational uncertainties. Missing values in white indicate regions where trends are not
significant even with zero observational uncertainty.

Figure 3, we compute the critical uncertainty o (Equation 5) of trend detection for the CAM®6 future simulation
(Figure 4). Higher values of o indicate that trends remain significant even with larger observational un-
certainties. As expected, the CO, forcing and surface temperature dominated trends are robust to observational
uncertainty and have the highest o, values (Figures 4a and 4c). The detection of trends in the stratospheric
temperature and water vapor channels, however, is more sensitive to observational uncertainty (Figures 4b and
4d). In particular, detection of trends in the water vapor channel requires observational uncertainties to remain
below 0.02 K/year in most regions. Detection before 2042 would require smaller uncertainties.

4. Discussion and Conclusion

In this study, we examined current and future trends in spectral infrared radiation using satellite observations and
climate model simulations. We showed that current (2002-2024) observations from the NASA AIRS instrument
detect trends due to CO, forcing and extra-tropical surface warming, but that trends in other spectral and spatial
regions are largely indistinguishable from internal climate variability (Figures la and 2). In contrast, future
(2002-2042) trends simulated by CAM6 are detected in additional spectral regions where temperature
and greenhouse gas-driven changes oppose each other (Figure 1c). These “to-be-detected” trends break
the approximate compensation between CO, forcing and stratospheric cooling (659 cm™! channel) as well as

1

water vapor forcing and tropospheric warming (1,596 cm™ channel) that have been recently observed

(e.g., Raghuraman et al., 2023).

Decomposing observed trends into contributions from CO, forcing and temperature response reveals that trends
from tropospheric and stratospheric temperature changes alone often exceed internal variability but the observed
signal is masked by greenhouse gas forcing (Figure 2). These results are consistent with previous studies that have
decomposed spectral radiation trends (Huang et al., 2022; Raghuraman et al., 2023). We show that future ob-
servations, however, are able to detect imbalances in these spectral compensations as temperature-driven trends
outcompete greenhouse gas forcing in the mid-latitudes (Figures 1 and 3). This feature, first suggested by the 100-
year changes simulated by Y. Huang and Ramaswamy (2009), is now visible in the zonal average for water vapor
channels but not stratospheric CO, channels (Figure 1a).

Three of the four spectral channels studied here have earliest trend detection in the mid-latitudes. Not only are
surface warming trends most significant in the mid-latitudes (Figure 1), but future trends in the CO, and
stratospheric temperature (659 cm™!) and water vapor and tropospheric temperature (1,596 cm™') channels are
also expected to emerge in the mid-latitudes (Figure 3). This early detection occurs in the mid-latitudes due to a
combination of low variability and moderate trends, similar to the fall season detection of broadband OLR
changes in the Arctic (J. K. Shaw & Kay, 2023). Furthermore, the 659 and 1,596 cm~! channels have trends of
opposite sign, implying that the breakdown of the temperature versus forcing balance in these spectral regions
may itself be compensated for when integrating across the infrared spectrum. Indeed, two recent studies show that
the broadband longwave trends are determined by water vapor absorption. Huang and Huang (2024) show that
low compensation from water vapor allows strong radiative cooling from the Arctic while Hirose et al. (2025)
show that a transition from negative to positive OLR trends near 30°N is controlled by competing water vapor and
tropospheric temperature changes. Additional compensation from the 659 cm™!
trends are undetected.

region is unstudied, and observed
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Fair comparisons of clear-sky scenes remain a challenge. First, COSP-RTTOV produces clear-sky radiation fields
by removing all cloud condensate from radiative transfer calculations. This common modeling approach does not
modify variables that covary with cloud amount, introducing a definitional difference with clear-sky satellite
observations. This likely causes an overestimation of variability in the water vapor sensing region in CAM6
(Figure 2 and Figure S6 in Supporting Information S1) and delays trend detection. Multiple clear-sky radiation
fields from the NASA Clouds and the Earth's Radiant Energy System (CERES) record (Kato et al., 2025;
Team, 2023) quantify the impact of this difference in the broadband, and work is ongoing to add similar func-
tionality to COSP-RTTOV. Additionally, our simple cloud-clearing methodology is susceptible to contamination
and would be improved by a MODIS cloud mask colocated to AIRS footprints. Reproducing all figures using all-
sky fields (Figures S5, S8-S10 in Supporting Information S1), however, shows that increased variability from
clouds delays some trend detection and lowers critical uncertainty values, but our main results are unchanged.

Two additional decades of observations aid detection by reducing trend variability; changes in the magnitude and
pattern of trends are less important. Recognizing the importance of trend uncertainty, we determine the critical
observational uncertainty required for future multi-instrument records to maintain trend detectability (Figure 4).
While trends in surface and tropospheric temperature channels are robust to potential increases in observational
uncertainty from intercalibration, detecting trends in water vapor channels requires observational uncertainties to
remain below at least 0.02 K/year in most regions. Because expected intercalibration uncertainty is below this
threshold, changes will likely detectable earlier. The use of hyperspectral records for long-term climate moni-
toring and analysis is especially important given the potential loss of continuity in the broadband radiation record
(Loeb et al., 2024).

Overall, our results show that changes in Earth's surface and atmosphere are causing detectable changes across the
infrared spectrum. As the satellite record extends into the mid-21st century, spectral regions currently offset by
greenhouse gas forcing and masked by internal variability will reveal unmistakable signs of climate change.
Specifically, stratospheric cooling and tropospheric warming will modify the current pattern of spectral change
that is dominated by direct CO, forcing and the surface temperature response. Maintaining high-precision
intercalibration between successive hyperspectral instruments is needed to confirm these model predictions
and interrogate the underlying physics of the climate system.
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