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Abstract. Herein, we describe a-an approach to retrieve free tropospheric columns of peroxyacyl nitrates (PANs) from radiances
observed by the Atmospheric Infrared Sounder (AIRS). AIRS has provided daily global coverage since its launch in 2002,
making the AIRS data a valuable long term record. Although the instrument is very radiometrically stable, the radiance noise

level is large enough to present a challenge when retrieving a weak absorber such as PAN. To address this, we-focus-onretrievals

rerland-(to-avoid-interferences-fromJows warm-clouds-over-oeean)-and-develop-a-decision-tree-quality-filtertrained-spectral
windows were selected to minimize interference from other species as much as possible and a set of filters was developed
to predict whether a PAN value retrieved from AIRS will-be-is within 0.2 ppb or 50% of what would be retrieved from the
Cross-track Infrared Sounder (CrIS) and to remove spurious signals caused by specific surface features or clouds. We show that
AIRS is capable of retrieving PAN plumes with very high concentrations of PAN (such as those from significant wildfiresthat
mateh-those-retrieved-from-) that have similar spatial extent as seen by CrlS and that PAN retrieved from AIRS has good
correlation with CrIS given sufficient averaging. We conclude with recommendations for users to help ensure that these data

are used appropriately.

1 Introduction

Acyl peroxy nitrates (APNs) are a family of air pollutants formed by the reaction of a peroxy radical with NOs. Peroxyacetyl
nitrate (PAN, CH3C(O)OONO.) is the most commonly considered member of this family, resulting from the reaction of a
peroxyacetyl radical with NOo (Singh and Hanst, 1981). PAN exists in equilibrium with its reactants and is more stable at
colder temperatures. Because of this, PAN often acts as a temporary reservoir of nitrogen oxides (NOy), enhancing long range
transport of NOy to downwind regions (e.g., Singh et al., 1986; Moxim et al., 1996; Hudman et al., 2004). In addition to
redistributing NO, and the associated potential for photochemical production of secondary pollutants, PAN itself is toxic to
plants and an eye irritant for humans (Gaffney and Marley, 2021).

PAN is neither a criteria air pollutant nor a designated hazardous air pollutant by the United States Environmental Protection
Agency (Suh et al., 2000) or the World Health Organization (World Health Organization, 2021). As a result, routine in situ
monitoring of PAN is rare. However, targeted campaigns such as the Arctic Research of the Composition of the Troposphere
from Aircraft and Satellites (ARCTAS, Alvarado et al., 2010), Western Wildfire Experiment for Cloud Chemistry, Aerosol
Absorption, and Nitrogen (WE-CAN Juncosa Calahorrano et al., 2021a), or Fire Influence on Regional to Global Environments

and Air Quality (FIREX-AQ, Warneke et al., 2023) include measurements of PAN to more fully constrain the nitrogen cycle in
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the outflow of the phenomenon of interest for that campaign. Other campaigns focused on measuring background air, such as
HIAPER Pole-to-Pole Observations (HIPPO, Wofsy, 2011) or the Atmospheric Tomography Mission (ATom, Thompson et al.,
2022) include PAN measurements to quantify its effect on remote air.

Techniques for remote sensing of PAN have been developed in the last two decades. PAN has very similar absorption
features to other members of the APN chemical family (e.g., peroxypropionyl nitrate, peroxy-n-butyryl nitrate, peroxy-n-

valeryl nitrate, peroxyacryloyl nitrate, and peroxycrotonyl nitrate, Monedero et al., 2008). Thus, retrievals of “PAN” are in

fact retrievals of a mixture of APNs. The-However, PAN typically comprises the majority (75% to 90%) of APNs in both
remote areas (Roberts et al., 1998, 2002; Wolfe et al., 2007; Fischer et al., 2014) and urban plumes (LaFranchi et al., 2009).
The fraction may be lower in wildfire plumes; Peng et al. (2021) hypothesize that an unknown APN could explain discrepancies

in NO,/CO ratios between their observations and model. Given the predominance of PAN as the majority APN, the convention
is to refer to the produetas-satellite products as retrieving “PAN” or “PANs”, and we adopt that convention for this manuscript.

PAN has been retrieved from ground-based instruments as well as limb- and nadir- viewing space-based platforms. Several
sites in the Network for Detection of Atmospheric Composition Change (NDACC) perform retrievals of PAN from ground-
based spectra (Mahieu et al., 2021). From space, PAN in the upper troposphere/lower stratosphere has been retrieved from
limb measurements from CRyogenic Infrared Spectrometers and Telescopes for the Atmosphere (CRISTA, Ungermann et al.,
2016) on board two space shuttle flights in the 1990s, the Michelson Interferometer for Passive Atmospheric Sounding (MI-
PAS, Glatthor et al., 2007; Moore and Remedios, 2010; Wiegele et al., 2012; Fadnavis et al., 2014; Pope et al., 2016), and
Atmospheric Chemistry Experiment-Fourier Transform Spectrometer (ACE-FTS, Tereszchuk et al., 2013). Nadir viewing in-
struments, such as the Tropospheric Emission Spectrometer (TES, Alvarado et al., 2011; Payne et al., 2014), the Infrared
Atmospheric Sounding Interferometer (IASI, Coheur et al., 2009; Clarisse et al., 2011; Franco et al., 2018), and the Cross-
track Infrared Sounder (CrIS, Payne et al., 2022), provide the ability to retrieve column amounts of PAN sensitive to the

mid-troposphere.

Consistent records of atmospheric trace gas concentrations are essential to monitor how air quality is changing over time. A
major challenge in this respect is addressing instrument differences among satellites to produce records spanning multiple
decades. The Community Long-term Infrared Microwave Combined Atmospheric Product System (CLIMCAPS) product
(Smith and Barnet, 2020) invested significant effort in applying a consistent retrieval to radiances from both the Atmospheric
Infrared Sounder (AIRS) and the various CrIS instruments as well as minimizing cross-correlations between retrieved variables
(Smith and Barnet, 2019). CLIMCAPS produces records spanning the more than two decades since AIRS launched in 2002
that include profiles of atmospheric temperature, H20, CO, O3, CO5, HNO3, and CHy, but does not include PAN.

The TRopospheric Ozone and its Precurors from Earth System Sounding (TROPESS) project also focuses on applying a
consistent retrieval algorithm for various trace gases to radiances from a variety of instruments. This includes thermal radiances
observed by AIRS and CrlIS, as well as radiances in other parts of the electromagnetic spectrum from the Ozone Monitoring.

Instrument (OMI) and, in the future, the TROPOspheric Monitoring Instrument (TROPOMI). Cady-Pereira et al. (2024) demonstrated

the capability with TROPESS to retrieve NH3 from both AIRS and CrlS. They validated NH3 from both instruments against
aircraft data and found that, although the retrievals from the two instruments are broadly similar, there are differences in the
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ultravioletradiancegrom AIRS andOMI. Theycomparedheseproductso ozonesondéata,andfoundthattrendsin thebias

of air pollution. Several studies made use of the TES PAN retrievals to investigate factors driving PAN over Eurasia (Zhu et al.,
2015; Jiang et al., 2016) and the tropics (Payne et al., 2017) as well as the prevalence of PAN in smoke-impacted air masses ove
North America (Fischer et al., 2018). Zhu et al. (2015) and Jiang et al. (2016) found that a combination of seasonal temperature,
lightning, biomass burning, and microbial emissions in uenced the PAN out ow from Eurasia, while Payne et al. (2017) found
that the dominant factors in the tropics were biogenic emissions and lightning, with some in uence from biomass burning
during the study period. Juncosa Calahorrano et al. (2021b) used PAN retrieved from CrIS to quantify the chemical production
of PAN in the out ow from the Pole Creek Fire in central Utah, USA. Shogrin et al. (2023) combined PAN values retrieved from
TES and CrlS and found that PAN columns over Mexico City had no trend over a time periodN@hecolumns decreased.

Shogrin et al. (2024) used PAN columns retrieved from CrIS to study whether there were statistically signi cant changes in
PAN amounts over eight megacities during the COVID pandemic. They found a mix of increases, decreases, and no change
in PAN columns among the megacities. More recently, Zhai et al. (2024) used PAN retrieved from IASI to study transport of
PANs across the Paci ¢ and concluded that the effect on ozone in the western US was less than 1 ppb. These studies provide
examples of how space-based retrievals of BAN particularly in synergy with other space-based trace gas observations,
can provide valuable information about how the meteorological conditions, episodic events, and dominant chemical regime

in uence air quality in different regions.

In this work, we demonstrate the rst retrieval of PAN fraimeAtmespherichrfrared SoundefAIRS)AIRS. As AIRS was

launched in 2002, this has the potential to provide the longest continual record of PAN from a nadir viewing instrument. Our
approach is based on that of Payne et al. (2022). We begin with an overview of the AIRS and CrIS instruments, which are
both used in this work. Then, we review the MUIti-SpEctra, MUIti-SpEcies, MUIti-Sensors (MUSES) algorithm which pro-
vides a retrieval framework for this work. Next, we describe the speci c MUSES con guration we use. Fourth, we address
several challenges encountered in adapting the approach of Payne et al. (2022) to AIRS spectra. Finally, we close with rec-
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2 Data sources and algorithm background
2.1 AIRS radiances

The Atmospheric Infrared Sounder (AIRS) instrument is carried on board the Aqua satellite. Aqua was launched in May
2002 and ies in a polar, sun synchronous orbit. For most of its mission, it had a local ascending equator crossing time of

13:35. Starting in 2022, it began to drift to a later crossing time; as of early 2025, it has an equator crossing tizhe30f

(https://aqua.nasa.gov/, last accessed 12 Mar 2025).

and a nominal spectral resolutionef = 1200 {Aumann-etal;200%)anging between 1086 and 1570, Aumann et al., 2003; Thr:

. The original calibration is described by Pagano et al. (2003) and an update is given in Pagano et al. (2020). AIRS's radiometric
calibration has been very stable over its lifetime, witl2 mK yr ! drift between 2017 (Aumann et al., 2019) and between

2.2 CrlIS radiances and the CrlS PANs product

At time of writing, there are three operational Cross-track Infrared Sounder (CrlS) instruments. The rst is on board the
Suomi-NPP satellite, launched in October 2011, followed by copies on the JPSS-1/NOAA-20 and JPSS-2/NOAA-21 satellites,
launched in Nov. 2017 and Nov. 2022, respectively. All three are in sun synchronous orbits with ascending local equator
crossing times around 13:30. Unlike AIRS, CrIS is a Fourier transform spectrometer that observes nine elds of view in a
3 3array simultaneously. It performs an across-track scan of 30 view positions. The elds of viewl&km in diameter
(Zavyalov et al., 2011).

Payne et al. (2022) used radiances from the CrlS instrument on board Suomi-NPP (S-NPP) (speci cally the NASA version
2 level 1B radiances, Sounder SIPS and GES DISC, 2017) to retrieve PANs. CrlS measures in three spectral bands: long-
wave IR (650 cm*? to 1095 cm 1), midwave IR (1210 cm? to 1750 cm 1), and short-wave IR (2155 cm to 2550 cm ?,
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Han et al., 2013). At launch, the CrIS S-NPP instrument was operated in “normal spectral resolution” mode, with the bands
measuring at 0.625 cnt, 1.25 cm 1, and 2.5 cm?, respectively. In Dec. 2014, it was switched to “full spectral resolution”
(FSR) mode, with 0.625 cnt resolution in all bands (Strow et al., 2021). The NASA FSR level 1B product begins a year later
(Dec. 2015) after additional upgrades to CrlS calibration in Nov. 2015. Our work uses the MUSES algorithm (Sect. 2.3), which
uses radiances from multiple CrIS bands to retrieve atmospheric trace gases and temperature. Currently, this requires the ful
spectral resolution product, thus we limit ourselves to CrlS data from Dec. 2015 on.

Payne et al. (2022) validated the CrIS PANS retrievals against PAN measurements taken during the ATom campaign. The
measured pro les had GEOS-Chem pro les appended to the top. From the standard deviation of the differences between CrlS
and aircraft free tropospheric PAN column averages, Payne et al. (2022) derived a single sounding uncertainty of 0.08 ppb for

thealgorithm calculates uncertainty from noise only.

Further, the comparison with ATom found a negative bias (CrlS lower than aircraft) that correlated with the total column
amount of water vapor. The relationship between water vapor and the CrlS PAN bias was further corroborated by examination
of the pre-PAN retrieval spectral residuals, which found a positive residual correlated with water vapor column amounts. From
the ATom comparisons, Payne et al. (2022) derived a bias correction for the CrlS PAN pood0c@5+0:035 10 2 X,

whereX is the column density of water vapor in molec. cfrandc is the correction in ppb.
2.3 MUSES Retrieval

The MUIti-SpEctra, MUIti-SpEcies, MUIti-Sensors (MUSES) retrieval (Worden et al., 2007; Luo et al., 2013; Fu et al., 2018;
Worden et al., 2019; Malina et al., 2024) is an optimal estimation retrieval with heritage tracing back to the TES retrieval
(Bowman et al., 2006). It is instrument-agnostic, able to solve for the optimal state vector given radiances from a variety
of instruments (e.g., AIRS, CrlS, the Ozone Monitoring Instrument [OMI], and the TROPOspheric Monitoring Instrument
[TROPOMI]), or multiple instruments (e.g., AIRS+OMI, CriIS+TROPOMI).

The MUSES algorithm allows retrievals to be broken down into smaller steps, each of which de ne the spectral windows
for which to minimize the radiance residuals, the atmospheric parameters to solve for, which of those parameters to update for
the next step, along with a number of more technical options. The steps are de ned in a “strategy table” which can be quickly
edited to test different retrieval approaches. This step-wise design provides exibility to x some elements of the state vector
while updating others in certain steps, which is particularly useful when retrieving state vector elements with large differences
in the magnitude of their Jacobian matrices (e.g., atmospheric temperature vs. PAN) or which interfere with each other (e.qg.,
O3 vs. PAN). These steps are run sequentially; the nal state of one step becomes the initial state for the next, save for any
state vector elements which the strategy table indicates should not be updated.
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Within each step, MUSES uses an iterative solver that applies the trust-region Levenberg—Marquardt scheme (Bowman et al.,
2006) to mimimize a cost function

JX)=[y F:b)I"S 'y FOb)I+(x xa)' Sat(x  xa) 1)
where

X Is the retrieved state vector,

Xa IS the a priori state vector,

y is the observation vector (i.e., AIRS or CrIS radiances),

F is the forward model that simulates radiances given the state vector and xed parargters (
— S is the error covariance matrix for the observed radiance, and
— S, is the prior error covariance matrix.

The Levenberg-Marquardt solver will iteratively update the state vectaigng a direction in state space expected to mimimize
Eqg. (1). It will continue until the convergence criteria are satis ed or the maximum number of iterations is reached.
An important distinction within MUSES is the difference between the a priori (or constraint) state vector and the initial

state vector. The former s, in Eg. (1) and is a mathematical constraint on the optimal state vector, the latter is the starting

vectorwill beretrievedin eachstepandwhetheror nottheretrievedstatefor stepi_becomegheinitial statefor stepi + 1, For

MUSES can use different radiative transfer modeldfam Eq. (1). For this work, we use version 1.2 of the Optimal Spectral
Sampling (OSS) model (Moncet et al., 2008, 2015). OSS is designed to use an optimal set of absorption coef cients (per
absorbing species and vertical layers) and weights that can be used to compute the radiance for each channel of a spectromet
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reference line-by-line spectroscopic mddébneet-etal;2008,-2015Determining those optimal absorption coef cients and
weights requires it to be trained for a given instrument. In version 1.2, the absorption coef cients are calculated from the Line

_______________ x _box overland andoneout of everyfour suchboxesover ocean For the currentproducts x is

2019-2020 Australian Bush Fires and 2020 US West Coast Fires) and a set of megacities around the world.
The CrlIS PAN product described in Payne et al. (2022) and Sect. 2.2, with mostly minor updates, is now routinely produced

monoxide, deuterated water (HDO), ammonia, and ozone.
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Window number  Freq. range (crh)

1 772.5t0 775

2 780 to 781.875
3 793.751t0 796.875
4 800 to 802.5

5 804.375 to 805

Table 2. The microwindows selected for the AIRS PAN retrieval.

3 AIRS PAN retrieval development
3.1 AIRS PAN retrieval design: microwindows and retrieval order

Retrievals using AIRS radiances have previously been implemented within the TROPESS MUSES algorithm (8§2.3), thus the

the desired windows, (2) the strategy table that instructs the MUSES algorithm to retrieve PAN, and (3) details about PAN
retrievals copied from the CrIS PAN retrievals, such as the prior vector values.

For the existing CrIS PAN retrieval, Payne et al. (2022) chose two windows on the low frequency side of the PAN spectral
feature (Fig. 1). However, parts of these windows fall in the AIRS “spectral gap,” where no radiance channels are available.
Thus, we had to compromise between windows that will see suf cient signal for PAN absorption and windows that avoid
signal from interfering species. Figure 1 shows the selected windows overlaid on simulated absorption features for the relevant
species in this spectral range. The two windows on the left of the PAN feature (below 789 only see a weak part of
the signal from PAN, but are outside of ti&Cl, absorption. The center window at 795 chis able to capture the core

PAN absorption, but has interference from both water@adl;. The two rightmost microwindows (above 800 ch) are able

simulatedin the radiativetransferasan.interferent,usingclimatologicalpro les_scaledby yearly scalefactorsderivedfrom

Early tests with the three windows above 790 énshowed that omitting the 795 crh window gave erroneously high

PAN column average values across much of the western United States during a period when the Pole Creek Fire was emitting
PAN (among other species, Juncosa Calahorrano et al., 2021b). Similar tests also showed no benet to adding additional
microwindows above 805 crt. The two microwindows below 785 cm were added later to provide the retrieval with some
radiance information with PAN but n@Cl, absorption. The speci ¢ frequency ranges for each microwindow are given in
Table 2.

Development of the strategy table was straightforward, requiring only the addition of a PAN retrieval step to the standard

AIRS strategy table in use by TROPESS to generate AIRS products. Table 3 enumerates the steps included in this table; the
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Figure 1. An illustration of the factors driving the selection of windows for the AIRS PAN retrieval. Each panel shows the simulated

channels are marked at the top of each panel as gray dots. The chosen windows for the AIRS retrieval are the full height blue boxes. For
reference, the CrlS windows used by Payne et al. (2022) are the short, orange boxes.

PAN step added is step number 6. The choice to place the PAN retrieval immediately following the “strong features” step
(no. 4) follows Payne et al. (2022). Step number 5 was also added to enable saving of spectral residuals in a wider range of
frequencies centered on the PAN feature. Such a diagnostic is helpful to understand what factors might be affecting a given

The a priori constraints used in the AIRS PANSs retrieval are mostly the same as the Payne et al. (2022) CrIS PANSs retrieval,
with the exception of surface emissivity. As in Payne et al. (2022), the PAN pro le used as the a priori constraint for each
sounding is selected from a set of 6 climatological pro les for each month (Fig. 2) and the initial PAN pro le used as the

starting point for the nonlinear optimization is a at 0.3 ppb in the troposphere. Likewise, the a priori covariance for the

emissivity. Payne et al. (2022) used the University of Wisconsin Cooperative Institute for Meteorological and Satellite Studies
High Spectral Resolution database (Borbas et al., 2007). Note that all TROPESS products starting from v1.16 now use the
CAMEL database; this included the CrlS PAN retrievals we use for comparison in Sect. 3.3.



Step num.  Step name Retrieved elements Comment

1 Brightness temperature check - Initial check to determine whether to
run step 2, 3, or neither

Cloud properties Cloud extent, cloud pressure Optional, depends on step 1
Surface temperature Surface temperature Optional, depends on step 1
Strong features Atm. temp., surf. templ, O, HDO,

N2O, CHyg, cld. extent, cld. pres., surf.

emissivity*

5 Model residual check - This step does not update any values,
it provides pre-PAN residuals useful for
future developmerdnd ltering.

6 PAN PAN

O3 & H,0 update Surf. tempH, O, O3, cld. extent, cld.
pres., surf. emissivity*

8 Surface re nement Surf. temp., cld. extent, cld. pres., surThis step gives a chance to rene

emissivity* surface temperature/emissivity*/cloud

properties before retrievingH s

9 NH3 NH3
10 coO CO, surf. temp., cld. extent, surf. emis-
sivity*

Table 3. The retrieval steps in the strategy table for this AIRS PAN retrisxa@tand. As-discussedn-83-2;this+etrievalis-notperformed

everoceansRetrieved elements annotated with a * are only included over land.

250 During development, we found that low, warm clouds over ocean would be misinterpreted by our AIRS retrieval as PAN.

255 soundinggor which the secondprinciple componen{PC)wasbelowa threshold. This sectioaf-the papemwill-demenstrate

averages of PAN (which we will refer to a&pan ) from 11 Sept 2020. This was a period with major wild res throughout the

west coast of the United States. In the left paXgian retrieved from CrlS shows a reasonable plume structure, with clear
260 advection of PAN from the res on the west coast. We also see some of this in the AIRS retrievals—speci cally, the enhanced

10



Figure 2. The different sets of PAN mole fraction pro les used as a priori constraints in the MUSES retrieval. Each panel represents a pro le
type, selected within MUSES based on the sounding location. Within each panel, the variation with month is shown by the differently colored

pro les.

Figure 3. Column average PAN between 825 and 215 hPa as retrieved for 2020-09-11 from both CrIS (on the Suomi-NPP satellite, left

AIRS retrievals that is the focus of discussion in Sect. 3.2.

11
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PAN in the southern half of California, most of Arizona, and the northwest corner of Mexico, as well as over the northern
Paci ¢ Ocean-(Fig. 3b).
However, in the black box (142° W to 122° W, 20° N to 30° N), CrIS shows mostly background column whereas the AIRS

retrievals show an enhancement with an unusual structure (not a shape representative of transport from the res).

AIRS PAN retrieval matches the shape of the clouds in that area (Fig. 4a). Further, cloud properties from the MODIS-Aqua
MYDO06 product (MODIS Atmosphere Science Team, 2017) plotted in Fig. 4b—d show that this is a low, warm cloud. This
clear spatial correlation between the cloud extent and the spurious PAN plume leads us to conclude that such low, warm clouds

12
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Figure 5. The results of the EOF decomposition on AIRS radiances over a domain covering 150° W to 110° W and 20° N to 60° N. The top
panelrepeatsshowsthe spectral signatures of PAN ahidO from Fig. 1 for references. The remaining three panels show the rst, second,

and third EOFs, respectively, resulting from the decomposition. The legend in each panel reports the percent of variance explained by that
EOF.

4 of Table 3.(Notethatthesequality ags werefor prototypingpurposesnly, andarenotthoseusedin the_nal product.)

Since these criteria were insuf cient to remove the spurious plume, we investigated an approach inspired by Huang and
Yung (2005). As they used an empirical orthogonal function (EOF) decomposition to study dominant patterns of variability in
the AIRS data, we tested whether an EOF decomposition could identify the low, warm clouds causing the spurious PAN signal

Figure 5 shows the rstthree EOFs resulting from a decomposition of the AIRS observed radiances (as stored by the MUSES
algorithm in its output radiance les) within the domain covering 150° W to 110° W and 20° N to 60° N. Keeping in mind
that the sign of an EOF is arbitrary, as it can be ipped by changing the sign of the principal component (PC) by which it is
multiplied, the rst two EOFs contain many features which match up closely in shape to,thespectral features shown in

the top panel. The third EOF appears to relate t@ G the dominant feature appears at approximately the same frequency as

13



Figure 6. The PC values for EOF 1 (left) and 2 (right) for each AIRS sounding in a domain covering 150° W to 110° W and 20° N to 60° N
The red box in both panels outlines the same area as the black and red boxes in Figs. 3 and 4.

For each AIRS sounding, the observed radiances can be represented as the linear combination of the EOFs with the PC

295 as the coef cients. Figure 6 shows the values of the PCs for the rst two EOFs needed to reconstruct the AIRS radiances for
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Figure 7. () X pan .retrievedfrom the CriS instrumenton. 1 Jan2020qver New Zealand,(b) X pan . retrievedfrom AIRS overthe same

320  Fortunately,t appearghatsoundingsoverland arenot assusceptibléo this issuewith low, warmclouds.Figure8 shows

325 of low, warmclouds.Thereforewe applythe PC-basedlter only to oceansoundings.

15
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Figure 8. (2) X pax [etrievedfrom the CriS jnstrumenton 11 Sep2020gver the Amazon, (b) X eav . fetrievedirom AIRS over the same

cm ! to 860cm ! window, ratherthanthe narrowerwindowsusedin the PAN retrievalstep(Table 2). Whenwe testedthe

satelliteandin situ data.To this end, Payne et al. (2022) used aircraft pro les from the ATom campaign to validate the CrIS

PAN product. This was ideal for CrIS, as the ATom ights provided pro les of PAN over the majority of the troposphere.

However,we eannotuseATom-te-validatethe AIRS-PAN-preduetasthethe majority of the ATom pro les are over ocean (see
Fig. 1 of Payne et al., 2022), and this is also true for HIPPO, a similar campaign that occurred before the start of the CrIS FSR

16
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Region name Training date  Testing date Longitude bounds Latitude bounds

Australia/NZ 1 Jan 2020 5 Jan 2020 150°Wto 177.5°E 60°St020° S
US West Coast 13 Sept 2020 11 Sept 2020 150° W to 110° W 20° Nto 60° N
Amazon - 11 Sept 2020 80° W to 40° W 25°St010°N
Africa - 11 Sept 2020 5°Eto45°E 30°Sto5°N
Table 4. Regions and dates used for the quality lter decision tree training and testing. A - in the “Training date” column indicates that no

data from that region was used in training.

from Fig. 3, we can see that outside of strong PAN plumes from, e.g., res, the single sounding retrievals over land from AIRS
have signi cant sounding-to-sounding noise, indicating that bulk statistics will be necessary for a meaningful comparison.

Thus, instead of relying on aircraft data directly, we decided to use the existing CrIS PAN product as a transfer standard
by designing a quality lIter that predicts whether the AIR$an Value will be within a given threshold of the nearest CrIS

correlationbetweenAIRS andCrIS X pan Usingseparatéand/oceartreesor asingletree. Thereforewe choseto useseparate

The data was divided into training and testing by days and regions rather than a random 70/30 or similar stochastic split to
ensure that the training data included at least some soundings with signKeagnt. Since plumes with signi canK pan are
outnumbered by background soundings, we were concerned that a fully random split would miss the plume soundings.

As inputs, the decisioticetrees received 16 values commonly used by existing MUSES retrievals as quality metrics, listed
in Table 5. It was trained to predict a binary ag indicating whether the ARGy was within 0.2 ppb or 50% of the CrIS

17
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Xpan from the CrIS sounding closest to it (by great circle distance). The CrlS soundings are restricted to those that pass basic
quality agging for modeled vs. observed radiance and a check for certain surface features that can cause erroneous retrievals
The CrISX pan  Value compared against includes an averaging kernel adjustment to accommodate different vertical sensitivity
between CrIS and AIR§seeFig. 15 for asummaryof typical CrlS andAIRS X pan . cOlumnaveragingernels,)Speci cally,

following Eqg. (25) of Rodgers and Connor (2003),

€cris :comp = CajaRs + a’ (Rcris XaARRS ) )

Ca:ars IS the a prioriXpay from AIRS,

a is the AIRS pressure-weighted column averaging kernel (i.e., one that includes the integration operator),

Xcns IS the CrlS posterior PAN pro le,

— Xa:ars IS the AIRS prior PAN pro le.

surface emissivity at 1025 cm is > 0:94. This Iter is similar to one used in Payne et al. (2022) to remove soundings
impacted by a silicate feature that produces a surface emissivity with a similar spectral shape to PAN. The same silicate feature
also shows up as a low emissivity near 1025 éngsee Appendix B). Although the decisioreeis-treesaretrained on this

value as an input, it still retains some soundings clearly affected by the silicate feature. Figure 9 shog grlii® panel

(a), AIRSX pan in panels (c) and (d), and the emissivity value in panel (b). The red or black box identi es a region with low
1025 cm * emissivity values that has very higtvan Vvalues in the AIRS retrieval in panel (c). When we add an explicit Iter

on the 1025 cm?! emissivity, those few remaining soundings are removed.
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Short name Description

Rad. resid. mean Post-PAN retrieval mean of noise-normalized radiance residuals
Rad. resid. std. dev.  Post-PAN retrieval standard deviation of noise-normalized radiance residuals

Res. Norm. Init. Quadrature sum of pre-PAN retrieval residual mean and standard deviation
Res. Norm. Final Quadrature sum of post-PAN retrieval residual mean and standard deviation
Rad. Max. SNR Maximum ratio of radiance to noise

K dL Jacobian dotted with radiance residuals

L dL Radiances dotted with radiance residuals

Cld. pres. Cloud pressure

Cld. OD mean Mean cloud optical depth between 975 and 120G cm

Cld. OD var. Standard deviation of cloud optical depth between 975 and 120b cm

Mean surf. emis. Mean difference between retrieved and a priori surface emissivity

Desert emis. Value of retrieved surface emissivity nearest 102% cm

H, O self corr. Consistency between® retrieved in two different steps

Atm. T quality Quality ag for retrieved atmospheric temperature

Os quality Quality ag for retrieved @ pro le

H,O quality Quality ag for retrieved HO pro le from step 4 (Table 3)

Table 5. Input variables for the quality Iter decisioedrees. Note that “@quality” is not useful as @is retrieved after PAN (see Table
3) but is included because it is a standard quality variable in the MUSES algorithm.

California, northeasterrizona, andsoutheastertah (Fig. 10g). In both scenesthe decisiontree-basedter doesremove

For the rest of this section, we will focus on the performance of the comhieegsientree+emissivity Iter. Appendix A
contains a brief exploration of the relationship between the input variables and predicted quality ag.

First, we examine the spatial distribution of PAN plumes in our ltered AIRS product versus CrlS. Figure 11 shows our
ltered AIRS PAN data alongside thetandardFrROPESSCHSPAN-preducPAN retrievedfrom CrlS. The data shown here

are from the four testing data region/day pairs in Table 4; thus, these are data that the tecisiastreeswere not trained on.

beearsoundingdromthe AIRS-PAN plotsdueto-theresultsshownin-Seet3-2-The rst two rows show

the Australian 2019/2020 Bush Fires and the 2020 US West Coast Fires, respectively. In both cases, we can see that the AIR!
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Figure 9. (a) X pan retrieved from CrIS on 11 Sept 2020 over Afrin) Surface emissivity at 1025 cni. (c) Xpan retrieved from AIRS
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Figure 11. Maps of X pan  retrieved from CrIS ( rst column) and AIRS (second column) along with CO total column, also retrieved from
AIRS (third column). Each row contains one of the testing region/day pairs from Table 4. The rst and third columns are Itered by the

standard TROPESS quality ag; the middle column uses the combined decisionf@e emissivity-ag- |ter described in Sect. 3.3.

PAN product matches the location of enhanced PAN plumes seen in the CrIS data very welhstidanrBushiirecase,
R orrectly-nds-thatthesouthernslandof New Zealanddid notseehigh X pan - valuesatthistime: In-theUS West Coast

425 in the Australian res caseAIRS captureshe PAN plumeapproachingNew Zealand'snorthernisland,thoughcomparedo

The last two rows of Fig. 11 show a day over the Amazon and central/southern Africa, respectively. These are regions not
included in the training data for the decisigaetrees(Table 4), so these are a good test of whether the Iter can generalize to
new regions. Neither region has signi cant PAN plumes in the CrlS data. However, there are small enhancemérip i
430 in both cases. In the Amazon, there are also a few soundings witippb X pany near 55° W, 17.5° S. AIRS does see this
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440

445

450

455

460

1 ppb hotspot, though it also retrieves several soundingsswitlppb further north, where CrlS does not. The Amazon hotspot
in western Brazil cannot be seen in AIRS due to the swathigapeverithe The PAN hotspot seen by CrlS in the African test

Helpfully, in most of these cases, when there is a strong PAN enhancement in CrlS, AIRS also sees an enhancement in
CO. For example, in the Amazon test case, only the soundings with enhanced PAN at 55° W, 17.5° S also have a strong CO
enhancement; while the false enhancements further north in the AIRS PAN do not. This implies that users looking for PAN
plumes in the AIRS data can check for enhanced CO to distinguish whether a small PAN plume is likely real. This is not a
entirely self-suf cient condition, as it is possible to have a PAN plume without enhanced CO, but the presence of enhanced CO

We also tested the correlation between AIRS and Griey  with different amounts of spatial averaging. Figure 12 shows

the results for four different spatial averaging box sizes. While the data from our test cases does have some re-in uenced
observations, many of the observations vary primarily from large-scale seasonal or latitudinal variatibns.1At the cor-
relation isvery-weak-tt-imprevesstightty- somewhatveak. The correlationis moresignicant at2 2 and, 5 5, but

In Fig. 12d, we see that the AIR&paN Value is biased low compared to Cr¥ay . Fhistow-biasisreducedbutnot

0 . 25

. : 3 : ;
n the AIRS data is best parameterized as a function of

3.4 Uncertainty estimates and vertical sensitivity

The CrlS radiance noise is lower than the AIRS radiance noise, which is a signi cant advantage when retrieving species, such
as PANSs, with only weak absorption features. Figure 13 shows per-channel median and 25th to 75th percentile noise equivalen
spectral radiance (NESR) valuts i i

e. Although we use different frequencies
in the AIRS and CrIS retrievals, the AIRS NESR values are systematically greater than the CrlS values. Taking all of our test
cases for comparing AIRS and CrIS (Table 4), we nd that the median ratio of AIRS to CrIS NESR across all chanbeds is

Assuming that single sounding uncertainty scales linearly with radiance noise, that suggests that the AIRS single sounding
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Figure 12. Correlation between AIRZ pan  and CrISX pan  Where the latter includes both the AIRS averaging kernel correction from Eq.

(2) and theH» O bias correction from Payne et al. (2022). The different test date/region pairs from Table 4 are represented by the different
color series. Each marker represents the daily average of the AIRS and matched CrlS soundings in a box with the size of the marker increasing
with the number of soundings in that box. Each box must have a minimum of 10 soundings to be included. The box size is the only difference
betweenpanels: (d) 1,(0)2 2,(c)5 5,and(d)10 10

betweerindividual AIRS andCrIS X pan . Valuesin Fig. 14, andsimilarly seethatthevalueshaveaspreacbf . 0.5ppb,While

2020-09-11. The averaging kernels shown are the medians of averaging kernels for soundings binned by surface temperature
For both instruments, maximum sensitivity shifts to lower pressure with decreasing surface temperature. However, compared

to CrlS, AIRS maximum sensitivity decreases more quickly as surface temperature dedhmsespecthis is dueto the



Figure 13. (a) Noise equivalent spectral radiance (NESR) from the channels in the spectral windows used in the CrIS and AIRS PAN
retrievals. The circles give the median NESR value per channel and the error bars show the 25th to 75th percentile range. The medians ant
percentiles are computed over all soundings from the training and test data listed in Tablagi(a), but with the NESR values given as a

percentage of the corresponding observed radiance.

Figure 14.A
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490

Figure 15.CetumnTheleft two panelsshowcolumnaveraging kernels for the free tropospheric column average quantities from AIRS (top)

and CrIS (bottom). The values are the dot product of the free tropospheric pressure weighting function with the averaging kernel matrix;

4 Recommendations for use

The primary bene t to a retrieval of PAN from AIRS is the longer record available from AIRS compared to CrlS. We envision
two primary use cases for this product. The rst use case is tracking long term changes in background PAN levels. Given the
sounding-to-sounding variation in the AIRSAy Values, this will require signi cant averaging to discern trendigay

from AIRS. However, Fig. 12 does show that the root mean squared error between AIRS and<Cet$ ppb when averaged

toab. 5 orl0 10 box, which is comparable to the CrlS PAN errors. This does not imply that the overall error is

< 0:1 ppb (as the AIRS and CrIS retrievals could have similar systematic errors), only that the AIRS and CrlS records will
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freedom/(c) As (a),butfor AIRS, (d).as(b), butfor AIRS. All panelsarefrom the 2020-09-11scenepverthe US WestCoastFiresshownin

be consistent to within 0.1 ppb with similar averaging. Table 6 gives ranges of the number of points in each box size from
Fig. 12. Based on this information, our rst recommendation is that users interested in trends in background PAN from the

AIRS product choose a spatiotemporal averaging window that has a median of @5@ag0 soundings passing our quality

cerrelatedare similarly uncorrelatedn time asin space

The second use case is investigating PAN from extreme events, such as wild res, before the start of the CrIS PAN product.
We showed in Fig. 11 that the AIRS PAN product does reliably see signi ¥anaf, values of 0.5 to 1 ppb. However, users
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Box width 1st pct. 25th pct. Median 75th pct. 99th pct.

1° 10.0 116120 140150 180220  42:346.0
2° 10.0 21.023.0 34.038.0 46.058.0  132.154.
5° 314]12.0 43.662.0 07.6]137. 204:238.  620:747.
10° 315250 162:150. 2606:406. 539:642. 16902140

Table 6. Distribution of the number of points in the different sized boxes used for the AIRS-CrIS comparisons.

should be aware that there are many cases where a high)AHR$ value within a small spatial area is false. Figure 14 shows
505 that there is a large fraction of AIRS soundings Withan > 0:5 ppb that match with CrlS soundings wikeay < 0:5 ppb.
Therefore, users looking for PAN caused by extreme events should

1. ensure that highk pan Values are spatially connected (as a contiguous plume is more likely to be a real signal than a
spurious single-sounding error), and

2. check for other species expected to be generated by the event of interest, such as CO for wild res.

510

515

be usedin suchcaseg

may be caseswvhereit is not fully_effective, Thus,we encourage users to engage with the algorithm team if there is concern

about whether a signal of interest in the AIRS PAN is correct. As stat€e 3.4, users should use a 0.5 ppb uncertainty per
520 sounding when using individual soundings in their analysis.

5 Conclusions

We have demonstrated the ability to retrieve free tropospheric column amounts of PAN from AIRSespétirad. This is
more challenging than the existing CrIS retrieval due to the higher radiance noise in AIRS than CrIS and the presence of a gap
in the AIRS spectra on the low-frequency side of the PAN spectral feature. The AIRS PAN retrieval is also sensitive to low,

525 warm clouds over oceans, which cause spurious PAN signals in the AIRS PAN retfigwakstitthe Thesespurioussignals
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TheAIRS product does have larger errors than the CrIS product and requires care in its application. This is mitigated by the
use of a decisiofreetree-baseduality Iter trained to identify AIRS soundings witi pan  values signi cantly different than

PAN amounts from 2002 to the present, potentially allowing the evaluation of trends in backgrouneBANRd-for over

two decades.

machine learning approach could be trained to directly predicXtpg, value CrlS would retrieve given only the AIRS

radiances.

Code and data availability A Jupyter notebook to reproduce the gures in this paper is available at https://doi.org/10.5281/zenodo.15305278
(NASA-TROPESS, 2025). The data used by that notebook are available at https://doi.org/10.22002/stfgh-edj29 (Laughner et al., 2025). AIRS
level 1B radiances (AIRS Project, 2020) were obtained from https://airsl1.gesdisc.eosdis.nasa.gov/data/Aqua_AIRS_Levell/AIRIBRAD.
005/ (last access 12 Mar 2025). CrlS level 1B radiances (Sounder SIPS and GES DISC, 2017) were obtained from https://sounder.gesdisc
eosdis.nasa.gov/data/SNPP_Sounder_Levell/SNPPCrISL1B.2 (last access 12 Mar 2025). GOES imagery were obtained from https://noaa-g
s3.amazonaws.com/index.html#ABI-L2-MCMIPC/2020/255/22/ (last accessed 8 Dec 2022). MODIS cloud properties from the MYDO06
product (collection 6.1, MODIS Atmosphere Science Team, 2017) and the associated geolocation MYDO03 product were downloaded from the
Level-1 and Atmosphere Archive and Distribution System (LAADS DAAC, https://ladsweb.modaps.eosdis.nasa.gov/missions-and-measurem
products/MYDO06_L2/, last accessed 1 Sept 2023).

Appendix A: Decision tree explainability

We use SHapeley Addition exPlanations (Lundberg and Lee, 2017) to investigate what values most contributed to the decision
tree~strees'prediction of AIRS quality in Sect. 3.3. The results are shown in Fig. Al. Sinegs-a-classi-cationdecision
tre¢heseareclassi cationdecisiontrees, the SHAP value represents an increase or decrease in the probability of the sounding

being classi ed as “good,” with positive SHAP values indicating a high “good” probability.
Some of the relationships shown in Fig. A1 make physical sense:

— Res. Norm. Init., the pre-PAN residual, follows the expected pattern where smaller residuals are more likely to yield a
good sounding. Since this is the pre-PAN retrieval residual, this suggests that a successful retrieval is highly dependent on
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Figure Al. Beeswarm plot showing the Shapley values for the 13 input variables to the quality Itering deetsitnees that have non-zero

contributions to the output ag. The meaning of each input variable's short name is given in Table 5.

560 the previous steps minimizing the observation/model mismatch from other atmospheric parameters. This is a reasonable

relationship, as PAN is a weaker absorber than the trace gases optimized in a previous step (Table 3).

— K dL, which represents maximum of the absolute value of the dot product of the residuals with the Jacobian, is essen-
tially a summary of the residual weighted towards frequencies with strong absorbance. Therefore, it is likewise sensible
that decreasing values of this quantity increase the chance of a sounding being classi ed as “good.”

565 - Rad.resid. mean,the meanof the post-PAN residual,shouldindicate how well the posteriorsolution matchesthe
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Several of the other relationships from Fig. Al are less clear. For example, mean cloud optical depth and the maximum
signal-to-noise (SNR) ratio seem backwards: higher cloud optical depth and lower SNR seem unlikely to correlate with good
soundings, as generally more optically thick clouds should obfuscate the radiances of interest and lower SNR spectra shoulc
to predict if AIRS returneX pan  Similar to CrlS. Thus, we interpret this behavior to mean that these are cases where AIRS
and CrlS return similaK pan  Values due to these factors. Optically thick clouds likely mean that both instruments are not able
to obtain much information about the trace gas columns, and therefore return similar values. Likewise, low SNR spectra will
have a low information content, thus both retrievals are more likely to return the prior. Since we use a consistent prior in both
retrievals, this would result in similaf pay -

This canoccurif, e.g.,narrowfeaturesin theradiancegverenot t well by the posteriorstatecausingspeci c frequencieg

For the remaining features, we mostly see them centered on zero impact, with the long tails to either end having a mix of
high and low input values. This indicates that there is not a clear correlation between these input values and the predicted
quality.

Appendix B: Physical interpretation of emissivity interference

Figure 9 showed that, in the region with low emissivity near 1025 fnvery high AIRSX pay Was retrieved, but CriS
retrievals returned very lov pan . These opposed effects of the silicate feature discussed in relation to Fig. 9 arises from the
relative shapes of the emissivity and PAN spectral features and the position of the AIRS and CrIS microwindows.

Figure Bla shows the surface emissivity near 1025 tagain, and panel (b) shows the spectral shape of the emissivity
feature in two boxes marked in panel (a). From this, it is clear how the low emissivity near 1025us@d in our quality
Itering corresponds to a dip in the emissivity in the frequency range of the PAN feature (the gray shading in panel b). Panel (c)
expands the PAN frequency range and shows the emissivity features along with the PAN feature and AIRS and CrlS windows.
Due to steps prior to the PAN step, the emissivity versus frequency is set to a straight line between 780 and 810 cm-1 with no
tting inside the 780-810 cm-1 window. We can see that the AIRS windows fall primarily on frequencies where the slopes of
the PAN and southern box's emissivity features versus frequency have the same sign. Thus, in AIRS, the silicate emissivity

feature present in the southern box is t by the retrieval as additional PAN, as increasing the absorbance due to PAN will
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Figure B1. (@) A map of surface emissivity at 1025 crh, as in Fig. 9, but with two boxes indicating areas with different emissivity values.

(b) Spectral shape of the emissivity values in the two boxes marked on panel (a). The lines indicate the mean emissivity and the shaded
areas 1 standard deviation within each box. The grey area marks the frequency range plotted in p&ciel (8 mean emissivity from the

same boxes as (b), with the PAN spectral feature and microwindows from Fig. 1 overplotted. The AIRS and CrlS microwindows are offset

vertically solely to make them distinguishable where they overlap.

generally reduce the residuals. However, the second CrlS window covers frequencies where the PAN and emissivity features
have opposite slopes versus frequency. For CrIS therefore, the retrieval may attempt to invert the PAN feature to produce the

concave down shape seen in the emissivity, resulting in negétixg values over regions with this feature.

Forthedecisiontree-basedter describedn Sect.3.3,wetestedusingasingledecisiontreefor bothlandandocearnsoundings

would bothsimplify implementatiorandeliminateconcernghatmixedland/ocearsoundingor soundinggieara coastcould

Author contributions.VP developed the initial concept and secured funding. SK performed the initial experiments to test if the AIRS PAN
retrieval was practical and additional tests to determine the best choice of microwindows. JL identi ed the possible sets of microwindows to
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