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Abstract. Reducing methane (CH4) emissions from the oil
and gas (O&G) sector is crucial for mitigating climate
change in the near term. MethaneSAT is an upcoming satel-
lite mission designed to monitor basin-wide O&G emissions
globally, providing estimates of emission rates and help-
ing identify the underlying processes leading to methane re-
lease in the atmosphere. MethaneSAT data will support ad-
vocacy and policy efforts by helping to track methane re-
duction commitments and targets set by countries and in-
dustries. Here, we introduce a CH4 retrieval algorithm for
MethaneSAT based on the CO2 proxy method. We apply
the algorithm to observations from the maiden campaign of
MethaneAIR, an airborne precursor to the satellite that has
similar instrument specifications. The campaign was con-
ducted during winter 2019 and summer 2021 over three ma-
jor US oil and gas basins.

Analysis of MethaneAIR data shows that measurement
precision is typically better than 2 % at a 20× 20 m2 pixel
resolution, exhibiting no strong dependence on geophysical
variables, e.g., surface reflectance. We show that detector fo-

cus drifts over the course of each flight, likely due to thermal
gradients that develop across the optical bench. The impacts
of this drift on retrieved CH4 can mostly be mitigated by
including a parameter that squeezes the laboratory-derived,
tabulated instrument spectral response function (ISRF) in
the spectral fit. Validation against coincident EM27/SUN re-
trievals shows that MethaneAIR values are generally within
1 % of the retrievals. MethaneAIR retrievals were also inter-
compared with retrievals from the TROPOspheric Monitor-
ing Instrument (TROPOMI). We estimate that the mean bias
between the instruments is 2.5 ppb, and the latitudinal gradi-
ents for the two data sets are in good agreement.

We evaluate the accuracy of MethaneAIR estimates of
point-source emissions using observations recorded over the
Permian Basin, an O&G basin, based on the integrated-mass-
enhancement approach coupled with a plume-masking al-
gorithm that uses total variational denoising. We estimate
that the median point-source detection threshold is 100–
150 kg h−1 at the aircraft’s nominal above-surface observa-
tion altitude of 12 km. This estimate is based on an ensem-
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ble of Weather Research and Forecasting (WRF) large-eddy
simulations used to mimic the campaign’s conditions, with
the threshold for quantification set at approximately twice
the detection threshold. Retrievals from repeated basin sur-
veys indicate the presence of both persistent and intermittent
sources, and we highlight an example from each case. For
the persistent source, we infer emissions from a large O&G
processing facility and estimate a leak rate between 1.6 %
and 2.1 %, higher than any previously reported emission lev-
els from a facility of its size. We also identify a ruptured
pipeline that could increase total basin emissions by 2 % if
left unrepaired; this pipeline was discovered 2 weeks be-
fore it was found by its operator, highlighting the importance
of regular monitoring by future satellite missions. The re-
sults showcase MethaneAIR’s capability to make highly ac-
curate, precise measurements of methane dry-air mole frac-
tions in the atmosphere, with a fine spatial resolution (∼ 20×
20 m2) mapped over large swaths (∼ 100×100 km2) in a sin-
gle flight. The results provide confidence that MethaneSAT
can make such measurements at unprecedentedly fine scales
from space (∼ 130×400 m2 pixel size over a target area mea-
suring∼ 200×200 km2), thereby delivering quantitative data
on basin-wide methane emissions.

1 Introduction

Methane (CH4) is the second most important human-
influenced greenhouse gas (GHG), with a radiative forc-
ing corresponding to one-third of the magnitude of carbon
dioxide (CO2) (Etminan et al., 2016). Recently, there has
been considerable policy focus on reducing anthropogenic
methane emissions, underscored by over 100 nations agree-
ing at the COP26 meeting in Glasgow in 2021 to a 30 %
reduction from 2020 levels by 2030 (Malley et al., 2023).
These reductions are expected to be driven largely by tight-
ened emission controls on the O&G sector (White House
Climate Policy Office, 2021), due mainly to their cost-
effectiveness relative to other major anthropogenic sources
(UNEP, 2021). Improved monitoring is required to help com-
panies and regulators understand where and why methane
emissions occur, to quantify emission rates in large O&G
production regions, and to ensure that both nations and major
O&G producers meet their stated commitments.

MethaneSAT, launched in March 2024, is a satellite mis-
sion designed with the primary goal of quantifying all CH4
emissions from major O&G production basins at a high spa-
tial resolution with regular revisits. It is funded by private
philanthropy and is managed by MethaneSAT LLC, a wholly
owned subsidiary of the Environmental Defense Fund. In
preparation for MethaneSAT’s launch, an airborne precursor
called MethaneAIR was constructed (Staebell et al., 2021),
with near-identical instrument specifications (Table S1 in
the Supplement; Chulakadaba et al., 2023). Here, we use

MethaneAIR observations from its maiden flight campaign
to validate the MethaneSAT CO2-proxy-based CH4 algo-
rithm used to retrieve dry-air column-averaged CH4 mole
fractions (XCH4) and report on the accuracy of emission rate
determinations using this sensor.

Remote-sensed CH4 observations are the most efficient
way to map methane emissions at a large scale. Satellites
have been monitoring CH4 globally since the launch of
the SCanning Imaging Absorption spectroMeter for Atmo-
spheric CartograpHY (SCIAMACHY) in 2002 (Franken-
berg et al., 2006). The TROPOspheric Monitoring Instru-
ment (TROPOMI), the most recent of this class of global
CH4 mappers, was launched in 2017. It has a 5.5× 7 km2

spatial resolution with daily global coverage, producing ob-
servations with pixels ∼ 90× smaller than SCIAMACHY
pixels and covering the globe 6× faster (Hu et al., 2018).
This class of sensors, particularly Greenhouse Gases Ob-
serving Satellite (GOSAT) sensors (Parker et al., 2020), has
been used to regionally constrain methane emissions (Mon-
teil et al., 2013; Turner et al., 2015; Maasakkers et al.,
2019; Lu et al., 2021; Zhang et al., 2021; Qu et al., 2022),
proving useful for identifying drivers of global CH4 trends
(Deng et al., 2022; Janardanan et al., 2020; Worden et al.,
2022). Currently, TROPOMI is used less in global inversions
due to region-specific retrieval biases (Qu et al., 2021; Ja-
cob et al., 2022); however, its high spatiotemporal coverage
makes it the first global mapper capable of constraining total
O&G basin CH4 emissions, and its retrievals have been used
to reveal large emission underestimates for multiple basins
(Schneising et al., 2020; Zhang et al., 2020; Shen et al.,
2021, 2022). Nevertheless, reliable basin-wide emission esti-
mates require months of TROPOMI data due to the low 3 %
retrieval success rate, a result of unfavorable scene conditions
(reflectance, cloud, and aerosols), and the limited robust-
ness of the full-physics approach (Jacob et al., 2022). The
CO2 proxy approach has proven more robust under moder-
ate aerosol conditions (Parker et al., 2015), with the GOSAT
CO2 proxy retrieval showing a 24 % success rate (Parker
et al., 2020). Here, aerosol scattering is implicitly accounted
for by normalizing the retrieved CH4 column against a CO2
column retrieved from the same spectral region. The CO2
proxy approach is not possible with TROPOMI as there is no
nearby CO2 absorption in the targeted 2.3 µm CH4 band.

Recently, instruments designed to detect high concentra-
tions of CH4 in individual methane plumes have been de-
ployed on aircraft (e.g., the Airborne Visible/Infrared Imag-
ing Spectrometer (AVIRIS; Thorpe et al., 2012), AVIRIS
– Next Generation (AVIRIS–NG; Thorpe et al., 2016), and
HySpex (Hochstaffl et al., 2023)) and satellites (Sentinel-
2 (Varon et al., 2021), GHGSat (Jervis et al., 2021), Car-
bon Mapper (Shivers et al., 2021), PRISMA (Guanter et al.,
2021), and EnMAP (Roger et al., 2024)) to estimate emis-
sion rates from point sources. Such instruments have an in-
creased pixel resolution (∼ 1–10 m length scale) at the ex-
pense of the spectral resolution (∼ 10 nm vs. ∼ 0.1 nm for
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global mappers). At these spatial scales, CH4 concentra-
tions from plumes originating from point sources can be
much higher than the atmospheric background, loosening
the retrieval accuracy requirement. They have proven par-
ticularly useful for monitoring emissions from O&G infras-
tructure, where emissions from individual facilities follow
heavy-tailed distributions (Brandt et al., 2016; Zavala-Araiza
et al., 2015; Frankenberg et al., 2016; Cusworth et al., 2021).
However, it is not possible to determine how many emissions
within a basin are measured by observing a small number of
detectable superemitters, and such measurements can miss a
substantial proportion of emissions from smaller sources.

In fact, recent work has suggested that these smaller
sources represent a significant fraction of total O&G methane
emissions. From a statistical survey of observed site-level
O&G well emissions, Omara et al. (2022) estimated that
low-production wells account for over 50 % of all US O&G-
production-related methane emissions due to their high
production-normalized leak rates (> 10 % on average) and
prevalence (81 % of all producing wells). However, be-
cause emissions from individual low-producing wells are
low (95 % of sites emit less than 7 kg h−1), they are invisi-
ble to current and future satellite instruments used to detect
methane point sources as these instruments have detection
limits that are at least an order of magnitude larger1. Aircraft
sensors, such as AVIRIS-NG, have plume detection limits as
low as 10 kg h−1 (Thorpe et al., 2016), enabling the detec-
tion of the highest-emitting low-production wells. However,
these reported detection limits correspond to ground pixel
sizes of∼ 0.5 m, meaning observations need to be made close
to the surface (0.5–1 km). Mapping a basin in such a man-
ner would require many days of flying. Recently, Cusworth
et al. (2022) conducted a large survey of US O&G basins us-
ing the AVIRIS-NG instrument, flying at altitudes more suit-
able for large-scale surveying (3–5 km). By comparing their
data with basin emissions inferred from TROPOMI, they es-
timated that they were able to constrain about 35 % of total
emissions from oil and gas infrastructure, leaving about two-
thirds of basin emissions unmeasured. The ability of these
sensors to assign sources to specific infrastructure provides
insights into the specific practices and activities contribut-
ing to the basin’s total emissions from large point sources.
However, a complete monitoring strategy requires this type
of sensor to be used in combination with sensors capable of
regularly measuring total basin emissions and the spatial dis-
tribution of diffuse emissions.

MethaneSAT has been designed to bridge the gap between
space-borne global flux mappers and point-source imaging
instruments. It contains a pair of 2D grating spectrometers
with a spectral resolution similar to that of TROPOMI, cov-
ering the 1.27 µm O2 singlet delta (a11g←X36−g ) and

1Carbon Mapper has the best-reported point-source detection
limit (50–150 kg h−1) of any current or planned future satellite
methane point-source observers (Carbon Mapper, Inc., 2023).

1.65 µm (2ν3) CH4 bands. Unlike TROPOMI and upcoming
missions (such as CO2M; Sierk et al., 2019), which acquire
broad swaths to achieve daily global coverage, MethaneSAT
is maneuverable and designed to target scenes at approxi-
mately the scale of an O&G production basin (200×200 km2

at nadir for a 30 s collection time). By concentrating pix-
els on a smaller acquisition area, it achieves a pixel size of
130×400 m2 in its nominal operational mode, allowing CH4
to be retrieved with the accuracy of a TROPOMI-like instru-
ment (Jacob et al., 2022) but with a spatial resolution capa-
ble of imaging individual plumes from point sources. This
unique combination of a high spatial resolution, high mea-
surement precision, and wide swath will enable both the es-
timation of point-source emissions from high-emitting facil-
ities and the quantification and mapping of the entire basin
source via the inversion of an emission field, representing
the sum of sources below the plume detection threshold.
MethaneSAT will acquire an average of 30 scenes per day,
enabling at least 10–20 revisits to major O&G basins per
year. Targets will be prioritized based on production rates
of oil and gas and scheduled based on favorable meteoro-
logical forecast conditions (e.g., low cloud cover and steady
winds) for both retrieval and emission inversion, maximizing
the utility of each acquisition (Benmergui, 2019).

Here, we present results from the maiden flight cam-
paign of MethaneAIR using the operational MethaneSAT
CO2-proxy-based XCH4 retrieval. This is expected to be the
primary XCH4 product used in subsequent emission inver-
sions2. The CO2 proxy method was first used on an airborne
platform by the Methane Airborne MAPper (MAMAP) in-
strument (Krings et al., 2011; Gerilowski et al., 2011), which
provided the first remote-sensed estimates of point sources
and small-area sources of both CH4 and CO2 (Krautwurst
et al., 2017; Krings et al., 2018). MethaneAIR builds on
this heritage by substantially increasing the sensor’s spatial-
coverage rate, mapping approximately 490 times the area
per unit time relative to the MAMAP instrument. This is
achieved through its higher nominal operating altitude (12 vs.
1.25 km), faster aircraft speed (720 vs. 200 km h−1), higher
exposure time (0.1 vs. 0.6 s), and configuration as a push-
broom scanner (983 across-track pixels vs. 1 across-track
pixel). This allows for complete mapping of a typically sized
oil and gas basin in just a few hours of flight time.

The road map for the rest of the paper is as follows. Sec-
tion 2 describes the flight campaign, and Sect. 3 details the
retrieval methodology. Section 4 describes the method used
for retrieval bias correction, necessitated by drifts caused
by the impact of cabin temperature changes during flights.
The MethaneAIR observations are validated against ground-
based (EM27/SUN) and satellite (TROPOMI) retrievals in
Sect. 5. The results of this validation are used to estimate
the MethaneAIR detection limit for point sources and further

2We are also exploring alternative approaches for targets con-
taining expected CO2 enhancements (Sect. S2.2).
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discuss challenges for the CH4 emission inversion problem
at fine spatial scales based on the observations (Sect. 6). We
highlight some case studies based on observations from the
Permian Basin in Sect. 7. Lastly, in Sect. 8, we discuss the
implications for MethaneSAT.

2 First flight campaign

The first two MethaneAIR flights took place in November
2019 aboard the High-performance Instrumented Airborne
Platform for Environmental Research (HIAPER) Gulfstream
V (GV) aircraft from the National Science Foundation (NSF)
and the National Center for Atmospheric Research (NCAR)
(UCAR/NCAR – Earth Observing Laboratory, 2005). The
remaining eight flights were conducted from July–August
2021; they were delayed initially by aircraft issues and later
by the COVID-19 pandemic. Figure 1 shows the flight path
for the first nine flights, during which the instrument was op-
erating in nadir-viewing mode. For the final flight, the in-
strument orientation was switched to a zenith orientation to
observe oxygen airglow in the early evening.

The first three research flights (RF01–RF03) were per-
formed for engineering assessments and instrument func-
tions. These flights were conducted around the Colorado
Front Range region near the project base airport in Broom-
field, Colorado, with the aim of avoiding major CH4 emis-
sion sources to provide background conditions for evaluat-
ing instrument performance. In RF02, a linear polarizer was
placed in front of the instrument at three different angles to
test the polarization sensitivity. However, this also induced an
additional defocusing effect from lensing, making an evalua-
tion of the impact of polarization difficult. The remaining six
nadir-viewing flights focused on mapping XCH4 in the Per-
mian Basin (RF04–RF07), the Uintah Basin and Salt Lake
City (RF08), and the Bakken Formation (RF09). In RF04
and RF05, the plane also conducted several overpasses over
a controlled CH4 release in Midland, Texas.

CH4 and CO2 mole fractions were retrieved for valida-
tion using EM27/SUN Fourier-transform infrared (FTIR)
spectrometers throughout the campaigns (Gisi et al., 2012;
Frey et al., 2019; Alberti et al., 2022). In 2019, two instru-
ments (IDs: HA and HC) were operated concurrently, 1 km
apart, east of Fort Collins, CO (40.809° N, 104.777° W, and
40.806° N, 104.756° W, respectively), to evaluate the observ-
ing system’s ability to measure XCH4 gradients. In 2021,
the observations were conducted from a single instrument lo-
cated on the roof of the NOAA Earth System Research Lab-
oratories (ESRL) building in Boulder, Colorado (instrument
ID: KB; 39.991° N, 105.261° W). All EM27/SUN retrievals
shown here were processed using the latest version of the To-
tal Carbon Column Observing Network (TCCON) retrieval
code (GGG2020; Laughner et al., 2024). In situ CH4 and
CO2 observations were obtained on the aircraft using a Pi-
carro G2401-mc cavity ring-down spectrometer. The aircraft

performed a series of missed runway approaches, enabling
the in situ data to be used to evaluate the a priori gas profiles.

3 Methane retrieval

The MethaneAIR instrument consists of two Offner spec-
trometers (Headwall Photonics), covering wavelength ranges
of 1237–1319 and 1592–1697 nm, recorded using indium–
gallium–arsenide (InGaAs) detectors (Princeton Infrared
Technologies). In this paper, we focus on the longer wave-
length spectrometer, which records gas absorption from both
the P and R branches of the 1.6 µm CO2 band and the
2ν3 CH4 band at a ∼ 0.28 nm full-width-at-half-maximum
(FWHM) resolution. This enables us to use the CO2 proxy
method (Frankenberg et al., 2005, 2006; Krings et al., 2011)
for retrieving the total column-averaged dry-air mole frac-
tions of CH4 (XCH4). The instrument operates in push-
broom mode using an nadir port with an antireflective coating
on the aircraft, employing a focal plane array (FPA) of 1024
spectral pixels× 1280 spatial pixels. In practice, the output
dimensions of MethaneAIR data products are actually 1024
spectral pixels× 983 spatial pixels because the projected slit
image does not fully illuminate the entire cross-track width
of the FPA. At the nominal 12 km flight altitude, the swath
width is ∼ 5 km. For the majority of the results presented
here, we aggregate the cross-track pixels by a factor of 5 to
enhance computation expediency and to increase the signal-
to-noise ratio, yielding a ground pixel size of ∼ 20× 20 m2.
A more detailed description of the instrument, aircraft inte-
gration, and calibration is presented in Staebell et al. (2021).
The operational Level0–Level1 processor used to produce ra-
diometrically calibrated and geolocated radiance is described
in Conway et al. (2024).

XCH4 is retrieved using the Smithsonian PLanetary
ATmosphere retrieval (SPLAT) interface, a new, flexible
optimal-estimation retrieval tool developed at the Harvard–
Smithsonian Center for Astrophysics for addressing inverse
problems in both Earth and other planetary atmospheres.
Here, we use SPLAT to infer the vertical column densities
of CH4 and CO2 (NCH4 and NCO2 , respectively). The proxy-
derived XCH4 is expressed as

XCH4 =
NCH4

NCO2

XCO2,0, (1)

where XCO2,0 is an a priori estimate of the column-averaged
dry-air CO2 mole fraction. To derive NCO2 and NCH4 , we
target wavelength windows corresponding to 1595–1618 and
1629–1654 nm, respectively (Fig. 2). Although MethaneSAT
can only observe part of the R branch above 1597 nm, we
leverage MethaneAIR’s broader spectral window and include
data up to 1595 nm to increase the CO2 retrieval precision.
For MethaneSAT, the cost of not observing the full R branch
will be partially offset by its higher spectral resolution, which
features a line shape FWHM that is ∼ 30 % narrower. Addi-
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Figure 1. Aircraft flight paths for the nine nadir-viewing research flights from the first campaign, overlaid on top of an illustration of total
oil and gas emissions (Scarpelli et al., 2020). Black stars indicate the locations of the EM27/SUN spectrometers used for validation.

tional weaker CO2 lines overlap with the R branch of CH4,
potentially providing a better light path constraint, but they
are likely too weak to provide a good retrieval of NCO2

alone. For the CH4 window, the 1654 nm upper limit is con-
strained by the InGaAs detector’s quantum efficiency, which
decreases from 70 % to 26 % as the window increases from
1650 to 1670 nm. The mercury–cadmium–telluride (MCT)
detectors used in MethaneSAT do not show this efficiency
rolloff, which may enable a wider fit window.

3.1 Spectroscopy

We model CH4, CO2, and H2O absorption using cross-
section lookup tables computed from the GGG2020 spectral
database, which is used operationally in TCCON retrievals
(Wunch et al., 2011a; Toon, 2022b, a). These tables include
speed-dependent Voigt line shapes with line mixing for CO2
(Mendonca et al., 2016) and CH4 (Mendonca et al., 2017).
We opt to use GGG2020 to leverage previous validation work
evaluating the TCCON retrievals against profiles constructed
from in situ aircraft and balloon observations (Wunch et al.,
2010; Messerschmidt et al., 2011; Geibel et al., 2012). We
scale the retrieved XCH4 using the ratio between the TC-
CON’s GGG2020 air-mass-independent correction factors
for CO2 and CH4 (1.0101 / 1.0031). This adjustment is in-
tended to account for the bias induced by the collective ef-
fect of GGG2020 line strength errors across the CO2 and
CH4 bands. In reality, the factor for MethaneAIR may dif-
fer slightly due to vertical-sensitivity differences between it
and the TCCON retrievals from which the correction factors

Figure 2. Example transmission spectra for a typical MethaneAIR
observation (Lambertian albedo: 0.3; solar zenith angle: 30°).
Transparent and solid lines represent the spectra before and after
convolution with the MethaneAIR instrument line shape, respec-
tively. The signal-to-noise ratio for a typical measurement is also
indicated. Windows 1 and 2 indicate the spectral regions used to
retrieve CO2 and CH4, respectively.

are derived. We plan to revisit the question of absolute scal-
ing once we have accumulated more ground-validation over-
passes in future campaigns.

3.2 Retrieval configuration

NCO2 and NCH4 are derived through the optimization of a
state vector (x), which is used to minimize the cost function
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J (x), expressed as

J (x)= (y−F (x))T S−1
o (y−F (x))

+ γ−2(x− xa)
T S−1

a (x− xa) . (2)

The above minimizes the balance between the fit residuals of
the observations (y) and the forward model (F (x)) and the
departure of x from its a priori estimate (xa). The balance of
these terms is controlled by the observation covariance ma-
trix (So) and the a priori covariance matrix (Sa). Moreover,
γ is an additional regularization parameter that scales the a
priori covariance. For retrievals using 5× 1 aggregated pix-
els, we select γ 2

= 10; this selection is guided by an L-curve
analysis (Hansen, 2000) and the fact that it produces near-
unity sensitivity to CH4 in the boundary layer (see Sect. S1).
Based on the same analysis, we found the need to reduce
the regularization for retrievals at the native pixel resolution
(γ 2
= 50).

Furthermore, y contains radiances from both windows.
The initial rationale for their joint optimization is that the
weaker CO2 band at 1.645 µm may improve the light path
constraint due to its overlap with the target CH4 band. In
practice, we have found little difference between this and op-
timizing the windows independently. Since the proxy method
accounts for aerosols via normalization against NCO2 as the
light path constraint, F (x) does not consider scattering and
is modeled analytically (Frankenberg et al., 2005). This al-
lows for significantly faster processing compared to the full-
physics approach, which explicitly includes aerosols in the
state vector. MethaneAIR generates approximately 30 mil-
lion spectra per flight hour at a native spatial resolution,
making speed a significant consideration. The fastest full-
physics CH4 retrievals have processing times of ∼ 10 s (Hu
et al., 2018), whereas the proxy retrievals are an order of
magnitude faster (∼ 1 s per pixel). Thus, the CO2 proxy ap-
proach is likely to serve as the backbone for future Methane-
SAT operational processing, with a full-physics algorithm
applied additionally at an aggregated resolution or in selec-
tive cases where a priori CO2 data are expected to be unreli-
able (e.g., for urban targets).

Table 1 summarizes the state vector used in the retrieval.
A more detailed description of how the state vector is imple-
mented is provided in the Supplement (Sect. S1). The set-
tings are mostly consistent with those used in similar GHG
retrievals (O’Dell et al., 2012; Schepers et al., 2012; Parker
et al., 2020). CH4 and CO2 profiles are optimized on a 19-
layer vertical grid, consisting of 13 evenly spaced pressure
layers from the surface to the tropopause, with a set of fixed
pressure levels situated above. We also tested scaling the CH4
and CO2 columns; however, this approach tends to overes-
timate column XCH4 in cases with large surface enhance-
ments because absorption near the surface is more efficient
due to increased pressure broadening, which affects more
transparent regions of the spectrum. Scaling the column ar-
tificially adds more CH4 to higher altitudes, where CH4 pri-

marily absorbs in the saturated part of the line, requiring the
addition of even more CH4 to fit the observed radiance across
regions with surface enhancements.

Initial analysis of the first MethaneAIR flight data revealed
that the instrument spectral response function (ISRF) was
drifting during the course of each flight. The instrument’s
low F number (3.5) means that small perturbations affecting
the instrument, such as changes in the spectrometer’s optical-
bench temperature or mechanical stresses at the interface be-
tween the spectrometer and camera, can lead to significant
changes in the way light is focused on the detector. In order
to account for this, two additional ISRF squeeze parameters
(xsqz) have been included in the state vector to model the
ISRF change over both fit windows. The changing width of
the ISRF is modeled by squeezing the original wavelength
grid from the laboratory-derived tabulated ISRF (0TAB(λ))
as follows:

0(λ)= 0TAB(xsqzλ). (3)

From Eq. (3), xsqz values below (above) unity correspond
to stretching (squeezing) the tabulated ISRF. Figure 3 shows
the impact of adding the ISRF correction to the spectral fit
over a flat background region from the plane’s return tran-
sit to Colorado from the Midland basin during RF05. When
the ISRF squeeze parameter is not included, the fit residu-
als are significantly larger than what would be expected from
the laboratory-derived ISRF (Fig. 3b). Including the ISRF
squeeze brings the residuals within the expected noise level,
leading to a significant reduction in the XCH4 cross-track
bias. In this case, the retrieved scaling factors (xsqz) show
changes of up to 30 % in the ISRF width compared to labo-
ratory calibrations. Improvements to the thermal housing of
the instrument are planned to improve its stability in upcom-
ing campaigns.

3.3 A priori state

The Goddard Earth Observing System – Forward Process-
ing (GEOS-FP) reanalysis (Rienecker et al., 2008) is used
as the primary data set for constructing the prior. Profiles
of pressure, temperature, and water vapor (H2O) are sam-
pled directly from GEOS-FP. Model observation height dif-
ferences, computed using digital elevation tiles from Ama-
zon Web Services (Larrick et al., 2020), are used to adjust the
GEOS-FP surface pressures to the MethaneAIR ground pixel
locations. A priori CO2 and CH4 profiles are calculated using
the TCCON’s GGG2020 profile construction tool (Laughner
et al., 2022), employing GEOS-FP meteorology as input3.
The a priori Lambertian surface albedo for each pixel is com-
puted using the transparent region of the observed radiance at
1622 nm, assuming a non-scattering atmosphere. The a priori

3This will yield slightly different a priori profiles compared to
the operational TCCON retrieval, which uses GEOS-FPIT, a frozen
version of the GEOS-FP reanalysis.
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Table 1. MethaneAIR Level-2 algorithm fit settings.

State vector element A priori Uncertainty (1σ )

CH4 profile (19 layers) GGG2020 prior profile software1 UoL GOSAT Proxy covariance2

CO2 profile (19 layers) GGG2020 prior profile software1 UoL GOSAT Proxy covariance2

H2O column GEOS-FP3 0.02 v/v
Temperature profile shift GEOS-FP3 5 K
Surface pressure GEOS-FP3 4 hPa
Albedo4 MethaneAIR radiance6 100 %
Radiance offset5 0.0 5× 1014 photons cm−2 s−1 sr−1 nm−1

Wavelength offset 0.0 nm 0.01 nm
ISRF squeeze 1.0 0.2

1 Laughner et al. (2022, 2023). 2 Covariance matrix from the University of Leicester GOSAT Proxy retrieval (Parker et al., 2020).
3 Rienecker et al. (2008). 4 A third-order Chebyshev polynomial is used to parameterize the albedo for each window. 5 A first-order
Chebyshev polynomial is used to parameterize the radiance offset for each window. 6 Albedo estimated from the average of 5 wavelength
pixels centered at 1622.5 nm.

uncertainties for most state vector elements are based on an
Orbiting Carbon Observatory-2 (OCO-2) Atmospheric CO2
Observations from Space (ACOS) algorithm (O’Dell et al.,
2012). The profiles for the CH4 and CO2 covariance matri-
ces are from the University of Leicester (UoL) GOSAT Proxy
retrieval (Parker et al., 2020).

3.4 Cloud screening

Cloud-impacted observations are rejected using a cloud
screening algorithm modeled on the OCO-2 A-band Pre-
processor (Taylor et al., 2016). Here, surface pressure is re-
trieved from the instrument’s O2 band, assuming a cloud-free
atmosphere. In this case, large deviations from the a priori
pressure can be interpreted as being due to clouds. The al-
gorithm similarly uses retrieved vertical column densities of
CO2 and CH4 to screen out clouds with high optical depths,
which cause distinct decreases relative to their priors (Fig. 4).
The screening flags are combined with the oxygen-band re-
trieval using a naive Bayes classifier (Heidinger et al., 2012),
allowing the screening algorithm to function even when there
are no overlapping oxygen-band data. More details will be
provided in a paper currently in preparation.

4 Cross-track-bias correction for ISRF drift

4.1 Evidence of time-dependent cross-track bias

In the previous section, it was shown that the in-flight ISRF
can differ significantly from the table derived from on-
ground laser calibration measurements, with changes of up to
30 % in the FWHM (Fig. 3). This change slowly evolves over
the course of a flight. Figure 5c1 shows the time evolution
of the ISRF squeeze factors for each spectral fit window re-
trieved from RF05. Early on in the flight, each ISRF squeeze
factor (xsqz) is close to 1, indicating that the ISRF is close
to the nominal calibration. As the flight continues, the ISRF

width gradually narrows (xsqz > 1), with the effect becoming
more pronounced at the side of the detector corresponding to
the lower cross-track indices. Similar ISRF squeeze changes
were observed during the other flights.

In order to better understand the temporal evolution of
the ISRF, we applied principal component analysis (PCA)
to the ISRF squeeze factors from both the CO2 and CH4
fit windows simultaneously. PCA is a common dimensional-
ity reduction technique that reconstructs a multidimensional
data set from a smaller number of principal components. Let
s(ti) ∈ R2n represent the vector containing the ISRF squeeze
factors from both windows, each housing n cross-track pix-
els, at the ti th time. Moreover, s(ti) is reconstructed using the
npc principal components (pj ∈ R2n), scaled by the scores
cj (ti):

s(ti)= s+

npc∑
j=1

cj (ti)pj , (4)

where s is the mean ISRF squeeze at each cross-track pixel.
The first principle component (p1) is chosen to account for
the largest possible variance in the data set, and each suc-
cessive component accounts for the highest possible variance
under the constraint that it is orthogonal to the previous ones.

Figure 5a1 and b1 shows the first two principal compo-
nents and their scores, respectively, for the ISRF squeeze
factors. The first principal component explains almost all
the variance in the ISRF squeeze factors (99.8 %). It is also
highly correlated with the temperature of the environment
surrounding the instrument (Fig. 6). This strong relationship
suggests that the ISRF changes are caused by the cooling of
critical optical components of the spectrometer, such as the
foreoptic lens adjacent to the cold viewport window glass.
These temperature changes can defocus light at the FPA,
leading to observable changes in ISRF width. The fact that
the ISRF changes cause the temperature to lag by ∼ 0.75 h
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Figure 3. Impact of ISRF squeeze on retrieved CH4 derived from
observations collected over a clear region during RF05. (a) Cross-
track-averaged retrieved XCH4 for retrievals with and without the
squeeze factor. (b) Corresponding fit-residual root-mean-square er-
rors (RMSEs). “L1 Prediction” corresponds to the residual RMSE
expected from the radiance uncertainty in the Level-1 (L1) product.
(c) Retrieved squeeze factors for the CO2 (1595–1618 nm) and CH4
(1629–1654 nm) windows.

also supports this hypothesis (inset in Fig. 6) as this is ex-
pected due to the thermal inertia of the optical components.

It is unlikely that squeezing the laboratory-derived tab-
ulated ISRF fully accounts for the change in ISRF shape
induced by defocusing. The gradual drift in instrument fo-
cus may lead to a time-dependent XCH4 cross-track bias,
which we attempt to derive using a small-area approxima-

Figure 4. XCH4 retrieved in the presence of a low-altitude cloud
during RF06. Panel (a) shows a grayscale albedo image estimated
from the MethaneAIR radiance. Panels (b)–(d) show the cross-track
median values of the CO2 vertical column density, the CH4 verti-
cal column density, and XCH4 from the MethaneAIR retrieval, re-
spectively. The solid blue lines represent the 5-fold cross-validated
smoothed spline values. The a priori values are shown in gray.
“Xtrk. Idx.”: cross-track index.

tion (O’Dell et al., 2018). This assumes that XCH4 over a
small area is constant. In this case, we derive the background
XCH4 for every cross-track index by computing its median
value over consecutive 10 s (∼ 2 km) intervals. The segment
interval is chosen to be short enough for the sequence of re-
trieved squeeze values to capture temporal changes in the
cross-track-bias pattern but long enough to reduce the im-
pact of plumes; however, it should not be so long that it en-
trains topographic gradients. Let XCH4,g(ix, it) be the re-
trieved XCH4 for a 10 s segment g at the cross-track index
ix and the along-track index it . The cross-track bias at the
cross-track index ix for the granule (Bg(ix)) is estimated as
follows:

XCHmed
4,g (ix)=med

(
XCH4,g(ix, :)

)
, (5)

Bg(ix)= XCHmed
4,g (ix)−mean

(
XCHmed

4,g (:)
)
, (6)

where “med” and “mean” denote the median and mean,
respectively, and “:” denotes the array axis along which the
operation is performed. The XCH4 cross-track bias for RF05
is shown in Fig. 5c2, along with its PCA decomposition
(Fig. 5a2 and b2). The derived bias pattern shows a tempo-
rally constant set of index-to-index cross-track stripes over
the course of the flight, with an additional slowly evolving
bias pattern smoothed over the entire detector array. The rel-
atively constant pattern is likely due to instrument slit in-
homogeneities and is a common feature of other 2D grat-
ing spectrometers, e.g., MODIS (Rakwatin et al., 2007), the
Ozone Monitoring Instrument (OMI; Boersma et al., 2011),
and TROPOMI (Borsdorff et al., 2019).
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Figure 5. Relationship between retrieved ISRF squeeze factors and XCH4 cross-track bias during RF05 (3 August 2021). The contour plots
illustrate the time evolution of the ISRF squeeze factors for each retrieval window (c1) and the XCH4 cross-track bias derived from the
small-area approximation (c2). Panels (a1) and (a2) show the first two principal components for the combined ISRF squeeze parameters and
XCH4 bias, respectively. The corresponding component scores are shown in panels (b1) and (b2).

Figure 6. Comparison of the time series for the first principal com-
ponent of the ISRF squeeze factor (see text) and the spectrome-
ter temperature from RF05. Here, spectrometer temperature refers
to the temperature recorded by a probe outside the instrument but
within the thermal housing that isolates the spectrometer from the
plane cabin. The lag correlation between the two variables is shown
in the inset and is defined as the value of Pearson’s r computed
between the spectrometer temperature (Tspec(t)) and the ISRF prin-
cipal component shifted by the lag value (c1(t + tlag)).

The temporal evolution of the broader bias pattern strongly
correlates with changes in ISRF width. This correlation can
be seen more clearly in the ISRF squeeze and PCA scores for
the XCH4 cross-track-bias patterns (Fig. 5b1 and b2). The
scores of the leading ISRF and XCH4 bias principal com-
ponents (PCs) are highly correlated in terms of time (Pear-
son’s r value of 0.76). Although the second ISRF PC explains
only a small portion of the total ISRF variability (0.13 %), its
scores are highly correlated with the first two XCH4 bias PCs

(Pearson’s r values of 0.77 and 0.69, respectively). This sug-
gests that subtle ISRF changes captured by the less-dominant
PCs could contain valuable information for modeling the
XCH4 bias.

4.2 MethaneAIR cross-track-bias correction algorithm

Since there is an underlying physical connection between
the XCH4 cross-track bias and ISRF squeeze parameters, er-
rors associated with the small-area approximation can be fur-
ther reduced by constructing a regression model that relates
these two retrieved quantities. As the noise in retrieved ISRF
squeeze parameters is lower than that in the retrieved XCH4,
this approach will also improve the precision of cross-track-
bias prediction compared to directly applying the values
shown in Fig. 5c2. Here, we create a linear model of the
cross-track bias (n pixels) from a total of t segments, each
containing 10 s of observations. We predict the XCH4 biases
(the “response” variables) derived from the small-area ap-
proximation (B ∈ Rt×n) against the retrieved ISRF squeeze
factors (the “predictor” variables) combined from both win-
dows (S ∈ Rt×2n).

B= Sβ, (7)

where β represents the transformation between S and B and
is determined using partial least-squares (PLS) regression
(Wold et al., 2001). In this case, ordinary multiple least-
squares regression is not appropriate as it assumes that there
is no correlation between the squeeze factors at different
cross-track positions. One possible way around this involves
creating a multiple-regression model using a truncated set of
principal components (e.g., those shown in Fig. 5). However,
the principal components that are omitted from the regression
could still contain valuable information explaining the vari-
ation between the response and predictor variables. Indeed,
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the strong correlation between the scores of the second ISRF
PC and those from the XCH4 bias data set, as previously dis-
cussed, suggests that this may not be the most appropriate
method.

PLS regression overcomes this PCA truncation issue by
finding component pairs between the predictor and target
data sets that maximize the covariance between them. This
contrasts with PCA regression, where components are in-
dependently chosen to maximize their own explained vari-
ance. The algorithm works iteratively by first identifying the
covariance-maximizing predictor–response component pair,
subtracting the variation captured by these from the data sets,
and then repeating the process. The process is ideally termi-
nated after a sufficient number of components are included
to explain the true variation in the response data set. Here,
we determine this component number using k-fold cross-
validation.

Figure 7 compares the cross-track bias derived from the
small-area approximation with that predicted by the regres-
sion model. It can be seen that the regression model reduces
the noise in the original data set and removes some spuri-
ous features that extend over multiple cross-track positions,
which are likely due to real XCH4 enhancements. The up-
dated bias estimate is also less noisy due to the higher pre-
cision of the retrieved ISRF squeeze factors relative to the
XCH4 values used in the small-area approximation.

Figure 8 compares the MethaneAIR XCH4 retrievals over
the Midland basin from RF05, highlighting the results ob-
tained before and after the stripe correction was applied. We
applied the bias correction to a given observation by tempo-
rally interpolating the PLS-regression-derived bias (Fig. 7b)
to align with the time of observation. In principle, the re-
trieved ISRF at the observation time could also be directly
inputted into the regression model (Eq. 7). In practice, we
found that the former method performed better because
(1) the ISRF varied smoothly over time and (2) the latter
method induced additional noise due to the 10-fold lower
precision of the single-pixel ISRF values compared to the
10 s averages used in the PLS regression model. Figure 8
shows that the bias correction is able to remove the cross-
track striping apparent in the uncorrected data while preserv-
ing observations of plumes from O&G infrastructure within
the basin and at the controlled-release site.

5 Validation

5.1 EM27/SUN ground validation

Surveying CH4 across an O&G basin requires 2–3 h of
MethaneAIR observations at a nominal above-ground ob-
servation altitude of 12 km. It is critical that the retrieved
XCH4 is free of significant systematic drifts as such drifts
could yield artificial gradients within the mapped areas and
ultimately reduce the accuracy of emission inversion. Given

the changes in the ISRF described in the previous section,
such drifts are certainly possible and can be quantified us-
ing the aircraft overpasses of the EM27/SUN spectrome-
ter sites conducted over the course of the campaign. Fig-
ure 9 shows the comparison between the MethaneAIR and
EM27/SUN retrievals for the five flights that intersected the
ground sites. For each EM27/SUN overpass, we colocate
MethaneAIR retrievals within a 0.05° latitude–longitude box
around the site location. To remove the influence of the
GGG2020 CO2 prior from the comparison, we use XCO2
observed by the EM27/SUN instead of a priori GGG2020
XCO2 when calculating MethaneAIR XCH4 from the re-
trieved vertical column densities (XCO2,0; Eq. 1). To reduce
differences between MethaneAIR and EM27/SUN retrievals
caused by differences in their respective a priori CH4 pro-
files and averaging kernels, we adjust MethaneAIR to the
EM27/SUN prior and smooth the EM27/SUN observation
by the MethaneAIR averaging kernel, following Wunch et al.
(2011b) (Appendix A). Furthermore, we restrict the compar-
ison to retrievals in which the a priori surface pressure falls
within 10 hPa of the pressure measured at the EM27/SUN lo-
cation. This is particularly important for the NCAR Boulder
site used for the summer campaign, where there is signifi-
cant topographic variation associated with the Rocky Moun-
tains immediately to the west. MethaneAIR retrievals are
also screened for poor spectral fits4 and low signal by reject-
ing pixels in which the degrees of freedom for signal (DOFS)
for CO2 and CH4 retrieval drop below 1, indicating a poor
column constraint. Cloud-contaminated pixels are filtered us-
ing the algorithm in Sect. 3.4.

In general, there is good absolute agreement between
the MethaneAIR and EM27/SUN retrievals. The mean bias
from the winter flights was 2 ppb, with minimal drift in
MethaneAIR XCH4 for the five overpasses over a 70 min
interval (Fig. 9b). The mean bias for the summer campaign
increased to 13 ppb. This could be partially due to the differ-
ent EM27/SUN spectrometers used for the summer and win-
ter campaigns, although instrument-to-instrument variations
have been shown to be within 0.3 % (∼ 6 ppb) (Alberti et al.,
2022). The summer observations were also influenced by vis-
ible haze from intense fires in the western US. However, this
haze was not visible in the grayscale imagery generated from
MethaneAIR data, and there is no evidence of strong corre-
lations between retrieved XCH4 and surface albedo, which
is a typical indicator of aerosol presence (Butz et al., 2010).
Thus, the size distribution of the smoke aerosols present was
likely small enough to avoid causing strong scattering in the
shortwave-infrared region.

4Values at which the fit-residual RMS is greater than 2 % are
excluded. This threshold is at least 4 standard deviations from the
median fit residual of the properly converged results, ensuring that
the majority of the good data are retained while excluding data from
cases in which the retrieval is expected to fail, such as over cloud
shadows.
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Figure 7. XCH4 cross-track-bias estimate using the small-area approximation (a), which is subsequently refined using the PLS regression
model (b). The PLS regression model (Eq. 7) uses the retrieved ISRF squeeze factors to predict the data used in panel (a), preserving only
the sources of variability related to temperature-induced defocusing effects.

Figure 8. XCH4 retrieved during RF05 (3 August 2021) and gridded at a 20× 20 m2 resolution (a) prior to destriping correction and (b)
after destriping correction. Here, the aircraft is traveling in a clockwise loop, with the northern segments overlapping to target a controlled
release.

Differences in the vertical sensitivity of the MethaneAIR
and EM27/SUN retrievals could explain the flight-to-flight
differences in the summer campaign. Figure 10 shows the
column averaging kernels for the two sensors from the RF08
overpasses, which represent observations made at high (57°)
and low (28°) solar zenith angles. The MethaneAIR retrieval
is less sensitive to the air mass above the aircraft as the solar
light that returns to the sensor traverses the layer above only
once. In contrast, the EM27/SUN retrieval exhibits greater
sensitivity to stratospheric differences. The uncertainties in
the GGG2020 profiles of background CH4 are largest in the
stratosphere, as demonstrated by comparisons with in situ,
balloon-borne AirCore profiles (Karion et al., 2010), which
produce RMSE errors of ∼ 30 ppb at the tropopause, peak-
ing at ∼ 80 ppb at ∼ 100 hPa (Laughner et al., 2023). This
translates to a 1σ variability of at least ∼ 5 ppb, induced by

the different stratospheric instrument sensitivities shown in
Fig. 105.

The summer flights showed a consistent positive XCH4
drift relative to the EM27/SUN retrievals, ranging from
1.0 ppb h−1 for RF09 to 3.2 ppb h−1 for RF08 (Fig. 9b). This
drift correlates with the temperature-induced changes in the
ISRF described in the previous section (Fig. 5). The drift is
likely due to the ISRF not being perfectly modeled by the
ISRF squeeze factor. Since the time evolution of the ISRF
squeeze factors showed a similar pattern for each flight, this
could also explain why the sign of the drift was always pos-
itive. Efforts are currently being made to improve the tem-
perature stability of the instrument in flight for future cam-
paigns. For now, we note that drifts at these levels should
still allow for the inference of emissions from diffuse CH4

5This assumes a 30 ppb error in the GGG2020 profile, correlated
across all stratospheric altitudes.
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Figure 9. (a) Comparison of colocated MethaneAIR and EM27/SUN retrievals of XCH4 (see text for the colocation criteria). Error bars
represent the 1σ XCH4 cross-track variability within the 0.05° colocation region (since there are > 3000 pixels for each MethaneAIR
average, the XCH4 random error is negligible). HA and HC refer to the two EM27/SUN spectrometers used in the first flight campaign.
The dashed lines corresponding to ±20 ppb indicate a ∼1 % accuracy level. The MethaneAIR XCH4 values were adjusted to align with the
EM27/SUN CH4 profile, and the EM27/SUN retrievals were smoothed with the MethaneAIR CH4 averaging kernels, following Wunch et al.
(2011b). (b) Time series illustrating the relative XCH4 drift between MethaneAIR retrievals (black dots) and EM27/SUN retrievals (colored
lines) following the first overpass for flights with multiple overpasses. The colored squares indicate the EM27/SUN retrievals smoothed with
the MethaneAIR CH4 averaging kernels. The XCH4 value at the time of the first overpass is subtracted from each data set to visualize the
relative drift.

Figure 10. MethaneAIR and EM27/SUN column averaging kernels
for the two MethaneAIR overpasses from RF08. The MethaneAIR
kernels are computed from the average of the retrievals colocated
with the EM27/SUN site. SZA: solar zenith angle.

sources since the total drift over the time it takes to map a tar-
get area (1–2 h) is approximately 1 order of magnitude lower
than the XCH4 gradients typically observed (see Sect. 7).

5.2 Intercomparison with TROPOMI

To evaluate a wider subset of MethaneAIR retrievals, we
also took advantage of the greater coverage provided by
the TROPOMI satellite instrument (Hu et al., 2018). Fig-
ure 11 compares TROPOMI XCH4 retrievals from the stan-
dard V1 product (Hu et al., 2018) to XCH4 retrievals
from MethaneAIR obtained during RF06, averaged across
overlapping TROPOMI pixels within a ±1 h time interval.

The TROPOMI data were destriped using the median filter
method described by Liu et al. (2021). The overlapping re-
trievals extend from the Permian Basin and continue along
the transit back to the base airfield in Broomfield, Colorado.
MethaneAIR captures the Permian hotspot and the large-
scale latitudinal gradient observed by TROPOMI.

The correlation between retrievals is high (reduced-major-
axis (RMA) regression r2

= 0.83), and the absolute mean
bias is small (5.8 ppb). The offset between retrievals can be
attributed to the MethaneAIR XCH4 bias induced by the CO2
prior used in the proxy normalization, with uncertainties of
∼ 1 % in the troposphere, translating to an XCH4 retrieval
uncertainty of∼ 14 ppb. The slope of the regression from the
colocated retrievals is 1.01, which is within the uncertainty
of the linear regression. Since the enhancement over the Per-
mian Basin drives the regression slope, the near-unity slope
indicates that both would yield similar total basin emission
estimates.

5.3 Evaluation against surface albedo

GHG retrievals are typically correlated with other geophys-
ical parameters, with surface reflectance usually having the
strongest correlation (O’Dell et al., 2018; Lorente et al.,
2021). This correlation arises due to biases induced by light
path modifications from aerosol scattering, which strongly
depend on the underlying surface (Butz et al., 2010). For in-
stance, aerosol layers over dark surfaces tend to shield radia-
tion, preventing it from penetrating below them, while a layer
over a bright surface may enhance the mean photon path be-
low the layer due to multiple scattering between the surface
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Figure 11. Comparison of colocated MethaneAIR and TROPOMI XCH4 retrievals collected during RF06. (a) TROPOMI XCH4 retrievals
(orbit no. 19769), filtered using quality assurance values > 0.5 and destriped using the algorithm described in Liu et al. (2021). The over-
lapping MethaneAIR flight path situated within 1 h of the TROPOMI overpass is shown in red. (b) Comparison with MethaneAIR retrievals
averaged across the overlapping TROPOMI pixels. The inset shows a scatterplot of the matched retrievals along with the RMA regression fit
(red).

and aerosol layer. Following Lorente et al. (2021), we inves-
tigate the correlation between XCH4 and albedo by analyz-
ing the retrievals over small background regions. We divide
the return leg of RF06 between 34.8 and 40° latitude into
3 min (∼ 30–40 km) segments, which are small enough to as-
sume XCH4 is constant across the segment (see Fig. 11). For
the albedo, we use the a priori reflectance estimate obtained
from the observed radiance at 1622 nm. In each segment, the
XCH4 bias due to surface reflectance is derived by subtract-
ing the average XCH4 computed from a bin with a width of
0.02, centered at an albedo of 0.2. This value was chosen as
it typically corresponds to where aerosol-induced biases are
at a minimum (Aben et al., 2007; Guerlet et al., 2013).

Figure 12 shows the albedo-induced XCH4 biases derived
from the return leg. Here, the data were screened using the
cloud algorithm described in Sect. 5.1. For the screened data,
there is almost no albedo dependence over the albedo range
of 0.2–0.4, which corresponds to 90 % of the total observa-
tions. The bias then slowly increases to 5 ppb as albedo de-
creases from 0.2 to 0.1, possibly due to residual cloud con-
tamination. This contrasts with the TROPOMI full-physics
retrievals, which show a bias increase of 1.5 % (∼ 28 ppb)
over this range (Lorente et al., 2021, 2023). The stronger
dependence in TROPOMI may be due to the spectral sep-
aration between the oxygen A-band (757–774 nm), used as
the light path constraint, and the target CH4 band (2305–
2385 nm), which increases susceptibility to errors induced
by retrieval assumptions regarding aerosol optical proper-
ties. Nevertheless, the albedo dependence for MethaneAIR
is lower than anticipated, given that observations collected
during the campaign were often obtained over regions blan-
keted by haze from the long-range transport of smoke from
fires in the western United States and Canada. Since a large

fraction of this may have been in drier air in the free tropo-
sphere, the size distribution may have been small enough for
the aerosol optical depth to be insignificant at 1600 nm.

Figure 12 also demonstrates the importance of cloud
screening. Below an albedo of 0.02, the XCH4 bias increases,
peaking at 9 ppb at an albedo of 0.05. This bias is due to
cloud shadows and other low-signal scenes, such as those
over water, where the retrieved XCH4 is heavily influenced
by the a priori information. The peak occurs due to the fact
there is less spectral information for constraining CO2, and,
as a result, it tends toward its prior value at a higher albedo
than that observed for CH4. This can be clearly seen in the
profile DOFS for both species (Fig. S3), which drop below 1
at albedos of 0.18 and 0.06 for CO2 and CH4, respectively.
In general, the sign and magnitude of this bias will be scene
dependent and determined by the a priori profile bias along
with additional light-path modifications induced by aerosol
scattering. In practice, since the degree of regularization is
dependent on the radiance, the albedo threshold will also de-
pend on the location and time of the measurement. At first
order, this will largely be a function of the solar zenith angle
(SZA), assuming most surfaces are approximately Lamber-
tian. For the scene shown here, the SZAs ranged from 22–
24°, with 90 % of the radiance expected for a SZA of 0°, and
the cloud screening and quality filtering remove points below
an albedo of approximately 0.1. Thus, we expect the regu-
larization threshold to roughly follow 0.09/cos(SZA), corre-
sponding to albedo thresholds of 0.13 and 0.18 at 45 and 60°,
respectively. In practice, if these thresholds are too high, the
regularization parameter (γ ; Eq. 2) can be retuned at the cost
of worsening the measurement precision. The choice here
has been optimized to avoid regularization biases over the
primary observation targets for this campaign (see Sect. S1).
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Figure 12. The dependence of XCH4 on surface albedo. The relationship between the XCH4 bias and albedo, derived using small-area
approximation (see text), is shown for the return leg of RF06 between 34.8–40° N. Albedo is computed from the radiance at 1622 nm under
clear-sky conditions. The XCH4 bias (y axis) is derived by subtracting the mean XCH4 for albedos between 0.19–0.21. The gray points
represent data excluded from the cloud screening algorithm and retrieval quality flags. The gray and red lines show the binned averages
computed in albedo increments of 0.02 before and after cloud screening, respectively, with dashed lines indicating the 2σ bin sample mean
uncertainty. The cumulative distribution function (CDF) of albedo is shown above the main panel, with gray and blue lines representing all
data and cloud-screened data, respectively).

6 Implications for plume identification

6.1 Plume mask algorithm description

The previous section showed that the main error in the flight
retrievals is due to random noise. We estimate the precision
of the retrievals using 5×1 aggregated pixels to be 35 ppb by
calculating the standard deviation of the XCH4 retrieved over
background locations, as shown in Fig. 12. This value is con-
sistent with our estimate for the native resolution of Methane-
SAT (Sect. S2.1), which has a similar signal-to-noise ratio
(SNR) as the MethaneAIR retrieval using 5× 1 aggregated
pixels. These noise levels reduce MethaneAIR’s ability to
detect small-scale XCH4 gradients. To reduce random noise,
we apply the Chambolle total variance (TV) denoising filter
(Chambolle, 2004) to the retrieved XCH4 images. The TV
filter works by minimizing the following cost function be-
tween the original (f ) and smoothed (g) images:

ĝ = arg min
g

E(f,g)+ λV (g), (8)

E(f,g)=
∑
i

∑
j

(g(i,j)− f (i,j))2, (9)

V (g)=
∑
i

∑
j

√
(g(i+ 1,j)− g(i,j))2+
(g(i,j)− g(i,j + 1))2

. (10)

The cost function penalizes departures from the original
image, measured by the least-squares difference (E(f,g)).
Smoothing is controlled by V (g), which measures adja-
cent pixel differences in the image. The degree of smooth-
ing is controlled by the smoothing parameter λ. The fil-
ter was chosen for its favorable properties, ensuring that
the resulting smoothed XCH4 fields can be used to esti-
mate CH4 point-source emissions (Q) without inducing addi-
tional bias. Here, and for MethaneSAT, the integrated-mass-
enhancement (IME) method (Frankenberg et al., 2016; Varon
et al., 2018) is the primary method used to estimate Q:

Q=
ueff

L
IME. (11)

Here, the IME is the integrated CH4 mass of the plume. The
effective wind speed (ueff) and plume length scale (L) are pa-
rameters that account for the impacts of turbulent diffusion
on the observed plume extent. L is estimated by taking the
square root of the plume area. In practice, ueff is determined
from an ensemble of large-eddy simulations as a function
of the 10 m horizontal wind speed (u10). For MethaneAIR,
u10 is determined by a large-eddy simulation of the target
scene at the time of observation (Chulakadaba et al., 2023).
The TV filter has some important properties for the unbiased
estimation of Q. First, it is conservative, meaning that the
smoothing does not bias the IME estimate. Second, it has an
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edge-preserving functionality, which means that it does not
bias the estimate of L.

The IME method also requires an algorithm for plume
masking. Figure 13 shows the approach adopted here. First,
the TV filter is applied to the noisy image. The background
XCH4 is then estimated by taking the 3σ iteratively clipped
mean of the denoised image. An initial mask is computed
by flagging mole fractions that are 2 standard deviations
above this background. The final plume mask is computed
by discarding flagged pixel clusters that contain fewer than
a threshold number of pixels (nmin). This threshold depends
on the degree of smoothing applied by the TV filter.

To optimize the choice of λ and the pixel threshold, we
applied the TV filter to a set of 300 plume-free synthetic
noisy retrievals, generated from Gaussian random noise at
the MethaneAIR precision of 35 ppb, corresponding to the
resolution of 5× 1 aggregated pixels. Figure 14a shows the
falsely detected plume mass as a function of the pixel clus-
ter threshold for various levels of smoothing. As smoothing
increases, the random artifacts in the image spread in terms
of area and decrease in terms of XCH4, lowering the XCH4
detection threshold. As a result, lower levels of smoothing
require a higher nmin in order to filter out the falsely identi-
fied mass. The smallest threshold needed to fully eliminate
the falsely identified plume mass is shown in Fig. 14b, along
with the XCH4 detection threshold determined from the vari-
ance of the filtered image. At low smoothing levels (λ < 45),
the XCH4 detection threshold decreases sharply, exhibiting
only small increases in nmin. Beyond this point, the pixel
threshold limit continues to increase, showing little improve-
ment in the XCH4 threshold. We thus set the plume detec-
tion parameters at the inflection point (λ= 45, nmin = 160),
which appears to strike a reasonable balance between low-
ering the XCH4 detection threshold and avoiding unneces-
sary increased smoothing. We repeated the same analysis at
the native spatial resolution (pixel size: 4×20 m2; precision:
80 ppb). The curves look qualitatively similar (Fig. S4), with
the inflection point of λ doubling compared to the case with
5× 1 aggregated pixels (with λ= 90 and nmin = 130 as the
plume-masking parameters).

6.2 Application of the plume-masking algorithm to
MethaneAIR

To determine whether the aforementioned synthetically
tuned filter works in practice, Fig. 15 shows an example of
the plume-masking procedure applied to real MethaneAIR
retrievals obtained at the native resolution from RF04. The
segment shown covers a controlled-release site used to vali-
date point-source estimations from MethaneAIR. The plume-
masking procedure successfully masks emissions from the
known source, as well as a much larger, unexpected source
adjacent to the controlled-release site from an unlit flare.
We estimate a release rate of ∼ 1500 kg h−1 using the IME
method, following Varon et al. (2018), which is consistent

with what we expected for a source of this type. Full details
of the IME approach used here are provided in Chulakadaba
et al. (2023).

The masking algorithm detects emissions from the flare
up to 5 km downwind. While this shows that the retrieval
performs well, it presents a conundrum: instruments like
AVIRIS-NG (Thorpe et al., 2016) have high XCH4 detec-
tion limits but a very fine spatial resolution, which enables
the detection of compact plumes close to the source. For
MethaneAIR, the XCH4 plume gradients are smeared out
near the source but remain detectable over large distances
downwind. Thus, for retrievals over complex emission fields,
multiple plumes may overlap, complicating point-source in-
versions.

The plume mask’s 2σ XCH4 thresholds, derived from real
data (such as those illustrated in Fig. 15), tend to be up to
30 % higher (∼ 1.4 ppb) than those derived from the plume-
free synthetic noisy retrievals. While a portion of this dis-
crepancy may be explained by unidentified retrieval biases,
meteorological drivers may also play an important role. For
instance, the XCH4 retrievals from the EM27/SUN spec-
trometers collected during the winter campaign over a rel-
atively clean background region show amplitude oscillations
of ∼ 1 ppb (Fig. 16). In this case, the two sites were sep-
arated zonally by ∼ 1 km, with prevailing westerly surface
winds. From the EM27 data, the XCH4 lag correlation peaks
at 6 min, and similar values are observed for H2O and CO2.
Such correlations are consistent with the eastward propa-
gation of gravity waves driven by orographic forcing from
the mountains to the west of the sites, which could gener-
ate XCH4 anomalies by varying the height of the planetary
boundary layer. Such meteorological sources of variability
are expected to be even larger in regions like O&G basins,
where they would be amplified by higher boundary-layer
CH4 mole fractions.

Another source of higher XCH4 variability in the actual
MethaneAIR data could be short-timescale emission varia-
tions, as supported by observations. Figure 17 shows one
such example from RF05, where a plume emanating from
a compressor station was observed on the approach to the
controlled-release site at regular (∼ 18 min) intervals. In this
instance, a large flash release was observed during the sec-
ond overpass. Although the flash release had ceased by the
third overpass, remnants of the initial plume were clearly
detectable multiple kilometers downwind of the compres-
sor station. Without the context of the earlier observation,
these pulse releases can be challenging to interpret, and they
represent a real source of variation in the data. We identi-
fied similar plumes that were not immediately adjacent to
O&G infrastructure during the flights mapping the Permian
Basin, suggesting that source intermittency at timescales of
less than 1 h is common and highlighting that these plumes
must be considered in the emission inversion of MethaneAIR
and MethaneSAT data. We can see here that these plumes
are observable by MethaneAIR and should be detectable by
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Figure 13. Schematic of the plume-masking procedure. Panel (a) shows a synthetic 20× 20 m2 retrieval using MethaneAIR precision for
a plume from a 200 kg h−1 point source, simulated using a Weather Research and Forecasting large-eddy simulation (WRF-LES). (b) A
Chambolle TV image filter is then applied to the retrieved XCH4 map. (c) Next, a threshold XCH4 is determined using the trimmed mean
and standard deviation of the TV-filtered image to generate a raw plume mask. The threshold here is set at 2 standard deviations above the
mean. (d) Finally, small clusters of pixels (artifacts of the random error in the image) are removed to yield the final masked plume.

Figure 14. Determination of plume mask parameters from plume-free synthetic MethaneAIR retrievals. Panel (a) shows the falsely detected
plume mass for different levels of TV smoothing as a function of the minimum pixel cluster threshold. Panel (b) shows the minimum pixel
threshold required to exclude falsely detected plume mass as a function of smoothing weight (blue line). The XCH4 plume threshold versus
smoothing weight is also shown (orange line).

MethaneSAT, given the size of the observed enhancement
and the spatial resolution and precision of both sensors.

6.3 Estimation of MethaneAIR’s point-source
detection limit

Now that we have characterized the instrument’s perfor-
mance and defined a plume detection method, the point-
source detection limit for MethaneAIR can be estimated.
To do so, we use a WRF-LES for the meteorological con-
ditions of the controlled release for RF04 (Fig. 15), used
for the IME calculations. The simulation was performed
at a 100× 100 m2 spatial resolution over a 5.6× 5.6 km2

domain and then interpolated to the 5× 1 pixel resolution
(∼ 20× 20 m2). Note that the lower resolution of the simu-
lation may lead to an overly pessimistic estimate of the de-
tection limit. We allow the simulation to spin up for 3 h and
then simulate the transport of five point sources within the
domain for the next 4 h. The mean wind speed during this
period was 2.4 m s−1. The simulated XCH4 fields were saved
every minute, yielding 1200 plume samples.

A simple estimate of the detection limit can be determined
by scaling each plume sample to the minimum criteria that
would allow it to be flagged by the plume-masking algo-
rithm. From this, we determined a median point-source emis-
sion rate of 93 kg h−1 (interquartile range: 81–109 kg h−1)
for the retrieval using 5× 1 aggregated pixels, employing
thresholds corresponding to a TV smoothing parameter λ
value of 75. As previously discussed, natural atmospheric
variability that is not due to the plume likely increases the
background XCH4 threshold. If we assume that the 30 %
higher threshold found for the real RF04 case is represen-
tative, then the median detection limit becomes 121 kg h−1

(interquartile range: 106–141 kg h−1). This simple bottom-
up estimate of the detection limit is consistent with the
200 kg h−1 quantification limit we independently determined
by assessing the performance of the IME method against the
controlled-release experiments from RF04 and RF05 (Chu-
lakadaba et al., 2023). The difference arises partly because
here we are referring to detection rather than quantification
and partly due to differences in the plume-masking approach
used in Chulakadaba et al. (2023).
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Figure 15. Example plume mask applied to MethaneAIR data over the controlled-release site during RF04. Panels (a) and (b) show the
MethaneAIR XCH4 retrievals obtained before and after the Chambolle TV filter was applied. Panel (c) shows the masked XCH4 overlaid
on top of a grayscale image derived from the MethaneAIR radiance at 1622 nm. The plume mask detects the ∼ 100 kg h−1 plume at the
controlled-release site as well as a much larger ∼ 1000 kg h−1 emission from an unlit flare near the release site.

Figure 16. The left-hand panel shows the location of the two EM27/SUN spectrometers (HA and HC) used in the winter campaign, overlaid
on top of a GMTED2010 digital elevation map (Danielson and Gesch, 2011). The middle panel shows anomalies in dry-air mole fraction
for CH4, CO2, and H2O measured by the two EM27/SUN instruments (HA and HC) during RF01 (8 November 2019). HC was located
approximately 1 km downwind of HA (see main text). The anomalies were derived by subtracting data smoothed using a 1 h moving window
from data smoothed with a 5 min boxcar running window. The right-hand panel shows the correlation between the anomaly time series for
different time shifts relative to the HC time grid for the segment of HA between 18:00–20:00 UTC.

In order to estimate the accuracy of a point-source emis-
sion inversion using the MethaneAIR data, a full-circle
OSSE (observing system simulation experiment) is required.
In this experiment, synthetic MethaneAIR retrievals are cre-
ated using a WRF-LES and then inverted via the IME
method. Varon et al. (2018) performed a comprehensive set
of OSSEs for a 50× 50 m2 resolution instrument at various
precision levels. At this coarser spatial resolution, the pre-
cision of MethaneAIR corresponds approximately to their
1 % precision case, which yielded an emission uncertainty
of 70 kg h−1

+ 5 % of the IME emission estimate. Note that
there is additional uncertainty due to the use of a reanaly-
sis wind product for estimating ueff, which was estimated to
be 15 %–50 % depending on the wind speed. Overall, this

suggests that MethaneAIR is capable of detecting 75 % of
US O&G CH4 emissions as point sources, based on esti-
mates from the US Greenhouse Gas Reporting Program (GH-
GRP) (Jacob et al., 2016; Varon et al., 2018). While there is
considerable uncertainty in the GHGRP estimates, the point-
source detection rate can be derived from the MethaneAIR
data alone as it can also be used to constrain total basin emis-
sions via flux inversions.

7 Permian Basin case study

Here, we present a case study typical of the flights. Figure 18
shows retrievals obtained over the O&G infrastructure of the
Delaware sub-basin, located in the larger Permian Basin, dur-
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Figure 17. XCH4 retrieved over an intermittent source (compressor station) during RF05 (3 August 2021). The title of each panel indicates
the observation time in UTC, with the white “x” marking the source location. The rightmost panel shows a satellite image of the compressor
station (© Google Earth), overlaid with the locations of pipelines (orange lines) and compressors (red triangles) from the Oil and Gas
Infrastructure Mapping (OGIM) database (Omara et al., 2023).

Figure 18. Retrievals of XCH4 over the Delaware basin from two successive research flights. Panels (a) and (b) show gridded XCH4 at a
15 m spatial resolution. Panel (c) shows the gridded plume masks from both flights, using the algorithm described in Sect. 6, with regions
detected by one or both flights indicated in different colors. Panel (d) shows the cumulative distribution of the IMEs derived from the plume
masks for both flights.

ing RF06 and RF07 (6 and 9 August 2021). As the flights
were 3 d apart, this provides an opportunity to observe the
spatial and temporal variability in sources over a major pro-
duction region. The flight pattern was the same for both days,
with the plane approaching from the north of the basin before
repeating a clockwise oval pattern over the basin that gradu-

ally translated northeast with each loop (see the bottom-right
panel of Fig. 1). For both days, the basin was mapped over a
∼ 2 h period between 10:00–12:00 local time (LT). The trans-
port patterns for both days are evident from the plumes in
the retrieved XCH4 maps, showing a generally southeasterly
direction for RF06 and a southwesterly direction for RF07.
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During RF06, emissions were clustered around the southern
part of the basin, whereas RF07 showed large sources to the
north that were not present in RF06. In RF07, there was an
increase in the XCH4 background over the course of the mon-
itoring period, evidenced by the discontinuity in XCH4 along
the line oriented northwest to southeast through the center of
the image.

The sources identified during both flights are shown in the
plume mask, verifying that the detected emitters in the basin
are highly variable in space and time. The cumulative dis-
tribution function for the IMEs from both the flights is also
shown in Fig. 18 and is heavily tailed, as seen in many pre-
vious studies (Zavala-Araiza et al., 2015; Brandt et al., 2016;
Frankenberg et al., 2016; Cusworth et al., 2021). Despite the
spatiotemporal sources differing in RF06 and RF07, their
basin-wide point-source probability distributions are similar.
If mean basin-wide emissions remain steadier over time, this
could allow for a reduction in the frequency of target moni-
toring by MethaneSAT, enabling an expansion of the opera-
tional list of targets flagged for regular monitoring.

We now take a closer look at two of the largest emit-
ters identified from the Delaware survey. First, we exam-
ine the MiVida gas processing plant, where we observed
persistently large CH4 plumes for both flights. The plant
is located at the southern end of the basin, as indicated in
Fig. 18a. A total of nine overpasses were made, allowing for
good characterization of the source (Fig. 19) using the IME
method. The estimated emissions were persistent and large,
ranging from 1858–2518 kg h−1, excluding emissions from
the RF06 16:15 UTC and RF07 17:11 UTC overpasses due
to poor observational coverage of the target site. According
to Homeland Infrastructure Foundation-Level Data from the
US Department of Homeland Security (DHS), approximately
190 million cubic feet per day (cfd; ∼ 5.4 million standard
cubic meters per day) of gas is processed by the plant. With
a reported CH4 mole fraction of 0.77 (US EPA Greenhouse
Gas Reporting Program; GHGRP, 2024), this implies a leak
rate of 1.6 %–2.1 %. This rate is higher than any rates ob-
served from a comprehensive survey of gas plants (Marchese
et al., 2015) and thus suggests a large source of unintended
emissions at the plant. From the observed plumes, we iden-
tified three source locations, as indicated in the left panel of
Fig. 19. The largest contributor, indicated by the pink cross,
is close to a flare stack and compressor engine shed. The CH4
values reported to the EPA GHGRP from the flares corre-
spond to about half of the observed emissions (1121 kg h−1),
indicating that there are other large sources within the plant.
There is also a contribution from a set of condensate storage
tanks, absorption columns, and liquid–gas separators (green
cross in the left panel of Fig. 19), clearly visible from the
corresponding XCH4 enhancement seen in the first pass of
RF06. This is consistent with previous surveys of O&G gath-
ering and processing facilities, which observed that venting
from tanks tends to be an important source for high-emitting
sites (Mitchell et al., 2015; Lyon et al., 2016). Finally, there

is an intermittent source to the south of the plant, near an-
other set of compressor engines, most clearly visible during
the last three RF07 overpasses.

The second case described here occurred during RF07, in
which a large plume extending over 20 km was observed at
the northern edge of the Delaware basin (top-right corner
of Fig. 20). The origin of the plume was located precisely
over an O&G gathering pipeline. The IME-based emission
estimate is ∼ 6100 kg h−1 (5700–6500 kg h−1; Chulakadaba
et al., 2023), considerable for a single source. For compari-
son, Zhang et al. (2020) estimated Permian Basin emissions
of ∼ 2.7 Tg a−1 from TROPOMI, meaning the pipeline leak
corresponded to 2 % of the average annual emissions from
the entire basin. On 24 August, 15 d after RF07, the pipeline
operator filed an incident report (Lucid Energy Delaware,
2021) about a rupture along a pipeline weld caused by high
line pressure. Based on the operator’s report on the volume
and duration of natural gas vented, we estimated a methane
emission rate of 8200 kg h−1, which is consistent in terms
of magnitude with that observed by MethaneAIR. This case
demonstrates that even large-magnitude leaks can go unde-
tected for long periods of time. It also suggests that through
regular O&G basin monitoring, MethaneSAT will be an im-
portant addition to the existing network of satellites capa-
ble of detecting large methane leaks (Irakulis-Loitxate et al.,
2022) and will contribute to the mitigation of methane leaks
through international activities, such as the Methane Alert
and Response System (UNEP, 2023).

8 Conclusions and implications for MethaneSAT

Here, we have described the XCH4 retrieval algorithm desig-
nated for MethaneSAT, based on the CO2 proxy retrieval ap-
proach, and applied it to observations from the first campaign
of MethaneAIR, an airborne spectrometer with specifications
similar to those of the future satellite.

Analysis of the flight observations revealed temperature-
induced drifts in instrument focus over the course of the
flight, typically changing ISRF widths by 10 %–30 %. We
show that these drifts can be mostly corrected by fitting a
squeeze factor to the tabulated ISRF. We present a PLS-
regression-based method for removing cross-track biases in-
duced by imperfect modeling of the ISRF defocus using
the retrieved squeeze factors. Subsequent validation against
ground-based EM27/SUN and TROPOMI retrievals shows
that the instrument’s accuracy is typically within ∼ 1 %.

Based on the flight retrievals, we find that the instrument’s
precision is typically around 35 ppb (∼ 1.9 %) per 20×20 m2

pixel (5× 1 aggregated pixels). We estimate that this trans-
lates to a median point-source detection limit of 121 kg h−1

for sufficiently bright (albedo >∼ 0.15) cloud-free scenes,
which aligns with the 200 kg h−1 quantification limit deter-
mined by Chulakadaba et al. (2023).
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Figure 19. XCH4 retrievals from repeated overpasses of the MiVida gas processing plant during RF06 and RF07. The left-hand panel shows
a © Google Earth image of the plant, with the approximate locations of the three sources contributing to the observed plume within the plant
indicated based on the XCH4 retrievals. The main infrastructure and potentially significant emissions are also labeled. The observed XCH4
plumes from each overpass are shown in the right-hand panel, with color-coded infrastructure locations indicated by arrows in the “RF07
15:59” plot. The observation times are given in UTC. Dashed lines indicate the edge of the aircraft swath. Emission rates computed using
the IME method (Chulakadaba et al., 2023) are also indicated, along with the 2.5–97.5 percentile confidence interval (in square brackets).
The IME method currently does not account for the impact of partially observed plumes, which may lead to emission underestimates.

Figure 20. Retrieval of a large plume caused by a pipeline leak
during RF07, gridded at a 100× 100 m2 resolution and overlaid on
top of © Google Earth imagery.

Importantly, we find no strong dependence on surface re-
flectance in the MethaneAIR results. This was a key untested
assumption in the early emission inversion OSSEs used to
inform the MethaneSAT instrument requirements (Benmer-
gui, 2019). In those original experiments, the assumed preci-
sion of MethaneSAT was 0.15 % at a 1×1 km2 resolution. In
follow-up experiments, it was found that the satellite could

meet its emission constraint goals with this level of precision
at a scale of 5× 5 km2. We expect MethaneSAT to have a
precision per pixel similar to that of MethaneAIR (35 ppb;
Sect. S2.1). At these levels, the 0.15 % target precision will
be achieved at a scale of ∼ 3× 3 km2, well within the preci-
sion requirement6. Although the instruments have different
spatial resolutions, we do not find large differences in cloud
contamination (Sect. S2.3.1) or in biases caused by subpixel
inhomogeneities in illumination (Sect. S2.3.2) or methane
concentration (Sect. S2.3.3) between the two instruments.

The pixel precision–accuracy combination demonstrated
here also highlights MethaneAIR’s uniqueness among cur-
rent aircraft sensors, which are capable of making retrievals
with a TROPOMI-like precision and accuracy at scales of
∼ 100× 100 m2. At these scales, new features, such as dis-
connected CH4 plumes from intermittent sources and XCH4
gradients driven by diffuse sources and boundary layer struc-
tures, become measurable. As such, MethaneAIR provides a
valuable test bed for developing new emission inversion ap-
proaches that account for these observable features prior to
MethaneSAT’s launch.

6Calculation based on the central limit theorem; 0.15 % trans-
lates to 2.85 ppb, assuming an XCH4 value of 1900 ppb. The preci-
sion of the sample mean reaches the requirement for ∼ 150 pixels,
translating to ∼ 3× 3 km2, based on a 140× 400 m2 native pixel
size.
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Code and data availability. The Level-2 (L2) retrieval code
is available upon request. L2 data are available through the
NCAR/University Corporation for Atmospheric Research
(UCAR) Earth Observing Laboratory (EOL) data archive at
https://doi.org/10.26023/J2CB-E2RX-J700 (Chan Miller et al.,
2023). The GGG2020 software package used to generate the a
priori trace gas profiles and spectroscopic line lists for calculating
CO2, H2O, and CH4 are available through the Caltech data repos-
itory (https://doi.org/10.22002/D1.8974, Laughner et al., 2022;
https://doi.org/10.14291/TCCON.GGG2020.ATMNV.R0, Toon,
2022a; https://doi.org/10.14291/TCCON.GGG2020.ATM.R0,
Toon, 2022b).

Supplement. The supplement related to this article is available on-
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Author contributions. CCM led the study, developed the retrieval
algorithm, and wrote the paper, incorporating comments and revi-
sions from all authors. SR and JSW contributed to the L2 algorithm
development and data analysis. SCW, KC, XL, KS, JSB, JEF, YL,
MS, and CCM contributed to the mission design, including flight
planning and instrument requirements. BCD integrated the instru-
ment into the aircraft. JS, JEF, and JH performed the calibration
measurements and conducted the instrument flights. EC, BL, AHS,
KS, and CS developed the L1 calibration algorithms. AC, MS, and
JSB conducted MethaneAIR CH4 emission inversions. JLL devel-
oped the GGG2020’s a priori profile software that was used by the
L2 algorithm. JEF and BCB deployed the EM27/SUN instruments.
RG and MO provided facility-level bottom-up CH4 estimates.

Competing interests. The contact author has declared that none of
the authors has any competing interests.

Disclaimer. Publisher’s note: Copernicus Publications remains
neutral with regard to jurisdictional claims made in the text, pub-
lished maps, institutional affiliations, or any other geographical rep-
resentation in this paper. While Copernicus Publications makes ev-
ery effort to include appropriate place names, the final responsibility
lies with the authors.

Acknowledgements. The Environmental Defense Fund provides
primary support for the MethaneAIR and MethaneSAT projects
to Harvard University, the Harvard–Smithsonian Center for As-
trophysics, and the University at Buffalo. We gratefully acknowl-
edge assistance from the NSF EAGER grant awarded to Harvard
University (grant no. 1856426), which supported the flight cam-
paign. Joshua L. Laughner was supported by the National Aeronau-
tics and Space Administration (NASA; grant no. NNX17AE15G),
with research carried out at the Jet Propulsion Laboratory, Cali-
fornia Institute of Technology, under a contract with NASA (con-
tract no. 80NM0018D0004). Bianca C. Baier was supported in
part by NASA (grant no. 80NSSC18K0898), a NOAA coopera-
tive agreement (grant no. NA22OAR4320151), and a NASA–JPL
subaward (grant no. 1615988). We would like to acknowledge the

technical support from Philip Handley, Timothy Newberger, and
Anna McAuliffe regarding the EM27/SUN observations collected
at NOAA ESRL, and we would like to thank Frank Hase for loan-
ing the spectrometer. Finally, we extend our appreciation to the
MethaneSAT software team (Nick LoFaso, Chris Hairfield, and
Sasha Ayvazov), who adapted the retrieval presented here to a cloud
environment for future MethaneAIR campaigns.

Financial support. This research has been supported by the
National Science Foundation as part of the EAGER (grant
no. 1856426), the Environmental Defense Fund, the Na-
tional Aeronautics and Space Administration (NASA; grant
nos. NNX17AE15G, 80NM0018D0004, 80NSSC18K0898,
and 1615988), and a NOAA cooperative agreement (grant
no. NA22OAR4320151).

Review statement. This paper was edited by Dominik Brunner and
reviewed by Jakob Borchardt and Philipp Hochstaffl.

References

Aben, I., Hasekamp, O., and Hartmann, W.: Uncertainties in the
space-based measurements of CO2 columns due to scattering in
the Earth’s atmosphere, J. Quant. Spectrosc. Ra., 104, 450–459,
https://doi.org/10.1016/j.jqsrt.2006.09.013, 2007.

Alberti, C., Hase, F., Frey, M., Dubravica, D., Blumenstock, T.,
Dehn, A., Castracane, P., Surawicz, G., Harig, R., Baier, B. C.,
Bès, C., Bi, J., Boesch, H., Butz, A., Cai, Z., Chen, J., Crow-
ell, S. M., Deutscher, N. M., Ene, D., Franklin, J. E., García, O.,
Griffith, D., Grouiez, B., Grutter, M., Hamdouni, A., Houweling,
S., Humpage, N., Jacobs, N., Jeong, S., Joly, L., Jones, N. B.,
Jouglet, D., Kivi, R., Kleinschek, R., Lopez, M., Medeiros, D. J.,
Morino, I., Mostafavipak, N., Müller, A., Ohyama, H., Palmer,
P. I., Pathakoti, M., Pollard, D. F., Raffalski, U., Ramonet, M.,
Ramsay, R., Sha, M. K., Shiomi, K., Simpson, W., Stremme,
W., Sun, Y., Tanimoto, H., Té, Y., Tsidu, G. M., Velazco, V.
A., Vogel, F., Watanabe, M., Wei, C., Wunch, D., Yamasoe, M.,
Zhang, L., and Orphal, J.: Improved calibration procedures for
the EM27/SUN spectrometers of the COllaborative Carbon Col-
umn Observing Network (COCCON), Atmos. Meas. Tech., 15,
2433–2463, https://doi.org/10.5194/amt-15-2433-2022, 2022.

Benmergui, J.: Innovations in Modeling and Statistical Anal-
ysis for Greenhouse Gas Flux Monitoring, PhD Thesis,
Harvard University, https://www.semanticscholar.org/paper/
Innovations-in-Modeling-and-Statistical-Analysis-Benmergui/
8f46f431006ad3c71c82efe2e3089f261abffe35 (last access:
30 August 2024), 2019.

Boersma, K. F., Eskes, H. J., Dirksen, R. J., van der A, R. J.,
Veefkind, J. P., Stammes, P., Huijnen, V., Kleipool, Q. L., Sneep,
M., Claas, J., Leitão, J., Richter, A., Zhou, Y., and Brunner, D.:
An improved tropospheric NO2 column retrieval algorithm for
the Ozone Monitoring Instrument, Atmos. Meas. Tech., 4, 1905–
1928, https://doi.org/10.5194/amt-4-1905-2011, 2011.

Borsdorff, T., aan de Brugh, J., Schneider, A., Lorente, A., Birk, M.,
Wagner, G., Kivi, R., Hase, F., Feist, D. G., Sussmann, R., Ret-
tinger, M., Wunch, D., Warneke, T., and Landgraf, J.: Improv-

https://doi.org/10.5194/amt-17-5429-2024 Atmos. Meas. Tech., 17, 5429–5454, 2024

https://doi.org/10.26023/J2CB-E2RX-J700
https://doi.org/10.22002/D1.8974
https://doi.org/10.14291/TCCON.GGG2020.ATMNV.R0
https://doi.org/10.14291/TCCON.GGG2020.ATM.R0
https://doi.org/10.5194/amt-17-5429-2024-supplement
https://doi.org/10.1016/j.jqsrt.2006.09.013
https://doi.org/10.5194/amt-15-2433-2022
https://www.semanticscholar.org/paper/Innovations-in-Modeling-and-Statistical-Analysis-Benmergui/8f46f431006ad3c71c82efe2e3089f261abffe35
https://www.semanticscholar.org/paper/Innovations-in-Modeling-and-Statistical-Analysis-Benmergui/8f46f431006ad3c71c82efe2e3089f261abffe35
https://www.semanticscholar.org/paper/Innovations-in-Modeling-and-Statistical-Analysis-Benmergui/8f46f431006ad3c71c82efe2e3089f261abffe35
https://doi.org/10.5194/amt-4-1905-2011


5450 C. Chan Miller et al.: Retrieval of CH4 from MethaneAIR

ing the TROPOMI CO data product: update of the spectroscopic
database and destriping of single orbits, Atmos. Meas. Tech., 12,
5443–5455, https://doi.org/10.5194/amt-12-5443-2019, 2019.

Brandt, A. R., Heath, G. A., and Cooley, D.: Methane
Leaks from Natural Gas Systems Follow Extreme Dis-
tributions, Environ. Sci. Technol., 50, 12512–12520,
https://doi.org/10.1021/acs.est.6b04303, 2016.

Butz, A., Hasekamp, O. P., Frankenberg, C., Vidot, J., and Aben,
I.: CH4 retrievals from space-based solar backscatter measure-
ments: Performance evaluation against simulated aerosol and
cirrus loaded scenes, J. Geophys. Res.-Atmos., 115, D24302,
https://doi.org/10.1029/2010JD014514, 2010.

Carbon Mapper, Inc.: Carbon Mapper: Our Mis-
sion – Technology, https://carbonmapper.org/articles/
tanager-methane-performance-specifications (last access:
30 August 2024), 2023.

Chambolle, A.: An Algorithm for Total Variation Minimiza-
tion and Applications, J. Math. Imaging Vis., 20, 89–97,
https://doi.org/10.1023/B:JMIV.0000011325.36760.1e, 2004.

Chan Miller, C., Franklin, J. E., Roche, S., Wilzewski, J. S., Sun,
K., Liu, X., Chance, K., Souri, A. H., Conway, E., Samra, J.,
Hawthorne, J., Staebell, C., Chulakadabba, A., Sargent, M., Ben-
mergui, J. S., Daube, B. C., Li, Y., Laughner, J., and Wofsy,
S. C.: MethaneAIR: Airborne Imaging Spectrometer Level 2
Ungridded Data, NCAR UCAR EOL data archive [data set],
https://doi.org/10.26023/J2CB-E2RX-J700, 2023.

Chulakadabba, A., Sargent, M., Lauvaux, T., Benmergui, J. S.,
Franklin, J. E., Chan Miller, C., Wilzewski, J. S., Roche, S., Con-
way, E., Souri, A. H., Sun, K., Luo, B., Hawthrone, J., Samra, J.,
Daube, B. C., Liu, X., Chance, K., Li, Y., Gautam, R., Omara,
M., Rutherford, J. S., Sherwin, E. D., Brandt, A., and Wofsy,
S. C.: Methane point source quantification using MethaneAIR:
a new airborne imaging spectrometer, Atmos. Meas. Tech., 16,
5771–5785, https://doi.org/10.5194/amt-16-5771-2023, 2023.

Conway, E. K., Souri, A. H., Benmergui, J., Sun, K., Liu, X., Stae-
bell, C., Chan Miller, C., Franklin, J., Samra, J., Wilzewski, J.,
Roche, S., Luo, B., Chulakadabba, A., Sargent, M., Hohl, J.,
Daube, B., Gordon, I., Chance, K., and Wofsy, S.: Level0 to
Level1B processor for MethaneAIR, Atmos. Meas. Tech., 17,
1347–1362, https://doi.org/10.5194/amt-17-1347-2024, 2024.

Cusworth, D. H., Duren, R. M., Thorpe, A. K., Olson-Duvall,
W., Heckler, J., Chapman, J. W., Eastwood, M. L., Helm-
linger, M. C., Green, R. O., Asner, G. P., Dennison, P. E.,
and Miller, C. E.: Intermittency of Large Methane Emitters in
the Permian Basin, Environ. Sci. Technol. Lett., 8, 567–573,
https://doi.org/10.1021/acs.estlett.1c00173, 2021.

Cusworth, D. H., Thorpe, A. K., Ayasse, A. K., Stepp, D., Heck-
ler, J., Asner, G. P., Miller, C. E., Yadav, V., Chapman, J. W.,
Eastwood, M. L., Green, R. O., Hmiel, B., Lyon, D. R., and
Duren, R. M.: Strong methane point sources contribute a dispro-
portionate fraction of total emissions across multiple basins in
the United States, P. Natl. Acad. Sci. USA, 119, e2202338119,
https://doi.org/10.1073/pnas.2202338119, 2022.

Danielson, J. J. and Gesch, D. B.: Global Multi-resolution
Terrain Elevation Data 2010 (GMTED2010), U.S Ge-
ological Survey Open-File Report, 2011-1073, 26 pp.,
https://doi.org/10.3133/ofr20111073, 2011.

Deng, Z., Ciais, P., Tzompa-Sosa, Z. A., Saunois, M., Qiu, C., Tan,
C., Sun, T., Ke, P., Cui, Y., Tanaka, K., Lin, X., Thompson, R.

L., Tian, H., Yao, Y., Huang, Y., Lauerwald, R., Jain, A. K., Xu,
X., Bastos, A., Sitch, S., Palmer, P. I., Lauvaux, T., d’Aspremont,
A., Giron, C., Benoit, A., Poulter, B., Chang, J., Petrescu, A. M.
R., Davis, S. J., Liu, Z., Grassi, G., Albergel, C., Tubiello, F. N.,
Perugini, L., Peters, W., and Chevallier, F.: Comparing national
greenhouse gas budgets reported in UNFCCC inventories against
atmospheric inversions, Earth Syst. Sci. Data, 14, 1639–1675,
https://doi.org/10.5194/essd-14-1639-2022, 2022.

Etminan, M., Myhre, G., Highwood, E. J., and Shine, K. P.: Radia-
tive forcing of carbon dioxide, methane, and nitrous oxide: A sig-
nificant revision of the methane radiative forcing, Geophys. Res.
Lett., 43, 12614–12623, https://doi.org/10.1002/2016GL071930,
2016.

Frankenberg, C., Platt, U., and Wagner, T.: Iterative maximum
a posteriori (IMAP)-DOAS for retrieval of strongly absorb-
ing trace gases: Model studies for CH4 and CO2 retrieval
from near infrared spectra of SCIAMACHY onboard ENVISAT,
Atmos. Chem. Phys., 5, 9–22, https://doi.org/10.5194/acp-5-9-
2005, 2005.

Frankenberg, C., Meirink, J. F., Bergamaschi, P., Goede, A.
P. H., Heimann, M., Körner, S., Platt, U., van Weele, M.,
and Wagner, T.: Satellite chartography of atmospheric methane
from SCIAMACHY on board ENVISAT: Analysis of the
years 2003 and 2004, J. Geophys. Res.-Atmos., 111, D07303,
https://doi.org/10.1029/2005JD006235, 2006.

Frankenberg, C., Thorpe, A. K., Thompson, D. R., Hulley,
G., Kort, E. A., Vance, N., Borchardt, J., Krings, T., Ger-
ilowski, K., Sweeney, C., Conley, S., Bue, B. D., Aubrey,
A. D., Hook, S., and Green, R. O.: Airborne methane re-
mote measurements reveal heavy-tail flux distribution in Four
Corners region, P. Natl. Acad. Sci. USA, 113, 9734–9739,
https://doi.org/10.1073/pnas.1605617113, 2016.

Frey, M., Sha, M. K., Hase, F., Kiel, M., Blumenstock, T., Harig,
R., Surawicz, G., Deutscher, N. M., Shiomi, K., Franklin, J. E.,
Bösch, H., Chen, J., Grutter, M., Ohyama, H., Sun, Y., Butz, A.,
Mengistu Tsidu, G., Ene, D., Wunch, D., Cao, Z., Garcia, O.,
Ramonet, M., Vogel, F., and Orphal, J.: Building the COllabora-
tive Carbon Column Observing Network (COCCON): long-term
stability and ensemble performance of the EM27/SUN Fourier
transform spectrometer, Atmos. Meas. Tech., 12, 1513–1530,
https://doi.org/10.5194/amt-12-1513-2019, 2019.

Geibel, M. C., Messerschmidt, J., Gerbig, C., Blumenstock, T.,
Chen, H., Hase, F., Kolle, O., Lavrič, J. V., Notholt, J., Palm,
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