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Abstract. The MethaneAIR aircraft remote sensing instrument observes methane dry air column mixing ratios (XCH4) over 

~100×100 km2 scenes with sub-km resolution, from which methane emissions can be inferred by inverse analysis with an 

atmospheric transport model. It emulates the MethaneSAT satellite instrument launched in March 2024 to quantify emissions 

from oil/gas production regions. We show here how the single day MethaneAIR observations can be integrated with the global 15 

continuous but relatively coarse and sparse observations from the TROPOMI satellite instrument into a common Integrated 

Methane Inversion (IMI) platform for optimizing methane emissions. The IMI, originally designed for TROPOMI, is used 

here with 12×12 km2 spatial resolution and lognormal error probability density functions (PDFs) for prior estimates. 

Application to two scenes in oil/gas production basins of the western US shows remarkable consistency between independent 

MethaneAIR (single day) and TROPOMI (monthly) inversions including for emission hotspots, with some differences that 20 

may reflect temporal variability of emissions. The IMI is able to optimize emissions even when starting from a very poor prior 

estimate. Using TROPOMI inversion results as prior estimate improves the MethaneAIR inversions by correcting emissions 

upwind of the MethaneAIR observation scenes and by adding information to the original prior estimate. 

 

1 Introduction 25 

Methane is a potent greenhouse gas responsible for 30% of global warming since pre-industrial time (Szopa et al., 2021). 

Emissions originate from a range of anthropogenic source sectors that are difficult to quantify including livestock, waste, 

oil/gas, coal mining, and rice agriculture. Atmospheric observations of methane concentrations from surface sites, aircraft, and 

satellites can improve estimates of methane emissions by inverse analyses that use an atmospheric chemical transport model 

(CTM) as forward model to relate emissions to concentrations. These different observation platforms provide emission 30 

information on different scales and integrating that information across scales is a challenge. Here, we show how information 

from the TROPOMI satellite instrument can be compared and combined with information from the MethaneAIR aircraft 

remote sensing instrument through the Integrated Methane Inversion (IMI). MethaneAIR is the airborne version of the 

MethaneSAT satellite instrument launched in March 2024, and the work presented here lays the foundation for integrating 
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TROPOMI and MethaneSAT in a common operational inversion framework. Contact with MethaneSAT was lost in June 35 

2025, but there is a substantial data archive from its operational lifetime upon which this work can be applied.  

 

The TROPOMI instrument launched in October 2017 provides continuous global daily mapping of dry air column methane 

mixing ratios (XCH4) at nadir pixel resolution of 5.5×7 km2 (Lorente et al., 2021). It uses a full-physics retrieval for solar 

backscatter in the 2.3 μm methane absorption band, with a success rate averaging only 3% limited by clouds, heterogeneous 40 

and dark surfaces, and aerosols (Lorente et al., 2021). Inversions of TROPOMI data have been used extensively to quantify 

methane emissions on regional to continental scales (Chen et al., 2022; Liang et al., 2023; Shen et al., 2023; Hemati et al., 

2024) but are limited to 10–100 km spatial resolution and weekly–monthly temporal resolution because of limitations on 

coverage and precision (Jacob et al., 2022). MethaneSAT observes 200×200 km2 targets with 140×400 m2 pixel resolution, 

and similarly retrieves XCH4
 but in the 1.6 μm band where high precision can be achieved with the CO2 proxy method (Chan 45 

Miller et al., 2024). MethaneSAT can observe approximately 30 targets per day. MethaneAIR emulates MethaneSAT but with 

much finer pixel resolution (Chan Miller et al., 2024). Both provide much finer information than TROPOMI for their days of 

observations, but TROPOMI provides a wider spatial and temporal context. The problem is how to properly compare and 

combine the information from these different platforms. 

 50 

The IMI (Varon et al., 2022; Estrada et al., 2025) is a user-friendly, cloud-based software tool designed for Bayesian analytical 

inversion of TROPOMI data with the GEOS-Chem CTM driven by global NASA GEOS assimilated meteorological data as 

forward model (https://carboninversion.com). The IMI has been widely used to quantify methane emissions on regional scales 

(Baray et al., 2023; Chen et al., 2023; Nathan et al., 2024; Hemati et al., 2024; Hancock et al., 2025) and at up to weekly 

resolution (Varon et al., 2023). The standard version of the IMI operates at up to 25-km resolution with 3-hourly meteorological 55 

fields, but Wang et al. (2025) recently developed a 12×12 km2 version using hourly meteorological fields. 

 

Here we show how the IMI can be used as a common platform for inversion of TROPOMI and MethaneAIR data, exploiting 

the new 12×12 km2 capability. We address the challenge of combining within the same inversion system the temporally and 

spatially limited but precise information from MethaneAIR with the continuous but sparser and lower precision information 60 

from TROPOMI. The IMI framework enables the use of TROPOMI to provide spatial context (boundary conditions) and 

temporal context (monthly mean versus daily snapshot) for the MethaneAIR inversion. It also provides an operational 

capability that can be deployed anywhere in the world. We demonstrate the capability for two MethaneAIR scenes in oil/gas 

production regions of the western USA. Our work paves the way for integrating MethaneSAT and comparable satellite 

instruments such as GOSAT-GW (Miura et al., 2023) into the IMI.  65 
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2 Data and Methods 

2.1 MethaneAIR 

The MethaneAIR instrument consists of two Offner spectrometers covering the 1237-1319 nm and 1592-1697 nm wavelength 

bands at 0.28 nm full-width-at-half-maximum resolution and 0.1 nm spectral sampling (Chan Miller et al., 2024). The first 

band is used to retrieve the O2 column as a measure of the total air column and to reject cloudy pixels. The methane dry air 70 

column mixing ratio XCH4 is then retrieved in the second band using the CO2 proxy method to correct for light path including 

scattering by aerosols, clouds outside the scene, and reflectivity of the surface (Frankenberg et al., 2005; Krings et al., 2011, 

Chan Miller et al. 2024). The retrieval fits the difference of the vertical profile of methane mixing ratios z at 19 vertical levels 

with a prior estimate zA from the TCCON GGG2020 archive (Laughner et al., 2024). The sensitivity is expressed by an 

averaging kernel vector a reported for the individual retrievals: 75 

 

XCH4 = 𝒂T𝒛 + (𝟏 − 𝒂)T𝒛𝐴 (1) 

 

where 1 is a vector of unit values. The elements of a are  near unity (>0.9) below the aircraft and ~0.4 above the aircraft. 

 80 

The MethaneAIR data analyzed here are from level flights at 13 km altitude conducted in a raster pattern across ~100×100 

km2 scenes. The instrument samples in a push-broom mode along a cross-track swath of 4.5 km (Chulakadabba et al., 2023). 

Pixels have 4 × 20 m2 nadir resolution separated by 5 m cross-track and 25 m along track. The single-pixel precision is 80 ppb 

(Chan Miller et al, 2024). The native-resolution pixels are used to detect point sources (Chulakadabba et al., 2023), and the 

data are otherwise co-added spatially to increase precision. Pixels with low confidence in the retrieval are flagged in the data 85 

product and removed in our analysis. 
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Figure 1: Methane observations from MethaneAIR research flights (RF) over the Permian (Texas, USA) and Uinta (Utah, USA) 90 

oil/gas production basins. RF06 over the Permian was conducted on August 6, 2021, and RF08 over the Uinta was conducted on 

August 11, 2021. Black lines delineate the MethaneAIR observation scenes. Left panels show the MethaneAIR data at 1×1 km2 

resolution. Middle panels show the MethaneAIR data aggregated to the 12×12 km2 resolution of the inversion. Right panels show 

the TROPOMI data on the same 12×12 km2 grid averaged over the monthly periods centered on each flight day (July 22-August 22 

for RF06 and July 27-August 27 for RF08). White areas in the TROPOMI panels have no observations for the month. The panel 95 

edges represent the regions of interest of our inversion domain at 12×12 km2. The full inversion domain has an additional 0.5 buffer 

on all sides. 

 

Fig. 1 shows the data from the two MethaneAIR research flights (RF) analyzed in this work, together with TROPOMI data for 

the month centered on each flight day. RF06 observed the Delaware sub-basin of the Permian Basin in Texas (USA) on August 100 

8, 2021, between 10 and 12 local time. This is an area within the USA’s largest oil/gas field and is known for high emissions 

(Zhang et al., 2020, Riddick et al., 2024). The Permian has generally bright and flat surfaces enabling successful TROPOMI 

retrievals, as seen by the near-complete coverage for the month. RF08 observed the Uinta basin in Utah (USA) on August 11, 

2021, between 10:00 and 12:00 local time. This is a smaller oil/gas production basin in a valley surrounded by mountains 
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where TROPOMI observations generally fail because of variable topography and surface reflectivity (blank areas in Figure 1). 105 

Methane enhancements are much weaker than in the Permian. 

 

TROPOMI is on average 11 ppb lower than MethaneAIR for the Permian scene and 4 ppb lower for the Uinta scene. Chan 

Miller et al. (2024) previously found TROPOMI to be biased low by 5.8 ppb relative to MethaneAIR when comparing 

coincident observations along a transit flight from the Permian to Colorado. A mean bias is not of concern for the inversions 110 

as long as boundary conditions are consistent for each instrument. Chan Miller et al. (2024) found that MethaneAIR and 

TROPOMI variability were highly consistent for the coincident observations (coefficient of determination R2 = 0.83, linear 

regression slope = 1.01), but the MethaneAIR and TROPOMI spatial variability in Figure 1 are markedly different. This may 

be expected from TROPOMI measuring a monthly average versus MethaneAIR measuring a single day and could reflect 

temporal variability in transport as well as in emissions. The effect of variability in transport is accounted for in the inversion. 115 

 

2.2 The Integrated Methane Inversion (IMI) 

The IMI (Varon et al., 2022; Estrada et al., 2025) optimizes a state vector x of 2-D gridded emission fluxes and boundary 

conditions by minimizing the Bayesian cost function 𝐽(𝒙) assuming normal error probability density functions (PDFs): 

 120 

𝐽(𝒙) = (𝒙 − 𝒙𝒂)T𝐒𝐚
−𝟏(𝒙 − 𝒙𝒂) + 𝛾(𝒚 − 𝐊𝒙)T𝐒𝐨

−𝟏(𝒚 − 𝐊𝒙) (2) 

 

where 𝒙𝒂  is the prior estimate, 𝒚  is a vector of the observations, 𝐒𝒂  is the prior error covariance matrix, 𝐒𝐨  is the error 

covariance matrix of the observing system, 𝐊 = / y x is the Jacobian matrix which describes the sensitivity of observations 

to perturbations in each element of 𝒙,  and 𝛾 ∈ [0,1] is a regularization parameter to correct for unaccounted error covariances 125 

in the observation system (Lu et al., 2021). K is constructed by perturbing individual state vector elements in the GEOS-Chem 

CTM. The posterior estimate (𝒙̂) is obtained by analytically solving for the cost function minimum.  

 

Minimization of J(x) in the IMI can alternatively use a lognormal error PDF for the prior emission estimates by applying 

equation (2) to lnx instead of x as described by Maasakkers et al. (2019). We adopt this approach here. It prevents negative 130 

emission solutions and allows large upward corrections to better resolve the fat tail of the emission distribution such as for 

oil/gas facilities (Lyon et al., 2015). It can correct the spatial distribution of emissions more readily than the normal error PDF 

case. Minimization of the cost function is then done iteratively with a single calculation of the Jacobian (Maasakkers et al., 

2019; Estrada et al., 2025; Hancock et al., 2025).  

 135 

The observing system error covariance matrix 𝐒𝐨 includes contributions from retrieval errors and model transport errors added 

in quadrature and with no error correlation between 12×12 km2 grid cells (diagonal matrix). Chen et al. (2023) previously 
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derived a GEOS-Chem model transport error standard deviation of 5 ppb at the 25-km scale, and we assume here the same at 

the 12-km scale. TROPOMI error for individual retrievals is about 15 ppb (Qu et al., 2021; Shen et al., 2021; Chen et al., 2023) 

and we adopt that value here. When multiple TROPOMI observations for a given orbit are present in a single GEOS-Chem 140 

grid cell, we average them into a single super observation (Eskes et al., 2003). Individual TROPOMI retrievals have averaging 

kernel vectors near unity with little variability, and we take as averaging kernel vector for the super-observation the mean of 

the averaging kernel vectors for the individual observations. The reduction in retrieval error from averaging individual 

observations into a single super-observation is derived from the residual error method (Heald et al., 2004) as detailed by Chen 

et al. (2023) and formalized for the IMI by Estrada et al. (2025). It accounts for error correlation between the individual 145 

observations. 

 

We optimize the emissions at 0.125×0.15625 spatial resolution (hereafter referred to as 12×12 km2) by using a new IMI 

capability operating GEOS-Chem at that resolution with archived native-resolution hourly winds from the NASA Goddard 

Earth Observing System – Forward Processing (GEOS-FP), as described by Wang et al. (2025). We apply GEOS-Chem at 12-150 

km resolution over the domains shown in Figure 1 with an additional 0.5 o buffer region surrounding the domain. Within the 

buffer region we include 8 coarse resolution emission state vector elements aggregating 12×12 km2 grid cells. Boundary 

conditions outside that buffer region used for the TROPOMI inversion are from a global 3-D archive of GEOS-Chem 

concentrations bias-corrected to match spatially (10o×12.5o) and temporally (-15 days) averaged TROPOMI data (called 

smoothed TROPOMI fields) as described by Estrada et al. (2025). The boundary conditions in each of the four cardinal 155 

directions are further optimized as part of the state vector. The buffer emissions and the boundary conditions are optimized 

with normal prior error PDFs. Prior error standard deviations are 50% for the buffer emissions and 10 ppb for the boundary 

conditions.    

 

2.3 Integrating MethaneAIR observations into the IMI 160 

Inversion of MethaneAIR observations in the IMI follows the same general procedure as inversion of TROPOMI observations 

but requires some specific treatments. We process the MethaneAIR data for ingestion into the IMI by averaging the individual 

MethaneAIR retrievals into super-observations on the GEOS-Chem 12×12 km2 grid (Figure 1). The averaging kernels 

(equation 1) do not vary significantly between retrievals and are averaged on the 12×12 km2 grid to create a characteristic 

averaging kernel for each super-observation. We follow the approach of Varon et al. (2022) to regrid the GEOS-Chem 165 

atmosphere to the MethaneAIR vertical grid and convolve it with the MethaneAIR averaging kernel to emulate MethaneAIR 

observation of the GEOS-Chem atmosphere. GEOS-Chem fields are updated hourly and matched to MethaneAIR’s 

observation times.  

 

Inversion of MethaneAIR observations cannot use the smoothed TROPOMI boundary conditions because the MethaneAIR 170 

observations are only for one day. Here we use the lowest MethaneAIR super-observed XCH4 on the 12×12 km2 grid as our 
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best prior estimate of the boundary conditions in all four cardinal directions, with a relative vertical distribution of 

concentrations from the GEOS-Chem simulation. This boundary condition is applied at the edge of the inversion domain in 

Figure 1, extending some distance away from the MethaneAIR observation scene, so that the MethaneAIR observations can 

optimize emissions upwind of the scene. We optimize the boundary conditions in that inversion with a prior error standard 175 

deviation of 2 ppb. This is lower than the prior error standard deviation on the boundaries for the TROPOMI inversion because 

we are using a direct observational value to estimate the inflow. 

 

The observing system error covariance matrix for MethaneAIR includes contributions from GEOS-Chem transport, instrument 

retrieval, and representation errors added in quadrature and with no error correlation between 12×12 km2 grid cells (diagonal 180 

matrix). The GEOS-Chem transport error standard deviation is taken to be 5 ppb, same as for TROPOMI. The single-retrieval 

error standard deviation for MethaneAIR retrievals is 80 ppb but is mainly random noise (Chan Miller et al., 2024), so we 

expect it to drop to negligible values relative to the transport error when averaged into a super-observation (~3×105 individual 

retrievals). Representation error arises because 12×12 km2 grid cells along the edge of the MethaneAIR viewing scene are only 

partly sampled by MethaneAIR. To estimate this representation error, we select all 12×12 km2 grid cells in our dataset where 185 

there is full MethaneAIR observational coverage, successively remove data from 10% of each grid cell area and calculate the 

root-mean-square error (RMSE) of the resulting super-observations compared to the fully observed grid cells. From there we 

obtain the representation error standard deviation 𝜎𝑅  (ppb): 

 

𝜎𝑅 = 4.7 (1 − 𝐶) (3) 190 

 

where C is the area fraction of the 12×12 km2 grid cell with MethaneAIR observations.  

 

2.4 Inversion Specifications 

For each MethaneAIR flight we perform three types of inversions: (1) a MethaneAIR-only inversion which ingests the 195 

MethaneAIR observations on the flight day and optimizes emissions for that day; (2) a TROPOMI-only inversion which ingests 

TROPOMI observations from the month centered on the flight day and optimizes emissions for that month.; (3) a 

TROPOMI+MethaneAIR inversion which uses the posterior emissions generated by the TROPOMI-only base inversion as 

prior estimate for the MethaneAIR-only inversion. Comparison of (1) and (2) evaluates the consistency between the emissions 

inferred by MethaneAIR and TROPOMI. Comparison of (1) and (3) evaluates the benefit of using TROPOMI observations to 200 

inform the MethaneAIR inversion. The two-step inversion (3) effectively combines the information from TROPOMI and 

MethaneAIR. Concatenating the TROPOMI and MethaneAIR data into a single observation vector would not be as effective 

because of the different time scales over which the observations operate and the expected temporal variability of emissions.   
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We use for the inversion the default prior emission inventories at 0.1o×0.1o resolution from IMI 2.0 (Estrada et al., 2025) 205 

including the gridded US EPA Greenhouse Gas Inventory (GHGI) (Maasakkers et al., 2023). We supersede the emissions from 

the oil/gas sector with those from Omara et al. (2024), which include more measurement-based and facility-specific 

information than the GHGI Total prior emissions within the MethaneAIR flight domains are 60.0 and 13.2 t h-1 for the Permian 

scene (RF06) and the Uinta scene (RF08) respectively, dominated by the oil/gas sector. We also conduct a sensitivity inversion 

for the Permian scene using the GHGI oil/gas emissions instead of Omara et al. (2024) to determine the sensitivity of posterior 210 

emissions estimates to the choice of prior emissions. The GHGI prior emission total for the Permian scene is 13.8 t h-1, 4-fold 

lower than Omara et al. (2024) and with a different spatial distribution.  

 

The inversions optimize emissions on the 12×12 km2 grid for the domains shown in Figure 1, resulting in 293 emission state 

vector elements for RF06 and 276 for RF08. There are in addition four boundary conditions state vector elements, and eight 215 

emission state vector elements for the buffer regions (TROPOMI inversion only). For RF06 we have 51 MethaneAIR super-

observations and 1012 TROPOMI super-observations (2318 individual observations). For RF08 we have 48 MethaneAIR 

super-observations and 1474 TROPOMI super-observations (1737 individual observations). The TROPOMI super-

observations average only a small number of individual observations. The mean observing system error standard deviations 

are 5.1 ppb for MethaneAIR and 13.8 ppb for TROPOMI. 220 
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Figure 2: Selection of the geometric standard deviation (GSD) of the lognormal error PDF for the prior emissions used in the 

inversion. The Figure shows the RMSE of modeled XCH4 with posterior emissions compared to the MethaneAIR observations, plotted 

as a function of the GSD for either the Omara et al. (2024) or EPA Greenhouse Gas Inventory (GHGI) taken as the prior estimate. 225 

Dashed lines indicate the GSD values selected for our base inversion and shadings indicate the ranges for the inversion ensemble. 

 

We conduct a base inversion using our best estimates of inversion parameters, and an inversion ensemble varying these 

parameters within their expected ranges to characterize the uncertainty in our results. This is a more conservative estimate of 

the uncertainty than the posterior error covariance matrix (Chen et al., 2022). The geometric standard deviation of (GSD) of 230 

the lognormal error PDF for the prior emission estimate is a particularly important parameter, and we select it as shown in 

Figure 2 on the basis of the resulting RMSE of the GEOS-Chem simulation with posterior emissions compared to MethaneAIR 

observations. A low prior error GSD does not allow the inversion to fit the observations, but an excessively high prior error 

GSD prevents regularization of the solution, particularly when using a high-quality prior estimate as with Omara et al. (2024). 

There results a minimum in the RMSE vs. GSD relationship that guides the choice of an optimal GSD for the MethaneAIR 235 

inversions. To avoid sampling the rising branch where the inversion would increase the RMSE, we choose a GSD of 2 for the 
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Omara et al. (2024) prior estimate in the base inversion, with a range of 1.75 to 2.25 for the inversion ensemble. We choose a 

GSD of 2.75 for the GHGI prior estimate in the base inversion, with a range of 2.5 to 3.0 for the inversion ensemble. For the 

TROPOMI inversions we use GSD of 2 with a range of 1.75 to 2.25 for both cases. For the error standard deviation on the 

MethaneAIR boundary conditions we use a best estimate of 2 ppb and an ensemble range of 1 to 3 ppb. For the error standard 240 

deviation on the TROPOMI boundary conditions we use a best estimate of 10 ppb and an ensemble range of 5 to 15 ppb. For 

each inversion type we thus have eight ensemble members in addition to the base inversion. 

 

3 Results and Discussion 

3.1 Permian Scene (RF06) 245 
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Figure 3: Methane emissions in the Delaware section of the Permian Basin plotted on the 12×12 km2 grid of the Integrated Methane 

Inversion (IMI), with the MethaneAIR RF06 flight domain on August 8, 2021, delineated as black line. The top left panel shows the 

prior estimate including oil and gas emissions from Omara et al. (2024). Blue arrows indicate the GEOS-FP 70-m altitude winds for 250 

the MethaneAIR flight period. Other panels show posterior emission estimates for the inversions using MethaneAIR observations 

(lower left), TROPOMI observations (upper right), and MethaneAIR observations with the TROPOMI posterior estimate as prior 

estimate (lower right). Emission totals for the MethaneAIR flight domain are given inset, with ranges from the inversion ensemble 

given in parentheses. Emissions in grid cells on the border of the flight domain are attributed to the flight domain in proportion to 

their fractional areas within the domain. 255 

 

  

Figure 4: Difference between GEOS-Chem simulations and MethaneAIR XCH4 observations for RF06 over the Permian Basin. 

GEOS-Chem simulations are driven by prior emissions (left panel), posterior MethaneAIR emissions (middle panel), and posterior 

TROPOMI+MethaneAIR emissions (right panel). Mean bias and RMSE are given inset.  260 

 

Figure 3 shows the prior and posterior emission estimates for the Permian MethaneAIR flight on August 8, 2021(RF06), and 

Figure 4 shows XCH4
 differences between GEOS-Chem simulations driven by these emissions and the MethaneAIR 

observations. The simulation with prior emissions from Omara et al. (2024), totaling 60 t h-1 in the MethaneAIR flight domain, 

is biased low compared to the observations. The three inversions correct that bias by increasing emissions to 83-86 t h-1. 265 

RMSEs are also improved from 9.8 ppb to 5.2-5.7 ppb. Previous inversions of TROPOMI observations found emissions in the 

same domain of 80-100 t h-1 (Zhang et al., 2020; Cusworth et al., 2022; Varon et al., 2023). Winds for the MethaneAIR flight 

period were south-easterly, with significant emissions upwind from the flight domain but within the inversion domain. The 

inversion corrects those upwind emissions as well, moderating the increase of emissions within the flight domain. 

 270 

https://doi.org/10.5194/egusphere-2025-4626
Preprint. Discussion started: 14 November 2025
c© Author(s) 2025. CC BY 4.0 License.



12 

 

The MethaneAIR and TROPOMI inversions, driven by independent observations, show remarkable consistency in their 

posterior emissions, totalling 85 t h-1 in the MethaneAIR inversion and 86 t h-1 in the TROPOMI inversion. MethaneAIR 

generates a series of hotspots along the southwestern portion of the flight domain, with the largest being at the southern tip of 

the flight domain, none of which were present in the prior estimate. The TROPOMI inversion reproduces the largest hotspot 

on the southern tip and places another hotspot at a location adjacent to a MethaneAIR inversion hotspot. It does not capture 275 

the others. The inversions are for a month (TROPOMI) versus a single day (MethaneAIR), and temporal variability of 

emissions could be a factor in the difference of spatial distributions. The locations of the emission hotspots are upwind of 

where the highest concentrations are observed (Figure 1), stressing the importance of transport in the inversion results. 

 

The TROPOMI+MethaneAIR inversion, using posterior emissions from TROPOMI as prior estimates for the MethaneAIR 280 

inversion, shows a total posterior emission within the flight domain of 83 (76-92) t h-1, where the parentheses indicate the 

uncertainty diagnosed by the spread in the inversion ensemble. This is consistent with the MethaneAIR inversion result of 85 

(70-101) t h-1 but narrows the uncertainty. It does not improve on the fit to the MethaneAIR observations (Figure 3), but it 

does not degrade it significantly either. It relocates one of the hotspots to the location identified by the TROPOMI-only 

inversion and is more consistent with where MethaneAIR observes a concentration hotspot (Figure 1).  285 
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Figure 5: Same as Figure 3 but using GHGI as prior estimate for oil and gas emissions instead of Omara et al. (2024). 
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 290 

Figure 6: Same as Figure 4 but using GHGI as prior estimate for oil and gas emissions instead of Omara et al. (2024). 

. 

Figure 5 shows the prior and posterior emission estimates using GHGI as prior estimate for oil and gas emissions instead of 

Omara et al. (2024), and Figure 6 shows XCH4
 differences between GEOS-Chem simulations driven by these emissions and the 

MethaneAIR observations. The GHGI emissions totaling 14 t h-1 are 4× lower than Omara et al. (2024), and the inversion 295 

strongly corrects this, yielding posterior emission totals of 63-64 t h-1. The posterior emissions are lower than with the Omara 

et al. (2024) prior estimate because the prior estimate contributes information to the solution, as it should, but the higher prior 

error GSD for the GHGI (Figure 2) enables stronger corrections. Correction of the spatial distribution of emissions places 

hotspots in the south and southwestern edges of the flight domain, as with the Omara et al. (2024) prior estimate, but the 

locations are not precisely the same (compare to Figure 3) and this can be attributed to ineffective regularization from the 300 

GHGI. The MethaneAIR+TROPOMI inversion is much better at reproducing the spatial distribution and this can be attributed 

to the additional information from TROPOMI. We see that prior information from TROPOMI is more important in guiding 

the MethaneAIR inversion when the original bottom-up prior information is poorer.  

 

3.2 Uinta Scene (RF08) 305 
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Figure 7: Same as Figure 3 but for the Uinta Basin on August 11, 2021. 
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 310 

Figure 8: Same as Figure 4 but for the Uinta Basin on August 11, 2021. 

 

Figure 7 shows the prior and posterior emission estimates for the Uinta (RF08) flight domain on August 11, 2021, and Figure 

8 shows the differences of the corresponding GEOS-Chem simulations with the MethaneAIR observations. The XCH4 

enhancements are much weaker than in the Permian (Figure 1) and the emissions are correspondingly weaker. The flow is 315 

prevailing westerly but is more complicated than in the Permian, reflecting the topography in the region. The prior estimates 

from Omara et al. (2024) are more localized than in the Permian. These three factors make for a more challenging inversion. 

TROPOMI observations are further limited in the mountainous areas surrounding the Basin. 

 

The GEOS-Chem simulation with the Omara et al. (2024) prior emissions, totaling 13 t h-1 for the MethaneAIR flight domain, 320 

is biased low by 6.0 ppb relative to the MethaneAIR observations with an RMSE of 7.6 ppb. The MethaneAIR inversion 

reduces the bias to 1.3 ppb and improves the RMSE to 3.9 ppb even though it reduces total emissions slightly to 12 t h -1. It 

does so by shifting emissions upwind to the west. The TROPOMI inversion results are again remarkably consistent considering 

that the observations are completely independent.   

 325 

The TROPOMI+MethaneAIR inversion, using results from the TROPOMI inversion as prior estimate for the MethaneAIR 

inversion, is closely consistent with the other inversions in terms of total emissions and their spatial distribution. It further 

improves on the bias relative to the MethaneAIR observations, down to 0.8 ppb, with an RMSE of 3.6 ppb. It places the largest 

emissions upwind of the flight domain, supporting the prior information from TROPOMI. It shows a larger spread in the 

inversion ensemble, reflecting variations in emissions from grid cells along the western edge of the flight domain.  330 

 

4 Conclusions 
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We have shown that TROPOMI satellite and MethaneAIR aircraft observations of atmospheric methane over oil/gas 

production fields can be ingested into a common Integrated Methane Inversion (IMI) framework for improved quantification 335 

of methane emissions. The new capability for the IMI to ingest MethaneAIR observations will next be applied to the 

MethaneSAT satellite instrument for which MethaneAIR is the aircraft emulator. 

 

MethaneAIR provides highly precise but single-day observations over ~100×100 km2 scenes while TROPOMI provides 

continuous but sparser and coarser observations. The IMI was originally designed for TROPOMI inversions, and we adapted 340 

it to perform MethaneAIR inversions with 12×12 km2 resolution and lognormal error probability density functions (PDFs) on 

prior emission estimates to improve spatialization. We showed how the geometric standard deviation (GSD) for the prior error 

PDF can be optimized by using the root-mean-square error (RMSE) in the fit to observations, with lower GSD when higher-

quality prior information is available. Comparisons of independent MethaneAIR (single day) and TROPOMI (monthly) 

inversions within the IMI show remarkable consistency as well as some differences that may be investigated in terms of 345 

temporal variability of emissions. Using TROPOMI inversion results as prior estimates for MethaneAIR inversions 

significantly improves MethaneAIR inversion results by correcting emissions upwind of the observation scene and adding to 

the prior information, particularly when the quality of the prior estimates is low or when observed concentration gradients are 

weak. We find that the IMI is able to improve emissions estimates even when starting from a very poor prior estimate.  

 350 

There are some issues for which further study is warranted as we proceed to apply the IMI to the collection of MethaneSAT 

observation scenes. Log-normal error PDFs on prior estimates of varying reliability require custom GSDs and the optimization 

of these GSDs should be automated as part of the IMI. Discrepancies between results from TROPOMI and MethaneSAT 

inversions should be investigated in terms of temporal variability of emissions and/or unrecognized biases in the inversions. 

Having multiple MethaneSAT observations of the same scene on different days will help. Optimization of boundary conditions 355 

for the MethaneSAT scenes could be improved by using GEOS-Chem applied to the posterior TROPOMI solution for the 

sources upwind. As new methane observations from the recently launched Sentinel-5 satellite become available, providing a 

dataset comparable but denser to TROPOMI (Jacob et al., 2022), they should be integrated as an additional resource to support 

MethaneSAT inversions. Together with the inclusion of point source observations (Estrada et al., 2025), the IMI will become 

in this manner a common consistent platform for the inversion of multi-scale multi-instrument satellite datasets.   360 

 

Data/Code Availability 

The IMI is open source and can all code for it can be accessed at https://github.com/geoschem/integrated_methane_inversion. 

L2 MethaneAIR data used in this work  are available through Google Drive 

https://drive.google.com/drive/folders/1wketmNNUKWEdVUVHU-WB87hIE4rO1Ce_?usp=drive_link. Blended 365 

TROPOMI+GOSAT data is available through the Harvard Dataverse portal at 

https://dataverse.harvard.edu/dataverse/blended-tropomi-gosat-methane. GEOS-FP meteorology files at 12 km resolution are 
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available through Washington University at  

http://geoschemdata.wustl.edu/ExtData/GEOS_0.125x0.15625_NA/GEOS_FP_DerivedWinds/.  
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