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Abstract. MethaneSAT was a spaceborne imaging spectrometer that observed column-averaged 20 

dry-air mole fractions of methane (XCH4) in the atmosphere from March 2024 to June 2025. The 

data have fine spatial resolution (110 m x 400 m at nadir), high precision (~3 ppb at 2 km x 2 km 

aggregation) and wide swath (220 km at nadir). The goal of MethaneSAT is to provide 

comprehensive emissions characterization for oil and gas production regions, spanning the gap 

between area flux mappers and point source imagers. In this paper we introduce the 25 

MethaneSAT FLEXPART Inverse Model (MFIM), an inverse modeling framework for 

quantifying total emissions and their spatial distribution from MethaneSAT observations. We use 

a Lagrangian particle dispersion model, the FLEXible PARTicle dispersion model (FLEXPART 

v.11), in time reversed mode to determine the influence of surface emissions on atmospheric 

concentrations across a MethaneSAT scene (aggregated to 0.02 º x 0.02º resolution). We then 30 

obtain the optimum emissions field using a Hamiltonian Monte Carlo (HMC) sampler to solve 

the inverse problem.  We apply the inversion system to 9 scenes from the Permian Basin, 

yielding an annual emission rate of 3.49 ±1.43 Tg/yr (398 ±163 tons/hr). Emission estimates 

from MFIM resolve high emitting regions within the basin without the use of a spatially 

informed prior. MFIM leverages the strengths of the MethaneSAT observing system (104 35 

independent observations) to produce spatially explicit, high-resolution (0.05º x 0.05º) emission 

estimates for application to monitoring and mitigation of methane emissions. Our results 
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compare well to the MethaneSAT Level 4 product from the operational CORE (Column 

Observations to Regional Emissions) inversion algorithm, as well as other top-down studies in 

the region, lending confidence that regional methane flux estimates from MethaneSAT are robust 40 

against differences in modeled transport. 

 

1 Introduction 

Emissions from the oil and gas (O&G) industry represent approximately 20% of the 

anthropogenic global methane budget (Saunois et al., 2025). O&G emissions represent the loss 45 

of a valuable commodity and largely arise from preventable processes and aging infrastructure. 

A comprehensive understanding of the emission sources, including accurate data on the location, 

rates and underlying processes that lead to emissions, would make it possible to adjust practices 

to avoid methane loss. 

MethaneSAT was designed to provide data that enable us to determine methane emission rates 50 

for distinct (point) sources (Chulakadabba et al., 2023) and from dispersed (area) sources in 

O&G production regions. The sensor has fine spatial resolution (110 m x 400 m at nadir), high 

precision (~3 ppb at 2 km x 2 km aggregation) and a wide swath (220 km at nadir), enabling 

comprehensive emissions characterization. MethaneSAT observations are spatially and 

spectrally resolved, using sunlight reflected from the earth in two bands of the shortwave 55 

infrared (1248-1308 nm with 0.25 nm resolution and 0.08 nm sampling, and 1598 – 1683 nm 

with 0.3 nm resolution and 0.1 nm sampling). The MethaneSAT Level 2/Level 3 algorithms 

retrieve column densities of CO2, CH4 and O2., and derive the dry air mole fraction (XCH4) 

using the CO2-proxy method as described by Chan Miller et al. (2024; 2026). 

Here we introduce, evaluate, and apply the MethaneSAT FLEXPART Inverse Model (MFIM), a 60 

hierarchical inverse modeling framework for estimating basin-level emissions from 

MethaneSAT observations. We apply MFIM to estimate basin total methane emissions from the 

Permian Basin using high resolution data from MethaneSAT, determining both the basin total 

emission rate and the spatial distribution of emissions within the basin. The spatial distribution 

allows for a more targeted mitigation approach. We use the FLEXible PARTicle dispersion 65 

model (FLEXPART v. 11) (Bakels et al., 2024) to simulate atmospheric transport of methane in 

MFIM.  
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The framework builds on previous work using data from the MethaneAIR instrument (MacKay 

et al., 2025) and on the operational MethaneSAT data pipeline algorithm, Column Observations 

to Regional Emissions (CORE; MethaneSAT Science and Engineering Team, 2026). MFIM and 70 

CORE both do not depend on inventory-based priors for emissions quantification or spatial 

allocation, so that we can quantify new and/or transient sources wherever they may arise. Both 

models follow the same general framework, using the same observations, the same 

meteorological input, a time inverted Lagrangian transport model to relate concentrations to 

emissions and a Hamiltonian Monte Carlo (HMC) sampler. The MFIM framework differs from 75 

CORE in several important ways. Most important is the choice of transport model, but they also 

use different prior distribution assumptions and background estimation methods (Table 1). By 

highlighting similarities and differences between the MFIM and CORE algorithms we elucidate 

uncertainties associated with model structures and inputs. Comparisons between the models for 

both the total emission rate and the spatial allocation of emissions enable us to assess the 80 

uncertainties associated with using different transport models and other aspects of the modeling 

framework. 

We apply MFIM to MethaneSAT observations of the Permian Basin (Fig. S1), a region that 

comprises a significant fraction (approximately 42% according to Zhang et al., 2020, Table S1) 

of the methane emissions from O&G basins in the continental United States. Previous studies of 85 

the region use both bottom-up and top-down methodologies to quantify methane emissions 

across spatial scales. The spatially Explicit Methane Emissions Inventory (EI-ME, Omara et al., 

2024) and the Environmental Protection Agency’s Greenhouse Gas Inventory (EPA GHGI, 

McDuffie et al. 2023) both use bottom-up methodologies. Top-down inversions have frequently 

used TROPOMI (TROPOspheric Monitoring Instrument) satellite observations to estimate 90 

Permian Basin emissions at resolution as small as 25 km as part of national (Shen et al., 2023; 

East et al., 2025; Estrada et al., 2026) and basin-specific studies (Zhang et al., 2020; Varon et al., 

2023). Varon et al., (2023; 2026) showed that O&G emissions in the Permian Basin exhibit 

weekly variability and strong seasonality using weekly inversions of TROPOMI data and 

applying a Kalman Filter, a significant step towards near real-time emissions monitoring. 95 

However, the relatively sparse daily observation density and coarse pixel resolution of 

TROPOMI (5 x 7 km) limit the spatial resolution and temporal resolution of TROPOMI 

inversions. MethaneSAT observations provide the opportunity to push toward inversions with 
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higher spatial resolution that provide a snapshot of regional emissions for a single day as well as 

composites of the same region across several days.  100 

We begin by introducing the data from 9 MethaneSAT scenes in the Permian Basin from 2024 

and 2025. We then describe the inverse modeling framework. We examine how well the model 

recreates the observations (R2 = 0.40-0.83, depending on the scene) and compare the spatial 

distribution of derived emissions between MFIM and CORE. We demonstrate that MFIM can 

use observations with high data density to produce single day emission estimates at high spatial 105 

resolution, quantifying distinct and dispersed sources simultaneously. By averaging emission 

estimates from 9 different data sets into a composite time-averaged estimate of 3.49 ±1.43 Tg/yr 

(398 ±163 tons/hr) we create an independent assessment of previously published bottom-up 

inventory results, which recovers the strong emitting regions within the Permian Basin without 

the use of a spatially informed prior. We compare the results to several previous studies in the 110 

region (Zhang et al., 2020; Shen et al., 2023; Veefkind et al., 2023; Varon et al., 2023; McDuffie 

et al., 2023; Omara et al., 2025; Varon et al., 2026; Williams et al., 2026; East et al., 2025; 

Scarpelli et al., 2025; Estrada et al., 2026). Comparison with bottom-up inventories and recent 

inverse modeling results for the Permian validates the MFIM inverse modeling framework for 

quantifying and spatially allocating emissions using MethaneSAT data. 115 
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Figure 1. An example from 11 Sept., 2024 of total-column observations from MethaneSAT, 

smoothed with a Gaussian filter. The combination of resolution, precision and swath enable the 120 

simultaneous observation of both distinct and dispersed methane sources within the Permian 

Basin. Missing data (white) are due to clouds and data quality filtering. The solid black line 

shows the border between Texas and New Mexico. The dashed line shows the eastern boundary 

of the Permian Basin.   
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 125 

2 MethaneSAT Data 

MethaneSAT measurements of the vertically averaged dry mole fraction of CH4 (XCH4) are 

obtained by retrieving the vertical column densities of CO2 and CH4 from reflected sunlight in 

bands centered at 1.61 and 1.64 µm, respectively, and taking their ratio (Staebell et al., 2021, 

Chan Miller et al., 2024). The proximity of the CH4 and CO2 measurement bands enables the 130 

CO2-proxy method to quantify the column-averaged dry-air mole fractions of methane (XCH4; 

Chan Miller et al., 2024) based on the assumption that the total column CO2 concentration can be 

specified. This method has shown to perform better than "full-physics" approaches for other 

observing systems, as it is less sensitive to aerosol scattering and changes in albedo (Butz et al., 

2010). Both priors (CH4 and CO2) used in the MethaneSAT CH4 retrieval come from the 135 

GINPUT (Laughner et al., 2023) model developed for the Total Carbon Column Observing 

Network (TCCON) GGG2020 database (Chan Miller et al., 2024; Laughner et al., 2024). The 

oxygen 1D band is measured at 1.27 microns for cloud screening. De-striping, quality flagging 

and cloud screening are implemented as described in Chan Miller et al. (2026). 

MethaneSAT was launched in March 2025 and collected data until June 2025, obtaining data for 140 

more than 70% of onshore oil and gas producing regions in the world. A MethaneSAT 

observation covers a region of approximately 200 km x 200 km at nadir, and up to 450 km x 200 

km for off-nadir acquisitions. A single pixel at nadir is approximately 110 m across-track and 

400 m along-track. We use the XCH4 observations aggregated to 0.02o x 0.02o and smoothed 

with a Gaussian filter, giving single-pixel precision of ~3 ppb. Data filtering during aggregation 145 

removes outliers. For this analysis we will use data from observations made on 9 different days 

(hereafter referred to as scenes) over the Permian Basin, applying our inverse algorithm to each 

data set individually. 

We will compare the MFIM inversion results to the operational MethaneSAT Level 4 product, 

CORE (MethaneSAT Science and Engineering Team, 2026). CORE is the production algorithm 150 

used for inversion of MethaneSAT data to obtain emissions maps.  

 

3 Inverse Modeling Framework 

Our inverse model has an 𝑛 × 1 state vector 𝒙 = (𝑥!, … , 𝑥")# containing the unknown emissions 

on a 0.05º x 0.05º grid, and an 𝑚 × 1 observation vector 𝒚 = (𝑦!, … , 𝑦$)# containing observed 155 
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enhancements of methane column-integrated dry mole fraction, aggregated from native 

resolution to 0.02º x 0.02º. These vectors are related through 

 

𝒚 = 𝐊𝒙 + 𝒆,           (1) 

 160 

where 𝐊 is an 𝑚 × 𝑛 Jacobian matrix representing the source-receptor relationship calculated 

using a transport model, and 𝒆	is an 𝑚 × 1 vector of errors representing the mismatch between 

observations and modelled XCH4. The (𝑖, 𝑗)th entry of 𝐊 is 𝜕𝑦%/𝜕𝑥%, which can be interpreted as 

the expected change in XCH4 at receptor 𝑖 for a unit change in emission rate at location 𝑗.   

To ensure positivity of the fluxes, we assign a zero-truncated multivariate Gaussian prior to 𝒙 165 

(see Michalak, 2008, though our computational approach differs). We assign a mean-zero 

multivariate Gaussian distribution to the errors, 𝒆. The parameters both of the prior on 𝒙 and the 

error distribution are considered unknown and are estimated as part of the inversion. Details on 

both distributions are given below. MFIM uses the FLEXPART Lagrangian particle transport 

model with 0.25º resolution winds from NOAA’s Global Forecast System (GFS) to quantify the 170 

source-receptor relationship (Bakels et al., 2024). These are combined to compute the Jacobian 

matrix for the inverse problem.  

The inverse framework is illustrated in Fig. 2. There are three major components (red rectangles) 

comprising three steps: Jacobian generation (subsection 1), data pre-processing (subsection 2) 

and emissions optimization (subsection 3).  The first step constructs the Jacobian based on the 175 

output from the Lagrangian particle dispersion model (LPDM) FLEXPART. The second step 

selects MethaneSAT data that has passed the quality assurance and quality control (QA/QC) 

steps of data processing to remove irregularities in the data caused by clouds, cloud shadows, 

bodies of water, abrupt changes in albedo, spectroscopic artifacts and instrument drift. During 

this step we also aggregate the data to 0.02º x 0.02º resolution and discard any grid cells that 180 

contain < 50% valid data. This step takes the QA/QC data and applies a background model to 

remove methane from boundary inflow, leaving the XCH4 enhancement traceable to emissions 

within the domain of interest. Step three uses a HMC algorithm, a Markov chain Monte Carlo 

method, to optimize the emission rates and calculate the basin total. 

 185 
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Figure 2. Schematic of the MFIM workflow for inference of methane emissions using 

MethaneSAT observations. The MFIM algorithm can be divided into three steps. First, it 

generates the Jacobian matrix using the FLEXPART LPDM with GFS meteorology. Second, it 190 

prepares the MethaneSAT Level 3 data for the inversion and uses this data to determine the 

topographic background for the region. Third, it uses the HMC algorithm to produce an optimal 

estimate of the spatially resolved emissions. 

 

3.1 Jacobian Generation 195 

By simulating the transport of air parcels throughout a vertical column of the atmosphere 

backwards in time and tracking their interactions with the surface FLEXPART establishes the 

relationship between emitters (sources) and total-column observations (receptors) contained in 

the Jacobian. The FLEXPART Lagrangian particle dispersion model (Bakels et al. 2024) is run 

in time-reversed mode so that each particle release can establish the footprint of surface 200 

influence on observations at that location (Fig. 3). Particle contact with the surface, which 

defines the footprint, is based on the residence time of the particle within the mixed layer, 

defined as the lower half of the planetary boundary layer (PBL). The PBL height is read from the 

GFS files used to run FLEXPART and interpolated from hourly resolution to the FLEXPART 

time stamps, which are at 5-minute resolution. The interpolation assumes that the boundary layer 205 
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grows and decays as a sigmoid function, beginning to grow at sunrise, reaching its peak at solar 

noon, and holding that peak until it decays rapidly at sunset. We resolve the FLEXPART output 

grid with vertical levels of 250m, 350m, 500m, 750m, 1000m, and 1500m, and round up from 

the mixed layer height to the nearest vertical level when defining the footprint. 

 210 

 
Figure 3. The influence footprint from all observations for MethaneSAT data collected on 11 

Sept. 2024 shows that the prevailing wind direction produces a region of high influence to the 

east of the scene. This means that emissions in this region will have a larger influence on the 

concentrations in the scene. The grey outline shows the borders of the MethaneSAT data, the 215 

dashed black line outlines the Permian Basin, and the solid black lines depict the borders of 

Texas, New Mexico and Mexico. Portions of the footprint with a negligible influence on the 

observations are omitted. 

 

Because we are simulating transport backwards in time from a total-column observation, it is 220 

necessary to account for the vertical sensitivity of MethaneSAT observations to each layer of the 

atmosphere. Each Level 2 retrieval has a unique averaging kernel, which represents the 
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sensitivity of the MSAT retrieval to 19 vertical layers in the atmosphere. We account for this 

sensitivity using an observation operator, which relates the modeled vertical column mixing 

ratios to the column-averaged dry-air mole fractions retrieved by MethaneSAT, allowing direct 225 

comparison of model output to observations. We apply the MethaneSAT averaging kernel as a 

weighting function on vertically distributed particle mass, interpolated to 55 vertical layers of 

particle releases within an atmospheric column in FLEXPART. This models the corresponding 

XCH4 MethaneSAT would observe over the simulated atmosphere (Lauvaux and Davis, 2014; 

Hungershoefer et al., 2010; Eckhardt et al., 2008; Schneising et al., 2011; Zheng et al. 2019; 230 

O’Dell et al., 2012; Connor et al., 2008; Rodgers and Connor, 2003). The use of the observation 

operator informs our decision to run the transport model in time-reversed mode,  

because the observation operator can be applied to modeled particles at initialization, rather than 

applying it to the model output in post-processing.  

We define a single averaging kernel for each MethaneSAT scene by taking the spatial average to 235 

create a scene-averaged averaging kernel, a simplifying assumption that captures the greater 

sensitivity of the retrieval to methane emissions at the surface. This assumption is acceptable for 

a region like the Permian Basin, which has relatively uniform albedo throughout the scene. 

Scenes with variable albedo may require a more careful treatment of the averaging kernel. 

Studies have shown that errors in the averaging kernel are negligible compared to transport errors 240 

and instrument noise (Li et al., 2022; Connor et al., 2008; Cogan et al., 2012; Zheng et al., 2019), 

so we neglect the contribution of the averaging kernel to the uncertainty in our treatment of the 

basin total emission rate uncertainty. A more detailed description of the averaging kernel 

incorporation into the model can be found in Appendix B. 

FLEXPART is run for 36 hours backwards in time to give particles sufficient time to exit the 245 

observed domain and establish a footprint in outlying regions that can be used to optimize the 

boundary inflow to the region. We do not model chemistry because we assume that methane 

sinks are negligible over the 36-hour basin ventilation timescale (Hungershoefer et al., 2010).  

 

3.2 Data pre-processing 250 

We quantify and report emissions that originate within the domain, since the data contain 

insufficient information on emissions that originate upwind of the domain. To remove bias from 

methane sources outside of the domain, we need to remove the methane from each scene that 
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flowed into the domain from the exterior, leaving the enhancement in methane due to emissions 

within the domain. The modeled inflow has three components: (a) spatial variation accounted for 255 

by the XCH4 prior used in the MethaneSAT retrieval algorithm, which is designed to explicitly 

avoid dependence on inventories (Laughner et al., 2023), (b) a constant synoptic-scale methane 

concentration, and (c) enhancements to inflowing air due to sources outside our observed 

domain. (a) includes, in order of importance, the mixing ratio variability due to topographic 

effects, the effect of the averaging kernel, and the latitudinal gradient of methane within a 260 

domain associated with global mean distributions. We remove the effects of topography on 

column-averaged dry-air mole fraction methane concentrations by correcting for the surface 

pressure dependence of the retrievals using the averaging kernel and Level 2 XCH4 prior 

(MethaneSAT Science and Engineering Team, 2026. The synoptic scale mean for the 

background can be derived from the lower extremes of the observed XCH4. We find this mean 265 

by shifting the XCH4 variation due to topography such that it intersects with the lower extremes 

of our observations. We allow for small negative enhancements distributed as a half-Gaussian 

with a standard deviation equivalent to the instrument noise. This gives us the linear offset (c) 

that is scaled by the column-weighted Level 2 averaging kernel (A), according to Eq. 2 

(MethaneSAT Science and Engineering Team, 2026). 270 

 

ybg = yprior + cA,           (2) 

 

Where ybg is the background XCH4 and yprior is the a priori XCH4. The choice of the background 

is one of the largest potential sources of error when estimating the basin total emission rate, as it 275 

directly controls the basin total mass enhancement. An overestimate in the background will cause 

an underestimate in the mass enhancement, and thus the associated emissions, and vice versa.  

This approach presents the best estimate of the inflow in the presence of emissions near to, but 

outside of, the scene collected by MethaneSAT. There are other methods in the literature for 

determining the mean background, such as using a fixed percentile of the data (Lin et al., 2023), 280 

using observations from an upwind region (Tomlin et al., 2023; Schneising et al., 2020), or 

modeling and removing the contribution of methane above the boundary layer (Liu et al., 2021). 

Our method takes advantage of the information content of our data set to derive a background 

from a spatially complicated domain over a spatial scale where mesoscale and topographic 
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variability would make a single background value inappropriate. It also gives us the opportunity 285 

to identify an acceptable ensemble of mean-background-values which can be used to generate an 

error estimate on the basin total emissions (He et al., 2024). To account for the uncertainty of this 

method in our results, we run sensitivity inversions where the background is changed by ±2 ppb, 

a conservative error estimate considering the ~3 ppb single-pixel precision at 2 km x 2 km 

aggregation. This produces error of approximately ±15% in our emissions estimate. 290 

We also consider observed variability due to emissions outside of our domain (Shen et al., 2021). 

We do this by optimizing buffer elements in addition to emissions within the domain, which 

account for both mesoscale variations in methane and near-field emissions immediately outside 

of the domain. Figure S13 shows an example of a MethaneSAT scene, with the domain outlined 

in grey and the surrounding buffer elements. 295 

The buffer elements are clustered to a coarser spatial resolution than the emitters within the 

domain (see Subsection 3). Their emissions spread out as they are transported downwind into the 

domain. The choice to cluster the buffer elements in this way means that their emissions model 

low-frequency variations in the concentration field that propagate from the upwind boundary. 

This method for modeling boundary inflow effectively acts as a high-pass filter on the 300 

observations, separating the high-frequency variation due to local emissions from the low-

frequency variation due to boundary inflow. After the background and boundary inflow have 

been removed, the enhancement that remains is attributable to local emissions, both distinct and 

dispersed sources.  
 305 
3.3 Emissions prior and optimization 

Following Stell et al. (2022) and Bertolacci et al. (2022), to the emissions 𝒙 we assign the prior 

𝑁&(𝒙', 𝑺') , the multivariate Gaussian distribution truncated to the positive orthant with mean 

vector 𝒙' and covariance matrix 𝑺'. This ensures that the estimated emissions are positive. The 

mean vector is set to a constant rather than setting it equal to a spatially varying bottom-up 310 

estimate, so that our prior is uninformed with respect the spatial distribution of emissions. The 

covariance matrix is set to 𝐒' = σ'(𝐈", where 𝜎'( is the (unknown) prior variance and 𝐈) is the 

𝑛 × 𝑛 diagonal matrix; thus we do not assume any correlation between emitters. We optimize 

emitters inside and outside of the domain simultaneously, in both cases assuming a Gaussian 

prior distribution truncated at zero. The emitters outside of the domain are grouped according to 315 
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their influence on the concentration field, using K-means clustering by cosine distance of the 

columns of the Jacobian matrix, which represent the transport footprints (Fig. S13). The 

clustering enables computational savings. By simultaneously optimizing the buffer elements and 

emissions within the domain, the buffer elements are less likely to overfit the data than they 

would be if we optimized them separately. 320 

Similarly, we assume that the error vector 𝒆 is multivariate Gaussian with mean zero and 

covariance matrix 𝐒* = 𝜎*(𝐂*, where 𝜎*( is the (unknown) error variance (the model-data 

mismatch, effectively the sum of the transport and observation error) and 𝐂* is a correlation 

matrix with exponential decay and an 𝑒-folding length of 1 km; the resolution of the observations 

is ~2 km x ~ 2 km, so this is a modest spatial correlation. Rather than fix 𝜎'( and 𝜎*( as is 325 

common practice, we follow Ganesan et al. (2014) by assigning priors to them and estimating 

their values as part of the inversion; details are given below and in Appendix A. 

We use a Gibbs sampler to estimate emissions 𝒙 and the unknown parameters 𝜎'( and 𝜎*(. This 

involves iteratively sampling the conditional distributions of each variable, ultimately producing 

joint samples (𝒙, 𝜎'(, 𝜎*() from their posterior distribution. The steps for 𝜎'( and 𝜎*( are standard 330 

and are described in Appendix A, but for 𝒙, which has a truncated Gaussian prior, we use the 

highly efficient HMC method proposed by Pakman and Paninski (2013), which was also used by 

Stell et al. (2022) and Bertolacci et al. (2022). The Gibbs sampler must be initialized to plausible 

values, run until it has converged to the target distribution (called the burn-in period, for which 

we use 100 samples), then run until the desired number of samples have been taken (only 400 335 

samples are required due to the rapid convergence of the sampler). The optimized emissions are 

approximated by the mean of the samples of 𝒙 after the burn-in period, and uncertainty estimates 

such as the posterior standard deviation can also be calculated from the samples. Estimating the 

full posterior distributions of 𝜎'( and 𝜎*( along with 𝒙 has the advantage of making the inversion 

framework more adaptive to the data, and also of incorporating the uncertainty of these 340 

parameters into the fluxes (Ganesan et al., 2014). See Appendix A for a more thorough treatment 

of the sampler.  

The above choices have the following benefits in the context of methane. Because we neglect 

methane sinks, our emission rates must be positive or zero, so enforcing non-negativity with the 

truncated normal distribution improves the interpretability of our results. The combined effect of 345 

the background selection method and the non-negativity constraint is the ability to model 
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physically realistic enhancements produced by positive emissions, at the cost of treating a small 

number of negative enhancements as model error. 

The use of a spatially invariant prior mean over emitters instead of one based on inventories lets 

the system take advantage of MethaneSAT’s unique combination of spatial and spectral 350 

capabilities through which it should be able to observe emitters missed by other observing 

systems and inventories. Previous work has demonstrated this ability with the spectrally similar 

MethaneAIR instrument, observing a pipeline blowout (Chan Miller et al., 2024). The CORE 

algorithm for MethaneSAT uses a different approach that incorporates a spatially informed prior 

and assumes a log-normal distribution of emitters (MethaneSAT Science and Engineering Team, 355 

2026). 

An improper spatial distribution in the prior can propagate as bias into posterior estimate. 

Instead, our posterior estimates are entirely guided by the MethaneSAT observations, which have 

sufficient data density to constrain the emissions. This method is particularly beneficial in oil and 

gas basins where rapid development, strong variability, and one-off emission events can cause 360 

strong discrepancies in prior inventories (Varon et al., 2026). The emission estimates are not 

sensitive to the choice of the prior mean. 

 

4 Emission Rates  

Within each sample, we sum across all emitters to produce a sample of the domain total emission 365 

rate; we then summarize these samples by taking the mean. The basin totals for each scene are 

given in Fig. 6 and Table S1. We give results for both the mean and the median in Table S3 to 

demonstrate that the result is not sensitive to our choice of metric, demonstrating that the model 

avoids potential bias associated with our adoption of a positive definite distribution of emissions 

(Michalak et al., 2008). Subtracting the sum of the point source emission rates, quantified 370 

according to Chulakadabba et al. (2023) from the basin total gives us emissions due to diffuse 

area sources. The relative contribution of the distinct sources to the basin total for each 

observation is given in Fig. C1 and Table S2. 

 

5 Box Model  375 

As a first-order comparison to the results of our inversion, we use a simple box-model that 

approximates the methane emission rate using the lifetime of methane in the domain.  
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𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠 = +
,

,          (3) 

 380 

Where M is the total mass of methane in the domain and 𝜏 is the flushing time of the domain. We 

use the average XCH4 enhancement from each inversion and convert it to a total mass 

enhancement using the assumption of a standard atmosphere. We approximate the flushing time 

of the domain by dividing the domain length scale by the average wind speed from GFS between 

the surface and 1500 m. The domain length scale is the average distance a parcel of air 385 

containing methane would have to traverse to exit the scene, approximated by the radius of a 

circle with the same total area as the domain. 
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6 Results and Discussions 

A comparison of the posterior XCH4, found by taking the mean of the proposed samples, and the 390 

observations shows that the data are well-correlated (Fig. 4a). The R2 of the regression tells us 

how effectively the model was able to reproduce the observations (R2 = 0.40-0.83, depending on 

the scene), which is a useful proxy for model performance in the face of imperfect 

meteorological data products. Figure 4b shows the histograms for the observations (blue) and 

posterior enhancements (orange). The non-negativity constraint creates a minimum enhancement 395 

that the model can produce, which leads to more enhancements near 0 ppb. The diffusivity of the 

transport model makes it difficult to reproduce the largest enhancements, leading to more 

enhancements near the middle of the distribution. The figures demonstrate good agreement 

between the observations and the posterior, with discrepancies due to expected model behavior. 

 400 
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Figure 4. (a) A binned scatterplot of the posterior enhancements compared to observations for 

data collected on 11 Sept. 2024. The black line is the 1:1 line. (b) A histogram of the 

observations (blue) and modeled concentrations (orange). These figures for each of the 9 

domains can be found in Figures S1-S9. 405 

 

Figure 5 shows an example map of the residuals between the observations and modeled 

concentrations. The residual plots do not tell us how accurate our spatial distribution is, since a 

perfect match would indicate an overfit. They do however give us a qualitative understanding of 
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the scale at which the transport models will have difficulty accurately represent atmospheric 410 

processes, because the observations are at much higher resolution than the meteorological 

product used to drive the transport model.  

There are two main contributions to the spatial discrepancy shown in the residual map. The first 

is that the background estimation method allows for small negative enhancements that the model 

cannot reproduce. These dominate the eastern side of the map in Fig. 5, in part because of cloud 415 

cover in the region. Throughout the rest of the figure, the spatial discrepancy is largely due to 

wind errors in the transport model used to construct the Jacobian at such high resolution (He et 

al., 2024; Zheng et al., 2019).  We will refer to the combination of errors in the meteorological 

data product and the transport model as model error. Discrepancies in transport between different 

models (Munassar et al., 2023; Schuh et al., 2019) and between any model and reality (Zheng et 420 

al., 2019) are well documented. Even as the resolution of observations continue to improve, 

higher resolution inversions will not necessarily be more accurate due to model error (Deng et 

al., 2017). Compensating spatial errors tend to cause inversions to be more accurate at large 

spatial scales, especially when observations are collocated with sources as they are for 

MethaneSAT data (Deng et al., 2014; Locatelli et al., 2013; Basu et al., 2018; Houweling et al., 425 

2010; Lauvaux and Davis, 2014).  

The model error has a greater impact on the spatial allocation of emissions than the basin total. 

The magnitude is difficult to assess, as we have no ground truth meteorological data or emission 

rates with which to compare our transport and inversion results. While we are unlikely to have a 

controlled release experiment on the scale of an entire basin to act as ground-truth for inversion 430 

results, observations that are sufficiently dense in both space or time could dramatically increase 

confidence in inversion results and create a quasi-ground-truth data set to which more data-

sparse inversion methods can be compared. In addition, developing more accurate high 

resolution wind models poses a significant hurdle to inverse modeling at this scale. A rigorous 

quantification of transport model error is treated elsewhere in the literature (Zheng et al., 2019; 435 

Locatelli et al., 2013; Basu et al., 2018; Houweling et al., 2010; Lauvaux and Davis, 2014) but is 

beyond the scope of this paper. 

 

 

 440 

https://doi.org/10.5194/egusphere-2026-4693
Preprint. Discussion started: 15 September 2026
c© Author(s) 2026. CC BY 4.0 License.



 

 19 

 

 
Figure 5.  Data and model results from 11 Sept. 2024. (a) The total-column observations from 

MethaneSAT, smoothed with a Gaussian filter. (b) The posterior modeled concentrations 

produced by propagating the MFIM emissions forward in time through the Jacobian. (c) The 445 

residual between the observations and the posterior modeled concentrations has an average 

across the scene of approximately 1 ppb. (d) The emissions heatmap shows high emissions 

collocated with the observed enhancements in XCH4. The solid black line shows the border 

between Texas and New Mexico. The dashed line shows the eastern boundary of the Permian 

Basin.  450 

 

6.1 Basin total emission estimates 

The results from MFIM for each of the 9 inversions are presented in Fig. 6. The error bars 

account for uncertainty in the background concentration by running sensitivity inversions with 

±2 ppb background concentrations to determine the upper and lower bounds of the emissions 455 

estimate. Uncertainty in the HMC sampler itself is accounted for by using the 2.5th and 97.5th 

percentile estimates for the lower and upper bound, respectively. We add an additional ±20% 
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uncertainty to the basin total to account for uncertainty in the GFS wind product used in the 

inversion. We also show comparisons to results from CORE (MethaneSAT Science and 

Engineering Team, 2026), the EI-ME (Omara et al., 2024), and the simple box model approach 460 

described above (listed as Mass in Fig. 6). Appendix D discusses a version of MFIM where the 

background has been adjusted such that the mean of the observed enhancement equals the mean 

of the posterior modeled enhancement from CORE, referred to as MFIM_adj. Spatially resolved 

emission estimates from MFIM for each data set are given in Figs. S1-S9. 

 465 

 
 

Figure 6. Comparison of results for all 9 scenes from the Permian Basin. The models include 

MFIM, operational CORE, the EI-ME and the mass balance approach. Error bars for this study 
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include the 2.5th and 97.5th percentile spread in the HMC sampler, sensitivity inversions of ±2 470 

ppb in the background and an assumption of 20% error due to transport. Error estimates for the 

mass balance just factor in the ±2 ppb background sensitivity. Error bars for CORE 

(MethaneSAT Science and Engineering Team, 2026) give the 95% confidence interval. Error 

bars for the EI-ME (Omara et al., 2024) scale the given confidence interval (-18%, +28%) to the 

domain. Data for the EI-ME is from 2021. 475 

 

The results from MFIM are higher than the EI-ME by an average of 14.2%. This is a reasonable 

level of agreement, especially in light of well documented discrepancies between bottom-up and 

top-down approaches (Saunois et al., 2016; Saunois et al., 2025; Allen, 2014; Vaughn et al., 

2018; Zhao et al., 2023). The EI-ME reports annualized average emissions and discrepancies in 480 

total emissions may be explained by variations in emitter persistence and an incomplete 

representation of short-lived “super-emitter” emissions events by the EI-ME, which may cause 

the EI-ME to underestimate emissions in the region. 

The results from MFIM are higher than the Mass model estimates by 64.7%. MFIM and Mass 

inter-model agreement can be quantified by the absolute value of the percent difference between 485 

their emission estimates, relative to the Mass model. We find a negative correlation between 

wind speed and inter-model agreement (R2 = 0.61), showing that the largest discrepancies come 

from domains with low wind speeds. Low wind speeds increase the flushing time and cause 

emissions to be underestimated (Eq. 3). Complex wind fields are similarly likely to cause 

discrepancies between the models, since the Mass model contains no information about wind 490 

direction. We conclude that simple box models serve as reasonable first-order estimates of total 

emissions, but can underestimate by as much as a factor of 2. 

Finally, we compare MFIM to results from the operational CORE algorithm. On average MFIM 

is lower than CORE by 4.3%, well within error estimates for both models. Discrepancies in the 

two models, both in basin totals and their spatial allocation, may arise from differences in 495 

transport models, optimization algorithm, background concentration specification and the choice 

of prior information.  For transport, CORE uses the Stochastic Time-Inverted Lagrangian 

Transport Model (STILT) (Lin et al., 2003) while MFIM uses FLEXPART. Both are run in time-

reversed mode, but STILT is run for 28 hours in CORE, while FLEXPART is run for 36 hours in 

MFIM. CORE assumes a lognormal prior distribution, while MFIM assumes a normal 500 

https://doi.org/10.5194/egusphere-2026-4693
Preprint. Discussion started: 15 September 2026
c© Author(s) 2026. CC BY 4.0 License.



 

 22 

distribution truncated at zero. The background concentrations are fixed in MFIM, while CORE 

allows the offset to shift as a part of the optimization. They use different implementations of the 

HMC sampler, with CORE using Stan (Carpenter et al., 2017) and MFIM using an R-based 

implementation. Finally, MFIM does not incorporate a spatially informed prior, while CORE 

uses global emission estimates from IMI 2.0 (East et al., 2025). The prior does not have a 505 

measurable impact on high emitting grid cells but regularizes the emission in low-emitting 

regions. Thus, emitter cells are constrained to posterior emissions smaller than the data alone can 

support. In CORE, this specifically supports constraining the background concentration during 

the inversion (MethaneSAT Science and Engineering Team, 2026). 

 510 

 
Table 1. A summary of the differences between MFIM and CORE modeling frameworks, which 

explains the differences between the two models in basin total emissions and their spatial 

distribution. 

 515 

For some data sets (ex. 27 Oct. 2024), the difference between MFIM and CORE is driven by 

differences in the background concentration. On other days (ex. 29 Dec. 2024) changing the 

background to align with CORE does not change the basin total for MFIM, and so the 

discrepancy is likely driven by differences in transport or other modeling assumptions (see 

Appendix D). Munassar et al. (2023) found a nearly 30% difference between inversions using 520 

these two transport models. These results fall well within that level of agreement. Maier et al. 

(2025) demonstrate that inversions using FLEXPART and STILT show only minor deviations 

when using the same meteorology under good observing conditions. Many of the scenes 

analyzed here support this conclusion, while others demonstrate the challenge of quantifying 

emissions on days when observing conditions are less than ideal. 525 

MFIM CORE

Transport FLEXPART STILT

Prior Distribution Normal truncated at 0 Lognormal

Background Fixed Fitted during optimization

HMC Sampler R-based implementation Stan

Spatially Informed Prior None IMI 2.0 (East et al., 2025)
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By examining the scenes where CORE and MFIM have the greatest disagreement, we can 

improve our understanding about the limitations of each model. The correlation between MFIM 

and CORE inter-model agreement (the absolute value of the percent difference between their 

emission estimates) and the magnitude of distinct sources relative to the basin total (R2 = 0.27) 

indicates that an increased relative contribution due to distinct sources causes greater 530 

disagreement between the two models because both perform worse when fitting observations 

under these conditions. The presence of a distinct source makes the accuracy of the transport 

models more consequential. Errors in meteorological data (wind speed and direction) are 

exacerbated by steep concentration gradients from distinct sources, which the models have 

difficulty reproducing. This makes it more difficult to minimize the cost function when 535 

optimizing concentrations, which can influence the basin total emission rate and exacerbate the 

differences the two transport models. The same dynamic can make it difficult to model large 

enhancements at the inflowing or outflowing edge of a scene. These challenging conditions 

highlight the strengths of the observing system itself but push the boundaries of the model 

capabilities and exacerbate known uncertainties in the models.   540 

GFS meteorological data on 13 Oct. 2024 shows an apparent mismatch between the expected and 

observed wind directions in the target scene. This challenges the emission inversion; 

MethaneSAT refrains from releasing such scenes on their data portal. The scene is included 

here as the comparison to MFIM usefully illustrates the challenges with modeling emissions at 

this scale with imperfect meteorological data. 545 

The MFIM and CORE modeling frameworks do not factor in source intermittence throughout 

the duration of the modeled transport (36 hours for MFIM, 28 hours for CORE), or the fact that 

the probability of detecting an emitter is not unity (Manninen et al., 2026), although these 

assumptions are more valid over the relatively short time frame of our inversion (hours to days) 

than over the timeframes of previous inverse analyses (weeks to months). Future studies should 550 

address the question of emitter transience using repeat observations within a single 24-hour 

window. 

 

6.2 Time-Averaged Emissions 

Figure 7 shows the combined emission estimates for each MethaneSAT scene by taking the 555 

average in regions where they overlap, giving us a time averaged emission estimate for the 
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Permian during the observation period. We see a clear spatial pattern emerge outlining the two 

sub-basins, the Midland and Delaware Basins. This gives us confidence that across many 

inversions errors in the spatial allocation tend to cancel each other out and reveal true average 

spatial patterns. The edges of the individual domains are visible in the composite, but this would 560 

become less significant as the number of repeat observations increases. 

The basin total emission rate for this composite is 398 ±163 tons/hr. If we assume that this 

number sufficiently captures the temporal variability of emissions in the region and extrapolate 

out to an entire year, we get an emissions estimate of 3.49 ±1.43 Tg/yr. This is number is 

consistent with estimates from other studies of the Permian Basin (East et al., 2025; Estrada et 565 

al., 2026; Shen et al., 2023; Varon et al., 2023; Williams et al., 2026; Zhang et al., 2020) (Fig. 9). 

The EI-ME cropped over the same region has a total emission rate of 324 tons/hr. The MFIM 

composite is higher by 22.8% due to the incomplete representation of short duration emissions 

described previously, which causes the EI-ME to underestimate emissions in the region. Figure 

S11 shows that MFIM does a good job capturing the spatial variability present in the EI-ME, 570 

even though there is no prior information about spatial distribution in MFIM. Fine details in the 

residual plot reveal important differences between the two models. Several (red) hotspots appear 

in MFIM that are not found in the EI-ME. Similarly, the (blue) Central Basin region between the 

Delaware and Midland sub-basins shows that the EI-ME has high emissions in this region. These 

discrepancies are likely due to a combination of the smoothing effect of transport inherent in an 575 

inverse modeling framework, and the different prior distribution assumptions used by the 

models. 
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 580 

Figure 7. (a) composite of the emission estimates from all 9 scenes in the Permian basin using 

MFIM. The composite allows us to approximate the long-term average emission rate and the 

spatial distribution of those emissions. (b) The composite of the same 9 scenes using CORE, 
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resampled by averaging to the 0.05o x 0.05o. (c) the residual between the MFIM and CORE 

composites, which sheds light on the spatial uncertainty of the emission estimates. 585 

 

The MFIM composite total emission rate is higher than the CORE composite by 8.7% over the 

same region. Note that the difference between the composites is not the same as the average of 

the differences for each scene (4.3% lower) because each scene covers a different spatial extent. 

The composite emission estimates from both models recover strong emitting regions in the 590 

Delaware and Midland sub basins. The fact that the models agree regardless of whether they 

incorporate information from a spatially informed prior demonstrates the strength of 

MethaneSAT observations for informing emission estimates. 

Because they use the same data, but different transport models and different prior assumptions, 

comparing the spatial distributions of the two inversions can shed light on the modeling 595 

assumptions we employ and give an estimate on the spatial uncertainty of both models (He et al., 

2024). We compare the spatial distributions of the MFIM and CORE composites in Fig. 7. The 

operational CORE inversion tends to produce posterior emissions with sharp gradients and much 

larger peaks in emissions, while MFIM tends to be smoother and have lower peaks. The peaks in 

the CORE emissions are indicative of distinct sources, showing up as (blue) hotspots on the 600 

residual plot. Another way to describe this difference is that for low emitting grid cells, MFIM 

tends to produce a higher estimate than CORE. For high emitting grid cells CORE tends to 

produce a higher estimate than MFIM. Figure 8 helps us to visualize this difference. 

There are several possible explanations for this discrepancy. Most importantly, we see that 

regions of small, diffuse emissions in MFIM have near-zero emissions in CORE due to the 605 

regularizing effect of the prior. The assumption of a lognormal distribution in the operational 

CORE algorithm allows for much larger individual emitters, producing sharp gradients. 

Additionally, the transport in FLEXPART tends to be narrow relative to STILT, which has the 

effect of smoothing the emissions field. Other differences in transport, including how the 

boundary layer is represented, may also play a role.  610 

 

https://doi.org/10.5194/egusphere-2026-4693
Preprint. Discussion started: 15 September 2026
c© Author(s) 2026. CC BY 4.0 License.



 

 27 

 
Figure 8. (a) A binned scatter plot comparing the emissions estimates for each cell of the MFIM 

and CORE composites. The black points give the bin-wise average for emitters, filtered for 

CORE emitters between 0 and 500 kg/hr for interpretability (which removes < 3% of each data 615 

set). (b) A histogram of the emissions estimates for each cell of the MFIM and CORE 

composites, plotted with the y-axis on a log-scale to make the fat-tail of the distribution 

distinguishable. 

 

The spatial resolution of both inversions makes the data useful for analyzing both temporal and 620 

spatial trends in the data, like calculating differences in emission trends in different jurisdictions 

within a single basin (e.g. Williams et al., 2026). Future model development should focus on 

selecting a spatial scale for the inversion such that uncertainty in the spatial distribution of 

emissions is minimized, and on specifying which components of atmospheric transport 

contribute most to this discrepancy. 625 

Figure 9 shows comparisons between the MFIM composite, CORE, the EI-ME and several other 

studies cropped over the same spatial extent. We see good agreement between these studies and 

inventories, except for Scarpelli et al. (2025) and the US EPA Greenhouse Gas Inventory (EPA-

GHGI; McDuffie et al., 2023; Maasakkers et al., 2023) where we find emissions at a rate 

approximately 3 times higher than that reported to the EPA. This confirms the findings of other 630 

top-down studies using data from MethaneAIR (McKay et al., 2025) and MethaneSAT 

(Williams et al., 2026) and matches the general pattern that top-down methodologies find higher 

emission rates than bottom-up methodologies. The MFIM composite estimate falls within error 

bars for all of the most recent top-down inversions of the Permian — Varon et al. (2023), East et 
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al. (2025), Varon et al., (2026), Estrada et al. (2026, data available at 635 

https://laestrada.github.io/conus_emissions_viz/) and the operational CORE algorithm.  

 

 

 

 640 
 

Figure 9. Basin total methane emissions from multiple studies for the region covered by the 

composite image shown above. Studies are listed in order of the year their data was collected, 

except for the much lower estimates from the bottom-up studies, which are separated by a dashed 

black line. Hatch marks are used to highlight the results from this study. We choose to group the 645 

data from the EI-ME with the top-down studies because it uses comprehensive oil and gas 

activity data and accounts for the fat-tail of the emissions distribution, producing results more 

akin to these studies than to other bottom-up estimates. Error bars for this study assume the 

average error of each of the individual inversions, ±41%. Gridded studies are cropped to the 

same region as the MFIM composite. Error bars for CORE scale the confidence interval (-23%, 650 

+24%) published in Williams et al. (2026), which covers approximately the same region of this 

study. Error bars for the EI-ME (Omara et al., 2024) scale the given confidence interval (-18%, 
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+28%) to the domain. The same approach is used for Estrada et al. (2026), with a confidence 

interval of (-22%, +26%). The error bars from Varon et al. (2023) use the 5th and 95th percentile 

of the weekly emission estimates cropped over the region. The error bars from Varon et al., 655 

(2026) scale the given confidence interval (4.0 ± 1.1 Tg a-1) to the domain. The error bars for 

Shen et al. assume ±20%, which is comparable to the ±0.5 Tg/year given in Zhang et al. (2020). 

The error estimates from McDuffie et al. (2023) are the same as those given in the 2018 GHGI 

(Maasakkers et al., 2023), since no new error estimates are given for the 2020 express product. 

Error bars from Scarpelli et al. (2025) are 50%, which is the average of the relative standard 660 

deviation (RSD, %) from Scarpelli et al. (2020) for all oil and gas activities (Table 1).  
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7 Conclusion 

We developed a new inverse modeling framework, MFIM, for quantifying basin total emission 

rates from oil and gas basins observed by MethaneSAT, a satellite with unique observing 665 

characteristics. We used this model to produce emission heatmaps for 9 independent data sets. 

Residual plots and regressions comparing the observations and the modeled concentrations show 

that the model effectively reproduces the observations. The composite of all 9 inversions gives 

an annual emission rate of 3.49 ±1.43 Tg/yr (398 ±163 tons/hr) from the Permian Basin, which 

agrees well with previous inversion results. The spatial distribution of the MFIM composite is 670 

comparable to the results from the operational MethaneSAT Level 4 product, CORE, and 

successfully resolves the Midland and Delaware sub-basins within the Permian while using a 

spatially invariant prior, giving us confidence in the spatial distribution. 

By comparing the results of two inversions using the same observations and meteorological 

drivers but with different transport models and prior information assumptions, we have 675 

successfully cross-validated the methods for estimating dispersed methane sources. This method 

of validation is important since controlled release experiments are infeasible at this scale. 

Discrepancies between the two models are likely attributable to transport errors. Previous studies 

have discussed the need for meteorological and transport models to advance at the same pace as 

observing systems, as errors in wind speed and direction can cause uncertainty in the spatial 680 

allocation of inversions performed at high spatial resolution (Zheng et al., 2019). The results 

outlined here confirm that this challenge still faces the research community. 

This study adds to the growing body of work applying FLEXPART to inverse modeling 

problems for methane emissions using satellite data (Thompson et al., 2025; Subramanian et al., 

2025). The modeling framework described here is applicable to observations from other high-685 

resolution platforms like CO2M (Sierk et al., 2021) and MethaneAIR (McKay et al., 2025), 

making observations over other oil and gas basins, as well as urban and agricultural regions. 

These results highlight the value of low-latency, high resolution emission estimates from 

MethaneSAT. The revisit time made it possible to collect repeat observations over a single 

location of interest and track changes in emission rates through time. Using just 9 days of 690 

MethaneSAT observations, we are able to confidently quantify emissions at a scale that would 

otherwise require months or years of spatially oversampled data from satellites with coarser 

spatial resolution, or an intensive ground campaign to develop a bottom-up inventory. The 
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information content of MethaneSAT data allowed for inversions with spatial and temporal 

resolution previously unfeasible with existing satellite observations. The close correspondence of 695 

the MFIM and CORE models, when averaged over a modest number of scenes, lends confidence 

that regional methane flux estimates from MethaneSAT are robust against differences in modeled 

transport. This is an important step towards the ability to comprehensively monitor and mitigate 

emissions using a framework based on observations with high precision and fine spatial 

resolution. 700 
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Code and data availability 

The code used for this analysis is available on GitHub at github.com/jacobbushey/MFIM. 

MethaneSAT Level 3 data and CORE results are available from the MethaneSAT portal 705 

(https://portal.MethaneSAT.org/en/emissions-map) and Google Earth Engine 

(https://developers.google.com/earth-engine/datasets/publisher/edf-MethaneSAT-ee), excluding 

the data from 2024-10-13, which will be made available upon reasonable request. Emission 

estimates from MFIM are available on Zenodo (10.5281/zenodo.21792549). 
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Appendix A: Model and MCMC Sampler 

With the choices detailed above, the truncated multivariate Gaussian prior for 𝒙 has density 

𝑝(𝒙	|	𝜎'() ∝ 𝜎'-"exp	 H−
!
(.!"

𝒙#𝒙J 1(𝒙 > 𝟎),       (A1) 745 

where the proportionality sign indicates that the constant of proportionality does not depend on 𝒙 

or 𝜎'(, and 1(𝒙 > 𝟎) is an indicator that evaluates to 1 if all elements of 𝒙 are positive, and zero 

otherwise. The multivariate (not truncated) Gaussian prior on the error vector 𝒆 has density 

𝑝(𝒆	|	𝜎*() ∝ 𝜎*-$ exp H−
!
(.#"

𝒆#𝐂*-𝟏𝒆J.       (A2) 

Here, 𝐂* is an 𝑚 ×𝑚 correlation matrix with diagonal entries equal to one, and (𝑖, 𝑗)th off-750 

diagonal entry equal to exp	(−𝑑%0/𝑙*), where 𝑑%0 is the distance in kilometers between 

observations 𝑖 and 𝑗, and 𝑙* is the error correlation e-folding length, set equal to 1 km. Since 𝒚 =

𝐊𝒙 + 𝒆, the above implies that 

𝑝(𝒚	|	𝒙, 𝜎*() ∝ 	𝜎*-$ exp H−
!
(.#"

(𝒚 − 𝐊𝒙)#𝐂*-𝟏(𝒚 − 𝐊𝒙)J .     (A3) 

The parameters 𝜎'( and 𝜎*( are unknown are hence the priors on 𝒙 and 𝒆 are unknown. As is 755 

common practice, we assign inverse gamma prior distributions to both variance parameters, so 

that their densities are, respectively, 

𝑝(𝜎'() ∝ (𝜎'()1!-!𝑒
-$!
%!
" , 𝑝(𝜎*() ∝ (𝜎*()1#-!𝑒

-$#
%#" .      (A4)	

 

We let a = b = 0, which corresponds to a highly non-informative prior on 𝜎'( and 𝜎*(. 760 

 

Inference using MCMC 

The full posterior distribution over the unknowns is given by 

𝑝(𝒙, 𝜎'(, 𝜎*(	|	𝒚) ∝ 	𝑝(𝒚	|	𝒙, 𝜎*()	𝑝(𝒙	|	𝜎'()	𝑝(𝜎*()𝑝(𝜎'(),     (A5) 

but the distribution of most interest is the marginal posterior distribution over the flux state 765 

vector, which is given by 

𝑝(𝒙	|	𝒚) = ∬𝑝(𝒙, 𝜎'(, 𝜎*(	|	𝒚)	𝑑𝜎'(	𝑑𝜎*(.       (A6) 

This integral is intractable in general, and due to the truncated Gaussian prior and the unknown 

variance parameters, it doesn’t correspond to a closed-form distribution such as a multivariate 

Gaussian. Instead, we use MCMC to generate joint samples Q𝒙[3], (𝜎'(R
[3]
, (𝜎*()[3]), 𝑠 = 1,… , 𝑆, 770 
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from the full posterior 𝑝(𝒙, 𝜎'(, 𝜎*(	|	𝒚); then the samples 𝒙[3] can be taken to be a sample from 

𝑝(𝒙	|	𝒚). 

The MCMC sampler we use is a Gibbs sampler that works as follows: starting from an initial 

value Q𝒙[!], (𝜎'(R
[!]
, (𝜎*()[!]), for sample indices 𝑠 = 2,… , 𝑆, 

1. Sample 𝒙[3] from 𝑝(𝒙	|	𝒚, (𝜎'()[3-!], (𝜎*()[3-!]); 775 

2. Sample (𝜎'()[3] from 𝑝(𝜎'(	|	𝒙[3]); 

3. Sample (𝜎*()[3] from 𝑝(𝜎*(	|	𝒚, 𝒙[3]). 

Usually, the first few hundred samples from this procedure are discarded as “burn-in”, which is 

the time the sampler needs to reach a region of high density. Then the remaining samples 

constitute a joint sample from the full posterior distribution. The key to the Gibbs sampler is that 780 

each individual step is easier than sampling from the joint distribution itself due to the simpler 

nature of the conditional distributions. The next section gives each of these conditionals in turn 

and describe how to sample from them. 

 

Conditional distributions 785 

The conditional distribution 𝑝(𝒙	|	𝒚, 𝜎'(, 𝜎*() can be shown to equal a truncated multivariate 

Gaussian distribution 𝑁&(𝒙,U 𝐒V), where 

𝐒V = (𝜎*-(𝐊#𝐂*-!𝐊 + 𝜎'-(𝑰")-!			and		𝒙U = 𝜎*-(𝐒𝐊#𝐂*-!𝒚.     (A7) 

This distribution has the same mean and covariance matrix as when the prior is an untruncated 

multivariate Gaussian prior, which is the most common choice in flux inversion; the only 790 

difference is the truncation. As a result, its density is 

𝑝(𝒙	|	𝒚, 𝜎'(, 𝜎*() ∝ [𝐒V[
-&"	exp \− !

(
(𝒙 − 𝒙U)# 	𝐒V-𝟏(𝒙 − 𝒙U)] 1(𝒙 > 𝟎).    (A8) 

Exact inference for this distribution is difficult, but algorithms exist for efficiently drawing 

samples from it. In particular, Pakman and Paninski (2014) present an efficient HMC algorithm 

for sampling from this distribution; this uses exact Hamiltonian dynamics simulation to propose 795 

new states. We use this algorithm in our implementation of the Gibbs sampler. 

The conditional distributions 𝑝(𝜎'(	|	𝒙) and 𝑝(𝜎*(	|	𝒚, 𝒙) are both inverse gamma distributions, 

the same family as their prior. They are given by 

𝑝(𝜎'(	|	𝒙) ∝ (𝜎'()15!-!𝑒
-$
'!
%!
" , 𝑝(𝜎*(	|	𝒚, 𝒙) ∝ (𝜎*()15#-!𝑒

-$
'#
%#" ,     (A9) 
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where 800 

𝑎_' = 𝑎' +
"
(
, 𝑏V' = 𝑏' +

!
(
𝒙#𝒙

𝑎_* = 𝑎* +
$
(
, 𝑏V* = 𝑏* +

!
(
(𝒚 − 𝐊𝒙)#𝐂*-!(𝒚 − 𝐊𝒙).

     (A10) 

Sampling from these distributions is standard and can be done using existing software routines. 

 

 

 805 
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Appendix B: Averaging Kernel Treatment 

While there is a different averaging kernel for each pixel, based on viewing geometry, aerosol 

vertical profile, temperature profile, surface albedo and other factors, we chose to use a single 

representative averaging kernel for every simulated observation from FLEXPART. This 810 

approach assumes that if MethaneSAT were to make observations of our FLEXPART output it 

would do so above a uniform surface, through a uniform atmosphere and from a uniform viewing 

geometry, and follows the example of Hungershoefer et al. (2010). Because the dominant 

difference between averaging kernels is a scaling factor, which would average out spatially 

across the domain, this assumption is acceptable for our purposes, which is to capture the greater 815 

sensitivity of the column-averaged dry-air mole fraction to methane enhancements in the lower 

atmosphere. We compared the average and interquartile range of the averaging kernels across 

each scene and found that this is an acceptable assumption that will not impact our final emission 

estimates. This does not necessarily mean that the averaging kernel is physically correct, as 

Buchwitz et al. (2006) have shown that they can cause enhancements to be over or 820 

underestimates, but rather that the model needs to be adjusted in order to be comparable to the 

observations. 

Eq. B1 is used to convert from mixing ratios at each layer to column-averaged dry-air mole 

fraction. 

  825 

𝑋𝐶𝐻6 ≈ ∑ \ 78(
8)*+,

∗ 𝑎% ∗ 𝑛%]99
%:! ,         (B1) 

 

Where 𝑎% is the averaging kernel weighting function at each level, 78(
8)*+,

 is the column weighting 

function (pressure difference across that layer normalized so that all layers add to 1) and 𝑛% is the 

mole fraction of CH4 for each layer. The averaging kernel is interpolated onto 55 vertical layers 830 

throughout the simulated atmospheric column. We are able to approximate by using mixing ratio 

instead of vertical column density (VCD) because of uniform grid box pressure differences in the 

lower atmosphere, where the methane enhancement in our model is found. This requires the 

assumption that there is no bias in the TCCON CO2 product used in the retrieval, that the prior is 

an accurate regional background and has no bias, and that we can neglect the influence of water 835 

vapor (which is negligible in a dry region like the Permian Basin). These assumptions also allow 
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us to neglect the impact that the CO2 averaging kernel would have through the use of the proxy 

retrieval algorithm. 

In order to apply the MethaneSAT averaging kernel to the modeled atmosphere in FLEXPART, 

we weight the particle releases at each layer by 𝑎% and 78(
8)*+,

	(which can be neglected because the 840 

particles are released from layers of approximately equal pressure thickness). 

Previous studies have shown that excluding the averaging kernel from the analysis has a 

negligible impact on the results, especially considered relative to transport errors and instrument 

noise (Li et al., 2022; Connor et al., 2008; Cogan et al., 2012; Zheng et al., 2019). This further 

strengthens the argument for using this simplified version of the averaging kernel. Averaging 845 

kernel discrepancies arising from this assumption will average out over the entirety of a domain 

and will be dominated by errors in the atmospheric transport model. They will therefore have a 

minimal influence on the basin total emission estimate. 
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Appendix C: Relative contribution of source types 850 

The total emissions of an oil and gas basin may be considered to represent the sum of distinct 

sources and dispersed sources. Distinct sources are identifiable as discrete plumes or blobs. 

Diffuse sources are more diffuse across space, representing cumulative emissions from 

distributed sources not identifiable as distinct sources. The distinction between these two types of 

sources depends on the sensitivity and detection limit of the observing platform, wind conditions 855 

at the time of observations, and other factors (Manninen et al., 2026). Under ideal viewing 

conditions, a distinct source detectable by MethaneSAT is any source emitting above the distinct 

source detection threshold of ~1300 kg/hr (Guanter et al., 2026; Manninen et al., 2026). The 

relative contribution of distinct and dispersed sources to basin total emissions (i.e. the statistical 

distribution of the emission magnitudes) is a current topic of discussion in the literature (Omara 860 

et al., 2024; Sherwin et al., 2024), and depends on the detection threshold of the observing 

system. MethaneSAT quantifies emissions from both source types simultaneously, spanning the 

gap between area flux mappers (Jacob et al., 2022) like TROPOMI (Tropospheric Monitoring 

Instrument, Veefkind et al. 2023, 5 km x 7 km pixel size) and point source imagers like GHGSat 

(Jervis et al., 2021, 25 x 25 m2 nadir pixels) and Carbon Mapper’s Tanager-1 (Duren et al., 2025, 865 

30 x 30 m2). 

Comparing the basin totals to the quantified distinct sources in each data set allows us to 

calculate the relative contribution of distinct sources to the basin total. Taking the sum of all 

distinct sources and the sum of all dispersed sources, we find that the distinct sources contribute 

only 6.0% of total emissions across all 9 scenes. This supports the conclusions of Williams et al. 870 

(2025) that dispersed sources make up the majority of emissions from oil and gas basins within 

the continental United States. 
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 875 
Figure C1. The relative contribution of distinct sources to basin total emissions for the domains. 

This data suggests that dispersed sources make up the majority of emissions in the Permian 

Basin. 

 

  880 
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Appendix D: Adjusting the MFIM background to match CORE 

We use a version of MFIM where the background has been adjusted such that the mean of the 

observed enhancement equals the mean of the posterior modeled enhancement from CORE 

(listed as MFIM_adj in Fig. 6) to assess the sensitivity of model results to the background 

concentration assumptions. When averaging across individual scenes, MFIM_adj is higher than 885 

CORE by an average of 15.1%. We conclude that the models agree well when averaging across 

many individual scenes, regardless of whether the adjusted background is used.  

When compiling the individual scenes into a composite emissions estimate, MFIM_adj has a 

basin total of 488 tons/hr, which is higher than the MFIM base case results by 22.6%, further 

demonstrating the importance of the background estimation for controlling the basin total. The 890 

MFIM_adj basin total is larger than CORE by 33.3%, near the level of agreement documented 

by other studies using different transport models (Munassar et al., 2023) and just outside of the 

uncertainty estimate (95% CI 282-453 tons/hr), although the CORE results fall within the 

uncertainty estimate for MFIM_adj (288-688 tons/hr). This discrepancy is likely due to the 

regularizing effect of the prior on emissions from CORE. The optimization of the background 895 

offset in CORE tends to push the background concentration down, which would increase the 

average enhancement. This would lead to a widespread increase in emissions if not for the prior, 

which prevents the model from fitting noise in low emitting regions. Since MFIM_adj uses a 

spatially invariant prior, this compensatory effect is not present, so lowering the background to 

match the average enhancement from CORE only increases emissions. Therefore it is more 900 

appropriate to compare CORE to the MFIM base case. 
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Figure D1. The same data presented in Fig. 6, now including the MFIM_adj case. Error bars for 

MFIM with the CORE background scale the uncertainty from CORE to the new total emission 905 

estimate. 
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