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Abstract26

The U.S. federal government undertook a flurry of new actions to monitor and27

regulate methane emissions beginning in years 2021 and 2022, including the28

Inflation Reduction Act (IRA). The IRA and Waste Emissions Charge (WEC)29
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represent a historic legislative effort to regulate U.S. methane emissions, yet its30

early effectiveness remains empirically unverified. Here we estimate changes in31

U.S. oil and gas methane emissions during 2019–2024 using an inverse model32

constrained by satellite observations. We find no detectable inflection point in U.S.33

oil and gas methane emissions in the years following these legislative and regulatory34

actions. Although methane emissions intensity from the oil and gas sector declined35

by 9.3–13.6% during 2019–2024, this trend likely reflects gradual technological,36

operational, and regulatory developments rather than any abrupt shift associated37

with federal policy. Furthermore, we identify a divergence in inventory reliability:38

state-level inventories align with satellite estimates in the highest emitting states39

with greenhouse gas (GHG) emission targets but underestimate emissions by a40

factor of about 4 in the highest emitting states without GHG targets. Our results41

underscore the limitations of transient legislative signals, suggesting that without42

long-term regulatory durability, the industry lacks the incentive to commit to43

methane emission reductions.44

Keywords: Inflation Reduction Act, methane emissions, oil and gas, Waste Emission45

Charge46

Main47

The Inflation Reduction Act (IRA), enacted in August 2022, represents the first48

legislation passed by the U.S. Congress to directly regulate methane emissions. The49

IRA introduced the Waste Emissions Charge (WEC), to be assessed beginning in 2024,50

and allocated substantial funding to accelerate methane detection, measurement, and51

mitigation technologies [1]. Specifically, as the first federally imposed fee on methane52

emissions, the WEC was widely seen as creating a financial incentive that would drive53

reductions in U.S. methane emissions [2]. The IRA further established the Methane54

Emissions Reduction Program, allocating $1.36 billion to provide technical and financial55

support to the oil and gas (O&G) sector [3]. In 2021, the White House also asked the56

Environmental Protection Agency (EPA) to begin a rulemaking process for methane57

emissions from new and existing sources using its authority under the Clean Air Act [4],58

and the EPA finalized these rules in 2024 [5]. As part of these rules, the EPA finalized59

regulations for both new and existing O&G sources, specifically issuing New Source60

Performance Standards (NSPS) Subpart OOOOb for new or modified infrastructure61

and Emission Guidelines (EG) Subpart OOOOc for existing facilities [6] (see Table S162

for timelines of all U.S. methane regulations related to NSPS, IRA, and WEC).63

Given the comprehensive scale of these provisions, the IRA and EPA rules were64

widely anticipated to function as a formidable regulatory signal, potentially driving a65

detectable inflection point in U.S. methane emission trends. However, these emissions66

reductions may not have been realized, both due to delays in implementing the WEC67

and EPA rules (see Table S1), and due to political actions in Washington beginning68

in 2025 that have made these measures effectively null and void [1]. For example,69

Congress nullified the EPA’s WEC rule in early 2025 [7]. The White House also repealed70

the Endangerment Finding in early 2026, which underpinned many previous GHG71
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regulations, including EPA’s methane rules [8]. Beyond federal action, however, many72

U.S. states (see Table S2) have set explicit GHG emissions reduction goals [9], and73

state action could yield a decrease in emissions irrespective of federal regulation [10].74

In this study, we aim to estimate changes in Contiguous U.S. (CONUS) methane75

emissions between years 2019 and 2024, particularly from the O&G sector, using76

TROPOMI satellite observations. We develop a regional inverse model using these77

observations and estimate emissions at a daily time resolution and a spatial resolution78

of 0.5◦ latitude by 0.625◦ longitude. To date, few studies have quantified changes in U.S.79

O&G methane emissions following the IRA using atmospheric-based measurements.80

This research gap leaves the influence of federal methane policy largely untested,81

especially in the O&G sector, where companies may have proactively taken steps to82

comply with the IRA during its initial roll out. We hypothesize that the methane-83

related provisions of the IRA have not yielded a detectable inflection point in U.S.84

methane emissions to date, likely owing to political turnover and delays in federal85

implementation, whereas well-established state-level regulations and methane emission86

targets (e.g., California and Colorado) had a positive effect on methane emissions87

monitoring and reduction.88

Emissions intensity declines despite no clear impact of89

IRA90

We do not observe an inflection point in O&G methane emissions or in emission91

intensity in the years following the IRA (Fig. 1). In fact, we find that O&G methane92

emissions increased by 0.21 [-0.06, 0.53] Tg from 2023 to 2024, where the provided93

uncertainty is the range of our inverse modeling ensemble (see Table 1). This lack94

of inflection point following the IRA is perhaps unsurprising given two details of its95

implementation, or lack thereof. First, the IRA established the WEC, beginning at96

$900 per ton in 2024 and increasing to $1500 per ton in 2026, but most implementation97

details – such as conditional exemptions, monitoring requirements, and the EPA’s final98

methane regulations [7]– remained unsettled through 2026. Consequently, the WEC99

was not yet functionally active during the study period, meaning that the primary100

economic levers intended to catalyze immediate new actions or emission efforts by101

O&G companies had not yet materialized. Even if the WEC were fully implemented,102

however, the EPA projected that it would have only a nominal impact on methane103

emission – an annual reduction of 0.15 Tg year−1 in 2024, and a cumulative reduction104

of just 0.96 Tg over the entire 2023–2035 period[7, 12, 13]. Second, EPA’s new methane105

rules (OOOOc) for existing O&G facilities have also not come into effect. These rules106

would have superseded the WEC for compliant facilities, and unlike the WEC, the107

EPA projected that they would have had a large impact on emissions – an annual108

reduction of about 4 Tg year−1, equivalent to ∼40% of our annual estimate for U.S.109

O&G methane emissions (Table 1-3 in EPA[14] ). However, no states submitted State110

Implementation Plans (SIP) by 2024 before the scheduled onset of WEC charges, and111

in early 2025, the new White House delayed enforcement and implementation of these112

EPA rules (see Table S1 for details).113
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Fig. 1 (a) Trends in U.S. O&G production, methane emissions, and emission intensity during 2019–
2024. Methane emission intensity is defined here as total O&G methane emissions divided by total
O&G production. Total O&G production (solid blue line, left y axis) is shown in million barrels of oil
equivalent (MMBOE) per year, with natural gas converted using an energy equivalence of 6,000 cubic
feet per barrel [11]. Average methane emissions (solid red line, right y axis) represent the average of 8
scenarios (see Table 1, same below), with the red shaded area indicating the full range (minimum
to maximum) in 8 scenarios. Average methane intensity (dashed black line; 10−4 Tg/MMBOE) and
the gray shaded area denote the ratio of average emissions to total production and its associated
uncertainty. The intensity uncertainty is derived from the full range (minimum to maximum) in our
methane emissions estimates. (b) Year-over-year percentage changes. Vertical error bars denote the
full ensemble range (minimum to maximum) derived from the 8 scenarios.

A lack of inflection point in U.S. methane emissions surrounding the IRA is likely114

also a result of varying corporate responses to the pending regulatory framework. While115

a subset of large, forward-looking operators had already proactively initiated enhanced116

monitoring and assessment protocols when the IRA passed [15], many others maintained117

a cautious “wait-and-see” posture as the technicalities of the WEC and its alignment118

with EPA methane rules evolved [16]. Even some proactive firms implemented strategic119

pauses in late 2023 to assess how the WEC would interact with the EPA rules [16].120
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Although we do not see a clear inflection point in U.S. O&G methane emissions121

during our study period, we cannot rule out year-to-year changes in emissions below122

the detection limit of our inverse model. We estimate a year-to-year ensemble detection123

limit of approximately 0.35 Tg yr−1, defined as 2σ of the ensemble variability (see SI).124

An even more conservative estimate for this quantity is 0.60 Tg yr−1, defined as the full125

ensemble range width (see SI). In addition, we cannot rule out a counterfactual scenario126

where emissions would have risen more than 0.21 Tg in the absence of the IRA and other127

EPA regulatory activities; thus, our inverse model results may represent a “mitigated128

growth” emissions scenario rather than a complete lack of impact by the IRA. We also129

note that the attribution of emissions to individual sectors is an additional source of130

uncertainty and is discussed in detail in the Methods and Supporting Information.131

We find a longer-term decline in U.S. O&G methane emissions intensity, even132

though we do not see a clear inflection point in O&G emissions concurrent with the IRA.133

Specifically, we find that emissions intensity from the O&G sector in CONUS declined134

by approximately 11.1% [9.3%, 13.6%] from 2019 to 2024, from 10.1 [8.4, 10.8] 10−4
135

Tg MMBOE−1 in 2019 to 9.0 [7.5, 9.6] 10−4 Tg MMBOE−1 in 2024. Although most136

of this decline in intensity occurred between 2020 to 2022, it represents, on average, a137

2.2% [1.9%, 2.7%] decline in intensity per year. This result suggests a slowing decline138

in U.S. O&G methane emissions intensity, as Lu et al. [17] found a 32% reduction in139

emissions intensity between 2010 and 2019, or, on average, a 3.6% decline per year.140

The decline in O&G emissions intensity is concurrent with a 8.5% increase in141

production from 2019 to 2024 (Fig. 1) and is in line with basin-specific satellite inverse142

model estimates [18] . We propose three possible explanations for why emissions have143

remained relatively flat despite an increase in O&G production. First, earlier federal144

regulations, namely NSPS Subpart OOOOa, instituted systematic Leak Detection and145

Repair (LDAR) for any O&G facility that was constructed, modified, or reconstructed146

after September 18, 2015 [19, 20] . These newer facilities are often built with cleaner147

equipment (e.g., air-driven pneumatics and controlled tanks) but have very high148

production volumes, contributing to lower intensity. Second, improvements to methane149

measurement technologies over the last decade have made it easier to detect large150

emissions, resulting in more opportunities for mitigation [21]. These improvements are151

especially important given that the largest emissions account for an outsized percentage152

of total methane emissions [22, 23] . Because these technological advancements occurred153

incrementally, we do not expect a precipitous drop in emissions in any one year154

from improved monitoring capabilities. Instead, these technological advancements, in155

aggregate, have likely contributed to the relatively flat emissions despite a substantial156

increase in production. Third, since 2019, rapid growth in U.S. liquefied natural gas157

(LNG) exports (see Figure S9) has driven a steady increase in the outflow of Permian158

Basin natural gas to global markets. The corresponding expansion of regional pipeline159

capacity has significantly reduced the flaring and direct venting of associated gas and160

is discussed in detail in the last section [24, 25].161

Our estimated decrease in emissions intensity is relatively consistent with the162

emissions intensity trend in the EPA GHGI. Specifically, we estimate a decline of 11.2%163

[9.1%, 13.0%] from 2019 to 2022, falling from 10.1 [8.4, 10.8] to 9.0 [7.5, 9.7] 10−4
164

Tg MMBOE−1, while the GHGI reports a 6.7% decline over the same period, falling165
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Fig. 2 CONUS O&G methane emission estimates during 2010–2024 [17, 26–30] . The black line
represents the average of our O&G methane emission inverse model estimates, with the shaded area
indicating the full range (minimum to maximum) of these values in 8 scenarios. The blue dashed line
shows the official EPA Greenhouse Gas Inventory (GHGI) values we used within the inverse modeling
prior. The vertical dotted line marks the enactment of the IRA in August 2022; notably, no detectable
inflection point is observed in the emission trajectory following this policy intervention. Note that
while some cited studies report total U.S. emissions, others focus on the CONUS and excludes Alaska
and Hawaii. We argue that Alaska and Hawaii represent a negligible (∼1%) contribution to total
anthropogenic methane emissions [28] and thus can be disregard for this comparison.

from 7.2 to 6.7 × 10−4 Tg MMBOE−1. The EPA attributes this decline to pipeline166

replacement programs, improved materials and construction practices, enhanced leak167

detection and repair, and upgrades to transmission and storage infrastructure [31].168

However, we find that total CONUS O&G methane emissions from 2019 to 2022169

remained, on average, 17% higher than the GHGI (Fig. 2), a finding consistent with170

several independent top-down assessments of U.S. O&G emissions conducted over the171

past decade (2010 to 2021). Methane emissions estimates from these studies range172

from 10.4 to 18 Tg year−1, values that are 33% to 100% higher than the EPA GHGI173

[17, 26–30]. The persistent discrepancy between these top-down assessments and the174

GHGI suggests that it may be capturing the right trend for the wrong reason, namely175

that it fundamentally underestimates emission magnitudes [32, 33]. Overall, our inverse176
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Fig. 3 Comparison of O&G methane emission estimates in three highest-emitting states with GHG
reduction targets and those without GHG reduction targets derived from the inverse model and
inventories during 2019–2024. Dark-colored bars represent average methane emissions estimated in our
study (the O&G methane emission inverse model estimates), while light-colored bars represent average
O&G methane emissions estimated using inventories (bottom-up) from California, Colorado, New
Mexico, Louisiana, Oklahoma, and Texas during 2019–2024. Blue bars correspond to the three O&G
methane-emitting states with GHG reduction targets, namely California, Colorado, and New Mexico,
whereas red bars correspond to the three O&G methane-emitting states without GHG reduction targets,
namely Louisiana, Oklahoma, and Texas. Black error bars indicate the full minimum-to-maximum
range of available estimates for both inverse model and inventory methods during 2019–2024. Note
that we only have inventory estimate for New Mexico in 2020, Oklahoma in 2020, and Texas in 2022.

model confirms that the GHGI provides a reliable directional trend on O&G methane177

emission intensity but likely underestimates O&G methane emissions.178

Inventories from states with GHG targets are broadly179

consistent with inverse model estimates180

State-level inventories exhibit varying degrees of agreement with our inverse modeling181

estimates, a divergence that correlates with the presence of state-level GHG emissions182

targets (see Table S2 for details of state-level GHG targets). We quantify this dis-183

crepancy using an emission ratio – defined as the inverse model estimate divided by184

the inventory estimate for each state. We focus on the three highest-emitting states185

with GHG reduction targets (New Mexico [34], California [35], Colorado [36]) and186

those without GHG reduction targets (Texas [37], Louisiana [38], Oklahoma [39]).187

For states with GHG reduction targets, inventory estimates for the O&G sector are188

broadly consistent with inverse model estimates, yielding a group average ratio of 1.1×.189

Specifically, California shows near-perfect agreement (1.0×), while Colorado (1.3×)190

and New Mexico (1.1×) remain closely aligned.191
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In contrast, for the three highest-emitting states without GHG targets, inventories192

for the O&G sector are substantially lower than inverse model estimates, with a193

group average ratio of 4.0×. This divergence is particularly acute in Texas (3.9×)194

and Oklahoma (6.3×). Such regional underestimation has persisted since Miller et al.195

[40] identified that total anthropogenic emissions in the South Central U.S. (Texas,196

Oklahoma, and Kansas) were ∼ 2.7× higher than the Emissions Database for Global197

Atmospheric Research (EDGAR) inventories during 2007–2008, indicating that there198

is considerable potential for improvement in bottom-up reporting in regions lacking199

GHG emission targets. These findings also complement a recent study by Nesser et200

al. [28], who compared state-level emissions estimated from TROPOMI against the201

EPA’s GHGI and against a handful of state inventories. The authors find that the202

GHGI underestimates emissions in most states. In contrast to the GHGI, we find that203

comparisons with state-level inventories are potentially more nuanced and correlate204

with the presence or absence of GHG targets, at least for the largest emitting states.205

The discrepancy between these two groups of states could reflect multiple factors.206

First, states like California and Colorado fund methane measurements which may affect207

the accuracy of their inventories. For instance, the California Air Resources Board208

(CARB) has funded both methane measurements [41] and regional inverse modeling209

assessments to verify inventory accuracy [42–44]. Similarly, Colorado actively measures210

methane emissions from the O&G sector (e.g., the SABER and COBE campaigns211

[45]). Although these measurements are not always used to directly update state212

inventories, both Colorado and California often use customized emissions factors that213

are different from EPA’s factors [46, 47]. By contrast, states like Texas and Oklahoma214

have generally lacked equivalent state-level investments in similar research programs215

to the same extent. Second, state inventories may underestimate emissions by applying216

emission factors derived from large, well-regulated facilities to smaller operators that217

fall below reporting thresholds. Instead of using direct measurements for these non-218

reporting sources, the emissions inventory in Texas [37] is estimated by linearly scaling219

based on production volumes. Similarly, Louisiana [38] and Oklahoma [39] rely on220

general calculation models, such as the EPA State Inventory Tool (SIT) and National221

Emissions Inventory (NEI), assuming that all facilities have the same emission intensity.222

This simplified approach does not reflect the fact that methane emissions intensity223

from low-producing oil wells are often disproportionately high [23, 48].224

The relative accuracy of inventories in states with GHG targets does not, how-225

ever, translate to guaranteed progress toward their reduction targets. For example,226

California’s official inventory [49] reports that total anthropogenic methane emissions227

declined from 1.57 Tg CH4 in 2013 to 1.45 Tg CH4 in 2022. This modest 7.6% decline228

over 9 years in total anthropogenic emissions highlights a critical implementation gap.229

To satisfy the SB 1383 mandate of a 40% reduction by 2030, California must lower230

its annual emissions to 0.94 Tg yr−1. This gap necessitates an additional reduction of231

0.51 Tg before 2030 – a requirement that dwarfs the 0.12 Tg reduction achieved over232

the preceding decade. Our inverse model estimates further underscore this challenge:233

while California targets aggressive cuts, our inverse modeling estimate for California234

fluctuates around a multi-year average (1.5 ± 0.3 Tg during 2019–2024), suggesting235

that California would need to increase its methane emissions reductions to meet the236
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Fig. 4 Aggregated O&G methane emissions (Tg year−1) for states with GHG reduction targets
(blue) and without (red) GHG reduction targets (see Table S2 for the list of state with GHG target).

2030 statutory target. Similarly, Colorado faces significant hurdles in tracking its 2025237

mandate to reduce methane emissions by 26% relative to 2005 levels. Our inverse238

model estimates for Colorado (2019–2024) show total anthropogenic emissions ranging239

from 0.39 to 0.97 Tg, with the O&G sector contributing 0.09–0.22 Tg. This variabil-240

ity is mirrored in the state’s own inventory, which reports O&G methane emissions241

between 0.06 and 0.23 Tg during the 2021–2024 period. As a result, these structural242

uncertainties make it difficult to constrain the precise gap between Colorado’s current243

levels and the 2025 target because the year-to-year variation (greater than 30%) exceed244

the state’s methane emission reduction target (26%).245

Interestingly, our inverse model ensemble (Fig. 4) reveals no substantial difference246

in O&G methane emission trends between states with and without GHG targets during247

2019–2024. Specifically, the ensemble range of O&G methane emissions reduction rates248

for states with targets (1.03% to 2.57% yr−1) overlaps with that of non-target states249

(0.60% to 1.49% yr−1). This overlap suggests that the presence of state-level GHG250

targets alone was not a dominant driver of emission reductions in the short term. This251

lack of divergence is driven primarily by substantial emission reductions in major252

non-target states, most notably Texas. Texas – the largest emitting state – shows a253

14% decline in O&G methane emissions in our inverse model from 3.73 Tg in 2019254

to 3.24 Tg in 2024. The reason for this decline may relate to recent infrastructure255

changes in the state. Several gas pipelines were built across Texas between 2019 and256
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2024, so oil producers no longer need to flare co-produced gas and are instead able to257

send it to market via pipeline [50, 51]. Notably, the Gulf Coast Express (completed in258

late 2019) pipelines transports natural gas from the Permian Basin to Corpus Christi.259

Furthermore, the Whistler Express [52] and the newly commissioned Matterhorn260

Express Pipeline [53] transport Permian Basin natural gas to demand centers in the261

greater Houston area. Overall, the expansion of this infrastructure pipeline network262

may have led to a decrease in leaks and methane emissions [24, 25]. Also, the gas-to-oil263

ratio (GOR) in the Permian is increasing over time [54]. As a result, the gas produced264

is becoming more valuable, potentially incentivizing better infrastructure to process265

and transport gas. For example, existing studies have argued that oil-heavy basins tend266

to have higher methane emissions than gas-heavy basins [27]. These factors combined267

may have led to a decrease in O&G methane emissions in Texas despite increased268

O&G production and no GHG target.269

Methods270

Overview271

The inverse model entails a two-step approach: a global inverse model for the first272

step and a higher-resolution regional inverse model for the second step. This approach273

is designed to ensure that regional emission estimates are physically consistent with274

global atmospheric constraints. Some existing studies use boundary conditions from275

other published work [55–57]; however, in this study, we use boundary conditions from276

the first step to ensure internal consistency.277

The first step consists of a global inverse model to establish the boundary condition278

for the regional inverse model. We employ a mathematical framework similar to that279

of Chen et al. [58], but with modifications to the observations and predictor variables.280

In this step, we specifically run GEOS-Chem version 10-01b and the adjoint simulation281

version 36 at a 2◦ latitude by 2.5◦ longitude grid resolution. The 2◦ by 2.5◦ grid was282

chosen over smaller grids as a compromise to reduce the computing time required by283

GEOS-Chem and the inverse model. A single year of GEOS-Chem simulations typically284

requires 12 hours of wall-clock time on the Johns Hopkins University supercomputer285

(Rockfish). We run GEOS-Chem 50 times sequentially for each simulation year, resulting286

in a total computational investment of approximately 25 days to generate one year of287

global emissions estimates.288

The second step is a regional inverse model focused on CONUS (23◦N –51◦N289

and 126.875◦W–65.0◦W). This step utilizes the optimized results from the global290

inverse model in the first step to define the essential initial conditions and boundary291

conditions. We specifically run GEOS-Chem version 10-01b and the adjoint simulation292

version 36 at a 0.5◦ latitude by 0.625◦ longitude grid resolution. A single year of293

regional GEOS-Chem simulations requires 7 hours of computing time on Rockfish.294

Following the 50-iteration sequential protocol, a year of regional inverse modeling295

requires approximately 15 days of computing time.296

10



Observations297

In both global and regional inverse models, we use the blended TROPOMI + GOSAT298

satellite data product for atmospheric methane [59]. The TROPOMI methane retrieval299

has numerous challenges with observational errors, and this blended product corrects300

TROPOMI observations to match the more accurate GOSAT methane retrievals [59].301

Compared to the original TROPOMI L2 data, this product exhibits lower global biases302

relative to GOSAT, and it has been used in many studies [28, 55–57, 60, 61].303

We select the 2019–2024 study period because blended TROPOMI + GOSAT304

satellite data became available starting May 2018. For the global inverse model305

(i.e., the first step described above), we begin our simulations at the beginning of306

the TROPOMI measurement period and discard the first eight months as a model307

warm-up. For the regional inverse model (i.e., the second step), we discard the first308

month as a model warm-up. The regional domain is initialized with the optimized309

methane mixing ratio fields and time-varying boundary conditions derived from the310

preceding global inverse model (the first step); thus, the regional model (the second311

step) reaches physical and chemical equilibrium rapidly. We also evaluate our inverse312

modeling results using in-situ observations (in CONUS only) from the National Oceanic313

and Atmospheric Administration (NOAA) Observation Package (ObsPack) dataset314

(obspack ch4 1 GLOBALVIEWplus v6.0 2023-12-01) [62]. We do not use these in-situ315

observations to constrain methane emissions within the inverse model but rather use316

them as independent data for evaluating the inverse model.317

Inverse model318

In both the global and regional inverse models, we use the same underlying mathemat-319

ical equations. For the setup here, we have n TROPOMI observations collected across320

different times and locations and aim to estimate unknown emissions in m model grid321

boxes at different locations and on different days (where n and m have different values322

in the global and regional models) [58, 63, 64]:323

z = h(s) + ϵ (1)

where z represents the TROPOMI methane observations (dimensions n × 1, in ppb).324

For example, for the global inverse model, we use approximately 200,000 TROPOMI325

observations every day over 610 days (20 months). Therefore, n ≈ 610 × 200, 000 for326

the global simulations. Similarly, n ≈ 395 × 2, 000 for the regional inverse model (395327

days = 13 months). The function h() represents the atmospheric transport model,328

and s is the vector of methane emissions to be estimated (dimensions m × 1, in units329

of kg m−2 s−1). For the global inverse model, we have 4,219 model grids each day330

over the 610 day study period. Therefore, m = 610 × 4, 219 = 2, 573, 590. Similarly,331

m = 395 × 5, 700 = 2, 251, 500 for the regional inverse model. In addition, the variable332

ϵ represents the model-data mismatch errors, which include errors in the measurements333

and the atmospheric transport model (n × 1) [65]:334

ϵ ∼ N (0, R)
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where the symbol ∼ means “is distributed as”, N is a multivariate normal or Gaussian335

distribution. R (n × n) is a covariance matrix that characterizes the properties of336

the errors (ϵ), and we need to estimate these properties before running the inverse337

model. In both global and regional inverse models, we set the diagonal elements of338

R equal to (25 ppb)2 same as previous work [58]. We also tested (15 ppb)2 in some339

scenarios (see Table 1). We also require an initial condition or restart file that provides340

methane mixing ratios in the global atmosphere on the first day of our simulations,341

and we use estimates of methane mixing ratios from the CAMS global GHG reanalysis342

(EGG4), downloaded from the Copernicus Atmosphere Monitoring Service (CAMS)343

Atmosphere Data Store (ADS) for the global inverse model [66]. We use estimates344

from the global inverse modeling simulations as the initial condition and boundary345

condition for regional inverse modeling simulations.346

Using these inputs, the inverse model will estimate emissions s that consist of347

two components: a deterministic component Xβ and a stochastic component ζ. The348

emissions (s) and coefficients (β) are estimated simultaneously in the setup here, and349

the stochastic component ζ is subsequently straightforward to calculate [63, 65]:350

s = Xβ + ζ (2)

where X is a matrix of predictor variables (dimensions m × p, and p = 1). These351

predictor variables can encompass any product or dataset that helps predict the352

spatial and temporal distribution of methane emissions. In this study, we use emissions353

inventories in X, but existing studies of methane emissions that use the same inverse354

modeling equations (Eq. 1 and Eq. 2) have sometimes used more creative predictor355

variables, including directly assimilating soil carbon maps, wetland maps, and maps356

of agricultural activities [40, 67, 68]. The inverse model will estimate coefficients357

(β) that scale the magnitude of these predictor variables to produce the best match358

possible against atmospheric methane observations (Eq. 1). The inverse model will also359

estimate grid-scale patterns in the emissions (ζ) that cannot be described by any of360

the available predictor variables. In other words, the stochastic component will correct361

the spatial and temporal patterns in the deterministic model, so that the estimated362

emissions better match the observations. The inverse model uses a covariance matrix363

Q (dimensions m × m) to guide the properties of ζ, and the parameters that define Q364

must be prescribed by the modeler:365

ζ ∼ N (0, Q),

The diagonal elements of Q define the variance of ζ in space and time, and the off-366

diagonal elements prescribe spatial and temporal correlations in ζ. We set the diagonal367

elements of Q to (1 × 10−10 kg m−2 s−1)2, the same as Chen et al. [58]. We use368

this value because the standard deviation of the bottom-up estimates (i.e., predictor369

variables) in X is approximately 1 × 10−10 kg m−2 s−1. We also tested 2 × 10−10 kg370

m−2 s−1 in some scenarios (see Table 1). Hence, we allow the stochastic component371

of the inverse model to make corrections to the bottom-up estimates (i.e., predictor372

variables) that are similar in magnitude to those estimates. We further set the de-373

correlation length to 500 km or 200 km (using a spherical model), and we set the374
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de-correlation time of the stochastic component to 30 days or 90 days, similar to375

previous work [40, 69]. Previous inverse modeling studies often set a de-correlation376

length of 100 km to 500 km [40, 69–72]).377

We estimate the emissions using the L-BFGS optimization algorithm, following the378

approach described in Miller et al. [64]. In addition, we use a square root transformation379

to ensure that the resulting emissions estimate is not negative (see SI for more details380

about the L-BFGS method). Although natural soils provide a small global methane381

sink, the anthropogenic emission categories optimized in our study are strictly positive382

sources. Enforcing a non-negativity constraint is therefore critical to preventing the383

optimization algorithm from generating physically unrealistic sinks to mathematically384

compensate for localized transport errors. Consequently, non-negativity constraint is385

widely adopted in previous studies [40, 55, 73].386

Predictor variables387

For the global inverse model, we use predictor variables similar to our previous work388

[58], and for the regional inverse model, we run simulations with 2 anthropogenic389

and 2 wetland models (see Table 1). We use multiple simulations to ensure that the390

posterior emissions from the inverse model are not unduly influenced by a single,391

subjectively chosen predictor variable. Note that we sum these different emissions392

products (including one anthropogenic and one wetland product for each inverse393

modeling run) into a single predictor variable, so X in this study only has a single394

column. We subsequently solve for total methane emissions in the inverse model and395

later derive estimates for O&G methane emissions (described in the next section).396

We combine multiple global and regional inventories for anthropogenic emissions.397

Specifically, we use the default regional and global emissions inventories in the Har-398

monized Emissions Component (HEMCO) version 3.9.0 [74]. Note that HEMCO is399

a software module that re-grids and combines emissions from various regional and400

global inventories (e.g., EDGAR) into GEOS-Chem. The global inventory includes the401

Global Fuel Exploitation Inventory version 2.0 [75] for the oil, gas, and coal sectors,402

Global Fire Emissions Database version 4 (GFEDv4) for biomass burning emissions,403

reservoir emissions [76], and the EDGAR v8 inventory [77] for other anthropogenic404

sources. Regional inventories include the Inventory of U.S. Greenhouse Gas Emissions405

and Sinks (GHGI) [78] for the U.S., as well as regional inventories for Canada [79]406

and Mexico [80]. For global inverse modeling simulations, regional inventories (e.g.,407

GHGI) override global inventories (e.g., EDGAR) in their respective domains. For408

the regional inverse model, we use EDGAR in some scenarios and GHGI in others.409

For wetland methane emissions, we use the mean from the Global Carbon Project410

(GCP) process-based model ensemble [81] in some scenarios and the average of the411

WetCHARTs (another ensemble of wetland models) [82] in others.412

Inverse modeling scenarios413

In total, we conduct 8 different regional inverse modeling scenarios for each year414

(over five years), each using different predictor variables for wetland emissions and415

anthropogenic emissions. We present the average of these 8 simulations throughout the416

13



results. We also present the ensemble range of these 8 scenarios in the results but we417

note that this ensemble range is not the same as the posterior uncertainties. Rather, it418

captures some of the uncertainties related to the predictor variables and observational419

errors. By contrast, the L-BFGS method does not provide a mathematical estimate of420

the posterior uncertainty. To evaluate the sensitivity of our inverse model estimates to421

OH uncertainties, we perform additional simulations with global OH concentrations422

reduced by 1.6% [83] and 4.0% [84] in 2020 (see SI).423

The 8 different scenarios are outlined in the table below.

Table 1 Overview of scenarios used in this study.

Scenario Initial Conditions Warm-up Wetland Anthropogenic Parameters*

1 CAMS 8 months WetCHARTs EDGAR v8 1, 25, 30, 500
2 CAMS 8 months GCP GHGI 1, 25, 30, 500
3 Chen et al. (2025) 1 month WetCHARTs EDGAR v8 1, 25, 30, 500
4 Chen et al. (2025) 1 month GCP GHGI 1, 25, 30, 500
5 Chen et al. (2025) 1 month WetCHARTs EDGAR v8 1, 15, 30, 500
6 Chen et al. (2025) 1 month WetCHARTs EDGAR v8 2, 25, 30, 500
7 Chen et al. (2025) 1 month WetCHARTs EDGAR v8 1, 25, 90, 500
8 Chen et al. (2025) 1 month WetCHARTs EDGAR v8 1, 15, 30, 200

*The column “Parameters” lists the hyperparameters in the following order:
1. Square root of the diagonal elements of Q (unit: 10−10 kg m−2 s−1);
2. Square root of the diagonal elements of R (unit: ppb);
3. De-correlation time (unit: days);
4. De-correlation length (unit: km).
Scenarios 5–8 represent sensitivity tests with perturbed parameters relative to the baseline (Scenario 3).

424

The posterior emissions from the inverse model (s) provide an estimate of total425

methane emissions in each model grid box, not emissions for individual source types426

(e.g., oil sector and gas sector). Hence, we need an approach to estimate sectoral427

emissions from O&G sources. We first calculate the fraction of emissions in each428

grid box that are attributable to O&G using existing inventories and bottom-up429

models. For this calculation, we use anthropogenic emissions from EDGAR (or GHGI),430

biomass burning emissions from GFED, and wetland emissions from the average of431

the GCP (or WetCHARTs) model ensemble. We subsequently multiply our posterior432

emissions estimate in each grid box by the corresponding fraction calculated in the433

previous step. We sum this O&G contribution across individual regions or across the434

globe to obtain O&G emission totals. This method has been used in several existing435

inverse modeling studies [58, 70, 72, 85, 86]. It is important to note, however, that the436

attribution of emissions to specific sources introduces additional uncertainty in the437

posterior emissions estimate. Specifically, the approach used here relies on the ratio of438

anthropogenic versus wetland emissions in existing bottom-up estimates, and errors in439

this ratio (e.g., EDGAR, GHGI, GCP, and WetCHARTs) could propagate into errors440

in the estimated source attribution. Fortunately, this approach to attribution does not441

assume that the absolute magnitude of emissions in the bottom-up models is correct.442
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