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Abstract  23 

Methane emissions reduction from the oil/gas sector, the largest industrial methane source, 24 

is a widely-recognized effective strategy for slowing the rate of climate warming. There 25 

are over 600,000 well-pads in the U.S.; one-fifth produce most of the economic value, 26 

while the remainder produce limited oil/gas. We use high-resolution MethaneSAT satellite 27 

data covering >80% of US onshore production to determine methane emissions across 28 

individual well-pad production cohorts, bridging a knowledge gap between what point-29 

source and global-mapping satellites provide. The analysis reveals outsized methane 30 

emissions from low-producing well-pads (<15 boe/day), that account for only 6% of 31 

national production but more than half of well-pad methane emissions and ~40% of total 32 

oil/gas supply-chain emissions. The mean emissions intensity from low-producing well-33 

pads is over tenfold compared to higher-producing well-pads, revealed by the spatially 34 

explicit satellite-based methane emissions intensity mapping. These low-producing well-35 

pads represent a major methane mitigation opportunity for the U.S. oil/gas sector. 36 

 37 

Teaser 38 

Satellite data reveal low-producing U.S. oil/gas well-pads contribute outsized methane 39 

emissions, offering an important mitigation opportunity. 40 

 41 

 42 

 43 

 44 

 45 

 46 

 47 
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INTRODUCTION 48 

Methane is a potent short-lived greenhouse gas which is responsible for ~30% of anthropogenic-49 

caused climate warming (1). Reducing anthropogenic methane emissions from the global oil and 50 

gas sector is one of the most effective strategies for near-term climate warming mitigation (2, 3). 51 

A wide range of measurement approaches have been developed to quantify methane emissions, 52 

spanning site-level observations to global atmospheric inversions constrained by satellite data. 53 

Recent advances in satellite remote sensing have substantially improved the spatial and temporal 54 

resolution of methane emissions data. Global mapping satellite-based systems can provide 55 

emission quantification at regional and national scales (4, 5), while point-source imagers enable 56 

detection and monitoring of large facility-scale emissions (6, 7). MethaneSAT (March 2024 – 57 

June 2025) was designed to bridge the observational gap between global mapping and point 58 

source observations by providing high-resolution (110 × 400 m pixel size at nadir) and high-59 

precision measurements over wide spatial domains (~250 × 220 km average of all observations) 60 

(8–10), in order to quantify emissions at individual basins and jurisdictions but also spatially 61 

resolve emissions at finer area scales. Atmospheric inverse modelling of MethaneSAT 62 

observations yield methane emission rate estimates at a fine spatial scale (i.e., 4 × 4 km2), 63 

exceeding the spatial granularity of conventional bottom-up inventories which currently are 64 

available at 0.1° × 0.1° (i.e., 10 × 10 km2) (11–14). These advances enable the characterization of 65 

spatial heterogeneity in methane emissions at a regional scale, allowing the connection of 66 

observed emissions to underlying oil/gas infrastructure which provides policy-relevant data to 67 

better understand emissions variability at multiple spatial scales in order to support effective 68 

mitigation opportunities. 69 

 70 

Methane emissions intensity is defined as the ratio of methane emissions normalized by gas 71 

and/or oil production. Recent initiatives, like the Oil and Gas Climate Initiative (15), and member 72 

companies from the Oil and Gas Decarbonization Charter who produce ~40% of global oil and 73 

gas (16), have set ambitious targets, such as reducing gas production-normalized methane 74 

intensity to near zero, with a benchmark of 0.2% by 2030 (15). However, comparing methane 75 

intensity across oil and gas basins and over time is complicated by differences in production 76 

trends, infrastructure deployed, oil and gas composition, and measurement methods. For example, 77 

satellite-based estimates show that gas production-normalized methane intensity has declined in 78 

the Permian Basin in recent years despite relatively stable total oil and gas methane emissions, 79 

even with increased total oil and gas production (17–19). Marginal well-pads, typically defined as 80 

producing less than 15 barrels of oil equivalent per day combined from wells within the well-pad, 81 

contribute relatively little to total energy production (20). Yet, marginal well-pads are numerous 82 

(over half a million in the United States) and widely dispersed across production regions in the 83 

United States (U.S.), and their emissions are often co-located with other infrastructure, including 84 

compressor stations, processing facilities, and refineries, that may emit methane at rates that do 85 

not scale with proximate production (20–24). As a result, regional emission estimates derived 86 

using existing global mapping satellite data at coarse-scale inversions (typically at 50 × 50 km2 or 87 

25 × 25 km2 resolution) represent aggregate emissions from a diversity of infrastructure types and 88 

production cohorts rather than isolating specific source types. Disentangling emission 89 

contributions from the components of oil and gas production requires observations with sufficient 90 

spatial resolution to resolve area emissions from different oil/gas production cohorts including 91 

across marginally producing landscapes. 92 

 93 

Here, we use high-resolution (4 × 4 km2) methane emission estimates based on the high precision 94 

spectrometer measurements obtained by MethaneSAT from May 2024 to June 2025 that represent 95 

over 80% of total oil and gas production in the contiguous U.S. (CONUS) in 2024 (see Methods). 96 

We isolate areas populated by production well-pads without other associated above-ground oil 97 
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and gas infrastructure (see Methods), enabling a satellite-based assessment of emissions from 98 

production-only areas. We then use the satellite-derived well-pad emissions to upscale to the 99 

entire CONUS. The goal is to quantify the relative contributions of marginal and non-marginal 100 

production to national-scale well-pad methane emissions and to examine methane emissions 101 

intensity across individual basins in terms of losses of methane relative to both gas production and 102 

total energy (oil and gas) production. 103 

 104 

 105 

RESULTS 106 

High resolution methane emissions and intensity estimates 107 

We aggregate methane emission estimates from 74 MethaneSAT scenes and disaggregate total 108 

emissions by methane sector (SI – Fig. S1-S2; Table S1; see Methods). Within MethaneSAT-109 

observed regions in the CONUS, we estimate total oil and gas methane emissions of 6.6 Tg a-1 110 

(95% CI: 5.0–8.3; Fig. 1a). These regions accounted for 84% of total onshore marketed oil and gas 111 

production in the CONUS in 2024. The aggregated emissions dataset includes 11 oil and gas basins, 112 

with >90% basin-level production coverage in nine of them (Table S5). We compare our oil and 113 

gas emissions estimates for the observed regions with recent TROPOMI inversions for 2023 (3) 114 

and find statistical agreement with their estimate of 6.8 Tg a-1 (95% CI: 4.8–7.2; Fig. 1b). Our 115 

estimates are nearly twice the oil and gas emissions reported to the UNFCCC by the U.S. EPA (11, 116 

12) for similar areas (Fig. 1b), although these bottom-up estimates are for the year 2020. 117 

 118 

We calculate methane emissions intensity normalized by gas production (“loss rates”) and 119 

combined oil and gas production (“energy intensity”) across multiple spatial scales, including 120 

basin, county, and grid-cell (~4 × 4 km) levels (see Methods). Across the full MethaneSAT 121 

observation domain in the U.S., we estimate a gas-normalized methane emissions intensity of 122 

1.2% (95% CI: 0.8 – 1.4%) and an energy-normalized intensity of 0.12 kg CH4 GJ-1 (95% CI: 123 

0.08 – 0.16) (Fig. 1c). These values are lower than airborne estimates from MethaneAIR (i.e., 124 

1.6%) for 2023 covering similar but distinct oil and gas basins (25).  125 

 126 
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 127 

 128 
 129 

Fig. 1. Surveyed regions by MethaneSAT and comparisons of oil/gas emissions and 130 

intensity. a) Map of all surveyed regions by MethaneSAT in the contiguous United States 131 

(CONUS) colored by the percentage of total marketed gas production relative to total marketed 132 

oil and gas produced for the measured region in 2024 (26). Oil and gas basin boundaries are 133 

shown by black dashed lines for the top 20 producing oil and gas basins in the U.S., and those 134 

targeted by MethaneSAT observations are named in the legend. b) Comparisons of total supply-135 

chain oil and gas methane emissions for surveyed regions in the CONUS (excluding end-use oil 136 

and gas methane emissions) to bottom-up (12, 13) and top-down TROPOMI inversion estimates 137 

(4) over the same observation domains. Oil and gas estimates from the UNFCCC are obtained 138 

from spatially-resolved emissions presented in the Globel Fuel Exploitation Inventory v3 (12). 139 

The corresponding years of measurement are indicated above the bars. c) Methane emissions 140 

intensities for the full aggregated MethaneSAT observation domain in the CONUS. The OGCI 141 

(15) methane emissions intensity target of <0.2% for gas-normalized methane emissions intensity, 142 

and the equivalent energy-intensity target of <0.03 kg CH4 GJ-1 are shown for reference. The 143 

energy-intensity equivalent value of <0.03 kg CH4 GJ-1 is the gas-only equivalent energy intensity 144 

(see Methods). 145 

 146 

Figure 2 shows maps of oil and gas production alongside methane emissions intensity estimates for 147 

the Permian, Eagle Ford, and Haynesville oil and gas basins, with the remaining observed regions 148 

shown in the SI – Fig. S3-S5. Methane emissions intensity increases systematically in lower-149 

production areas, with the highest values occurring at the periphery of major production zones (Fig. 150 

2b,d). This pattern reflects an inverse relationship between production and methane emissions 151 

intensity, as identified in previous work (20) (SI – Fig. S6). Sampling strategies can strongly 152 

influence reported methane intensities. Aerial measurement campaigns often prioritize high-153 

production areas to capture large emission sources (25, 27, 28), which may bias intensity estimates 154 

low if low-producing areas are underrepresented. Conversely, studies focused on marginal or low-155 

production areas may yield higher intensity estimates. Meaningful comparisons therefore require 156 

measurements over broad spatial domains encompassing the full range of emission characteristics. 157 
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Our estimates reflect the MethaneSAT observation footprint, which captures both core production 158 

areas and surrounding infrastructure across all regions analyzed. 159 

 160 

 161 

 162 
 163 

Fig. 2. Gridded oil and gas production and methane emissions intensity. Aggregated 164 

MethaneSAT observation domains for the Permian, Eagle Ford, and Haynesville oil and gas 165 

basins. Annual marketed 2024 a) gas-production and c) oil and gas production gridded by 166 

MethaneSAT observation grid cells (26). Gridded b) gas-normalized and d) energy-normalized 167 

methane emission intensities at the native 4 × 4 km2 grid cell resolution of MethaneSAT 168 

emissions. Note that methane emissions intensity metrics in panels b,d) are presented in log10 169 

scale. Production and intensity breakdowns are shown for other observed regions in the SI (Fig. 170 

S3-S5). 171 

 172 

 173 

At the grid-cell level (ie., 4 × 4 km2), only 16% of intensity estimates fall below the OGCI 174 

methane intensity target of 0.2% for loss rates, and just 11% fall below the corresponding energy-175 

intensity equivalent target of 0.03 kg CH4 GJ-1 (Fig. 3a,c). We note substantial variability in grid-176 

cell-level methane intensity estimates (Fig. 3a,c), regardless of whether intensity metrics are 177 

based on gas alone or combined oil and gas production. Fine resolution emissions data captures 178 

localized low-production areas and isolated infrastructure, leading to significant variability in 179 

measured emissions intensity when measured over a broad regional context. In contrast, 180 

aggregation to basin scales incorporate additional non-producing infrastructure (e.g., compressor 181 
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stations and processing facilities) while encompassing increased oil and gas production with a 182 

larger coverage area, increasing both the numerator and denominator in the methane emissions 183 

intensity calculations (see Methods). Within oil and gas basins, gas-normalized methane 184 

intensities (i.e., loss rates) range from 0.5 - 0.6% in gas-dominated basins like the Appalachian 185 

and Haynesville, up to 8.9% in an oil-dominated basin like the San Joaquin (Fig. 3b,d). Elevated 186 

loss rates in regions with significant oil production can be biased high (29, 30), underscoring the 187 

importance of complementary energy-normalized metrics. In contrast, the Appalachian basin 188 

which is a high gas-producing basin, consistently shows some of the lowest methane intensities in 189 

the U.S. (25, 27, 31, 32). Using oil-and-gas-normalized methane emissions intensity (i.e., energy 190 

intensity), the lowest intensities are observed in the Bakken (0.05 kg CH4 GJ-1) and Appalachian 191 

(0.09 kg CH4 GJ-1) basins, while the highest occur in the Piceance (0.23 kg CH4 GJ-1) and San 192 

Joaquin (0.27 kg CH4 GJ-1) basins. Both our localized grid-cell analysis and basin-level 193 

assessments of methane emissions intensity highlight substantially higher emissions than the 194 

industry loss rate target of 0.2% (15) and energy intensity equivalent target of 0.03 kg CH4 GJ-1 
195 

(see Methods). 196 

 197 

 198 

 199 

  200 
 201 

Fig. 3. Relationships between oil and gas production and methane intensity. a,c) Scatterplots 202 

of the entire compiled MethaneSAT dataset for the contiguous U.S. (CONUS) showing methane 203 

intensities normalized by gas- (i.e., loss rates) and combined oil and gas (i.e., energy intensity) 204 

production by all grid cells (ie., 4 × 4 km2) containing actively production well-pads. b,d) Basin-205 

level breakdowns of estimated methane intensities within satellite-observed oil and gas basin 206 

boundaries domains. The OGCI methane intensity target (or equivalent for energy intensity) are 207 

shown as black dashed lines throughout the panels (15). The OGCI energy intensity equivalent is 208 
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calculated by converting a 0.2% loss rate to a gas-only energy intensity (kg CH4 GJ-1) (see 209 

Methods). 210 

 211 

 212 

Production-level breakdown of observed emissions  213 

We consolidate production from ~810,000 actively producing wellheads to ~660,000 well-pads 214 

(~1.2 wellheads per well-pad) using a spatial buffer approach that follows previously established 215 

methods (23, 33), with ~545,000 marginal well-pads (~1.1 wellheads per well-pad) and ~115,000 216 

non-marginal well-pads (~1.8 wellheads per well-pad) (see Methods). We isolate MethaneSAT 217 

observation grid cells that contain only actively producing well-pads and exclude above-ground 218 

infrastructure including VIIRS flare detections, compressor stations, refineries, processing plants, 219 

standalone tank batteries, injection and disposal sites, and LNG facilities using infrastructure data 220 

contained within the OGIM v2.7 (34) and Enverus (35), and account for emissions from 221 

transmission pipelines by subtracting estimated pipeline emissions using calculated cell-level 222 

pipeline lengths and default emission factors (see Methods). The resulting emissions data, which 223 

we refer as “wells-only grid cells” or “production-only grid cells”, effectively contain emissions 224 

directly associated with production well-pads, analogous to site-level analyses in prior work (20, 225 

22). Accordingly, results in this section should be interpreted as production-associated emissions 226 

rather than total oil and gas sector emissions, which include a broader range of oil and gas value 227 

chain related sources (e.g., compressor stations, processing facilities) (27).  228 

 229 

Across the full dataset, we partition 18,650 wells-only grid cells (i.e., ~300,000 km2) from 42,423 230 

containing either a mixture of well-pads with other oil/gas infrastructure or containing no actively 231 

producing well-pads (Fig. 4) (see Methods). Methane emissions from wells-only grid cells total 3.8 232 

(95% CI: 2.6 – 4.9) Tg a-1 before subtracting 0.1 Tg a-1 estimated for transmission pipelines (see 233 

Methods). The wells-only grid cells represent 31% of the total area surveyed but 58% (95% CI: 45 234 

- 76) of the total oil and gas emissions from the entire satellite observation domain (Fig. 4).  235 

 236 

 237 
 238 

Fig. 4. Distribution of MethaneSAT emissions categorized by underlying infrastructure. a) 239 

Distribution of methane emissions from oil and gas infrastructure within MethaneSAT 240 

observation grid cells for all observed regions in the CONUS. Production-only grid cells (purple) 241 

contain actively producing oil and gas well-pads but exclude VIIRS flare detections, compressor 242 

stations, refineries, processing plants, standalone tank batteries, injection and disposal sites, and 243 
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LNG facilities. Grid cells containing a mixture of actively producing well-pads and the other oil 244 

and gas infrastructure are shown in orange, and those containing oil and gas methane emissions 245 

but no actively producing well-pads are shown in yellow. b) Total oil and gas emissions from 246 

production-only grid cells, cells containing a mixture of production well-pads and other 247 

infrastructure, and grid cells containing no actively producing well-pads but other related oil and 248 

gas infrastructure.    249 

 250 

The infrastructure-based spatial filtering approach we utilize in this work is possible because of the 251 

fine spatial resolution of the underlying satellite observations (ie., native pixel size of 110 × 400 252 

m2) and the high precision of the data which enable the high-resolution satellite inversion emissions 253 

estimates. As the resolution of gridded emissions data coarsens the cells aggregate multiple 254 

infrastructure types which results in the consideration of ever smaller proportions of production 255 

(Fig. S7). This analysis (i.e., wells-only grid cells) includes 45% of all actively producing well-pads 256 

in the CONUS, and 44% of total CONUS oil and gas production. Using the MethaneSAT 257 

observation regions in the CONUS as a baseline, the percentage of total well-pads retained within 258 

wells-only grid cells decline by 76% when the resolution is coarsened to 25 × 25 km2 and declines 259 

even further at resolutions of 50 × 50 km2 (ie., -94%) and 100 × 100 km2 (ie., -99%) (Fig. S7). To 260 

our knowledge, the finest resolution of global/national satellite emission inversions currently 261 

available in literature is 25 × 25 km2 (4), but note that some basin-level assessments using 262 

TROPOMI data have been reported at 10 × 10 km2 resolution (18).  263 

 264 

We normalize total production by the counts of active well-pads, yielding an average production-265 

per-well-pad metric at the 4 × 4 km2 grid-level scale. Grid cells are classified as marginal or non-266 

marginal based on whether average well-pad production is below or above 15 boe d⁻¹ well-pad-1. 267 

This approach provides a zonal representation of production intensity rather than individual well-268 

pad production. Across all observations, wells-only grid cells contain an average of 15.2 well-pads 269 

grid cell-1 (median 6; range 1 – 1,780), indicating spatial heterogeneity in well-pad density. Within 270 

the satellite observation boundaries, marginally producing grid cells are most prevalent with 12,319 271 

versus 6,331 non-marginal grid cells (Table 1). Marginal grid cells contain a total of 217,000 272 

actively producing well-pads, with 95% of them being marginally producing. Non-marginal grid 273 

cells contain a total of 65,700 well-pads with 52% being non-marginal well-pads. Despite 274 

containing a higher count of well-pads, marginally-producing grid cells account for only 5% of total 275 

production within this partitioned dataset. Overall, our wells-only dataset represents methane 276 

emissions data from over 280,000 well-pads.  277 

 278 

 279 

Table 1. Description of wellhead and well-pad infrastructure data within MethaneSAT 280 

observed regions. Infrastructure breakdown of active production well-pads and wellheads 281 

contained within marginally- and non-marginally producing grid cells. All statistics are presented 282 

for the measured wells-only areas within MethaneSAT observation boundaries. Total counts of 283 
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well-pads, and wellheads, may not equal the sum of the marginal and non-marginal classifications 284 

due to rounding. 285 

 286 

 Marginal grid cells  

(n = 12,319) 

Non-marginal grid cells  

(n = 6,331) 

# total well-pads 217,000 65,700 

# marginal well-pads 207,000 31,600 

% marginal well-pads 95% 48% 

# non-marginal well-pads 10,000 34,100 

% non-marginal well-pads 5% 52% 

Avg. count of marginal well-

pads per grid cell 
16.8 5.0 

Avg. count of non-marginal 

well-pads per grid cell 
0.8 5.4 

# total wellheads 240,000 102,000 

# total marginal wellheads 227,000 35,500 

# total non-marginal wellheads 12,100 66,100 

% of total production within 

combined wells-only grid cells 
5% 95% 

 287 

 288 

 289 

We first calculate the relative contributions of marginally-producing grid cells to all wells-only grid 290 

cells in each MethaneSAT observed region after the subtraction of estimates methane emissions 291 

from transmission pipelines (see Methods). We find that marginally producing grid cells contribute 292 

1.8 Tg a-1 (95% CI: 1.3 – 2.3) of methane, accounting for approximately 49% (95% CI: 34 - 64%) 293 

of all production-only grid cells, with the remaining 51% (95% CI: 36 - 66%) from higher-294 

producing grid cells (Fig. 5a). A stratified bootstrap analysis (n = 1,000) confirms that the 295 

partitioning between marginal and non-marginal grid cells is robust, yielding a median marginal 296 

contribution of 49% (95% CI: 47 – 51%) (Fig. S8). A permutation test further confirms that the 297 

observed emission split significantly deviates from expectations under random allocation given 298 

group sizes (p < 0.001), indicating that emissions are disproportionately distributed across 299 

production classes (Fig. S9). Using our observed wells-only grid cells, we estimate national 300 

methane emissions from the production sector for the entire CONUS and the associated proportion 301 

of emissions from marginally-producing areas (see Methods), with further extrapolation to marginal 302 

well-pad contributions informed by simulation results presented in the SI – Section 1.  303 

 304 

Well-pad emissions in the contiguous U.S.  305 

We estimate total methane emissions from well-pads in the CONUS to be 9.6 Tg a-1 (95% CI: 6.8 306 

– 12.4) from the observed wells-only grid cells and the national extrapolation informed by the 307 

MethaneSAT estimates. Our estimate of total well-pad emissions statistically agree with 2021 308 

bottom-up estimates of 9.6 Tg a-1 (23) and 9.9 Tg a-1 (24) that were based on facility-level 
309 

extrapolations from ground-based measurements. Our estimated well-pad emissions account for 310 

72% (95% CI: 42 - 93) of total oil and gas supply chain emissions in the CONUS (excluding end-311 

use) based on TROPOMI estimates for 2023 (4) (Fig. S16), highlighting the production sector as 312 

the largest contributor to total methane emissions from the oil and gas supply chain (13, 23, 24, 27, 313 

36). Based on our estimated well-pad emissions in the CONUS, the equivalent gas-normalized 314 

methane intensity (ie., loss rate) is 1.2% (95% CI: 0.9 – 1.6) with an energy intensity value of 0.14 315 
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kg CH4 GJ-1 (95% CI: 0.10 – 0.19). Our estimated loss rate for the production sector is statistically 316 

similar to production sector loss rates of 1.3% (27) for 2015, which reflects the associated growth 317 

in oil and gas production coupled with increased methane emissions (37). We estimate the 318 

contribution from marginally-producing areas in the CONUS to be 5.1 Tg a-1 (95% CI: 3.3 – 6.8), 319 

or 53% (95% CI: 34 - 72) of the total CONUS well-pad emissions (Fig. 5b). Marginally-producing 320 

areas have high methane intensities with an estimated loss rate of 13.0% (95% CI: 8.5 – 17.6) and 321 

energy intensity of 1.44 kg CH4 GJ-1 (95% CI: 0.94 – 1.94), much higher than those from non-322 

marginally producing areas which have a loss rate of 0.6% (95% CI: 0.4 – 0.9) and an energy 323 

intensity of 0.07 kg CH4 GJ-1 (95% CI: 0.05 – 0.10). Aggregating point-level (i.e., well-pad) 324 

production into area-normalized values can introduce discrepancies when partitioning cumulative 325 

emissions by area-based thresholds (e.g., ≤15 boe d⁻¹ well-pad⁻¹) (38, 39), therefore we estimate 326 

emissions for well-pads and their respective production cohorts (see SI – Section 1). 327 

 328 

To assess the actual contribution of marginal well-pad emissions, as opposed to the marginally 329 

producing areas based on our satellite observations, we perform a series of simulations to estimate 330 

the difference between the gridded and well-pad proportions (see SI - Section 1). We find that our 331 

grid-cell based estimates underestimate the contribution from marginally producing well-pads by 332 

5% (95% CI: 2 – 7) based on our simulation results (Fig. S19; SI – Section 1), which corresponds 333 

to a contribution of production-related emissions from marginal well-pads of 58% (95% CI: 36 – 334 

79), or 5.6 Tg a-1 (95% CI: 3.5 – 7.6). The methane emissions intensities for marginal well-pads in 335 

the CONUS equate to a loss rate of 16% (95% CI: 10 – 23) and an energy intensity of 1.84 kg CH4 336 

GJ-1 (95% CI: 1.10 – 2.57). In parallel, we estimate total methane emissions from non-marginal 337 

well-pads at 4.0 Tg a-1 (95% CI: 2.1 – 6.4), which translates to a loss rate of 0.6% (95% CI: 0.3 – 338 

0.8) and an energy intensity of 0.07 kg CH4 GJ-1 (95% CI: 0.04 – 0.09). Based on total supply-chain 339 

methane emission estimates from TROPOMI satellite inversions for 2023 (4), the contribution of 340 

marginal well-pads would be approximately 39-42% for the CONUS from our estimated area-based 341 

or marginal well-pad emissions, respectively (Fig. S16). Our area-normalized approach 342 

underestimates total marginal-well-pad emissions across the CONUS because the ~91,000 marginal 343 

well-pads sitting in non-marginal areas outnumber and outweigh (in emissions) the ~22,000 non-344 

marginal well-pads sitting in marginal areas, a redistribution driven mainly by site counts rather 345 

than production levels (Table S6; SI – Section 1). Marginal well-pads emit methane at lower 346 

absolute rates on average than higher producing well-pads (20, 22–24), but collectively their large 347 

numbers lead to significant methane emissions, despite their limited contributions to total energy 348 

production. 349 

 350 

We find that marginally producing well-pads account for over half of all production-related 351 

methane emissions yet produce only 6% of total national oil and gas production (Fig. 6; Fig. S18). 352 

At other production thresholds, ultralow producing well-pads (<2 boe d-1) contribute 28% (95% CI: 353 

17 - 40) of total production-related emissions and 0.6% of total production, whereas high-producing 354 

well-pads (>300 boe d-1) contribute 14% (95% CI: 9  - 19) of total well-pad emissions and 77% of 355 

total CONUS production (Fig. 6; Fig. S18). These proportions of production-related emissions are 356 

statistically similar to our grid-cell level estimates from ultralow producing areas (<2 boe d-1 well-357 

pad-1) at 21% (14 - 28) and from high-producing areas (>300 boe d-1 well-pad-1) at 13% (8 - 18). 358 

We estimate the corresponding methane intensities from ultralow producing well-pads in the 359 

CONUS at 60% (95% CI: 36 – 86) for loss rates and 6.66 kg CH4 GJ-1 (95% CI: 4.04 – 9.52) for 360 

energy intensity, more than double the methane intensities from marginal well-pads. The methane 361 
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intensities from high-producing well-pads (i.e. >300 boe d-1 well-pad-1) are 0.2% (95% CI: 0.1 – 362 

0.3) for loss rates and 0.03 kg CH4 GJ-1 (95% CI: 0.02 – 0.04) for energy intensities.  363 

 364 

 365 
 366 

 367 

Fig. 5. Methane emissions from marginal and non-marginal areas in the CONUS. a) Map of 368 

aggregated MethaneSAT wells-only observations in the contiguous U.S. (CONUS) highlighting 369 

marginally- (orange) and non-marginally-producing (blue) grid cells. Wells-only grid cells are 370 

limited to actively producing oil and gas infrastructure, and production is normalized by the number 371 

of actively producing well-pads to determine whether a grid cell is marginally- (≤15 boe d-1 well-372 

pad-1) or non-marginally producing. b) Gridded well-pad emission estimates extrapolated to the 373 

entire CONUS using MethaneSAT data (see Methods). Pie charts in both panels show the relative 374 

contributions of area-normalized marginally- (orange) and non-marginally producing-well-pad 375 

emissions (blue). This estimate does not include the ~7% underestimate for the national proportion 376 
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of emissions from marginal well-pads emissions which is introduced by using the area-377 

normalization of well-pad production (SI – Section 1).   378 

 379 

Comparisons to independent measurements and sensitivity testing 380 

Across oil and gas basins, we find that the proportion of emissions from marginally producing grid 381 

cells varies substantially (Fig. S10). In the Permian basin, we estimate total well-pad emissions of 382 

2.0 Tg a-1 (95% CI: 1.4 – 2.6) with 33% (95% CI: 23 – 44) of well-pad emissions from marginally-383 

producing grid cells (Fig. S10), which statistically matches independent estimates from an aerial 384 

LiDAR sampling campaign for 2024 (40) (Table S3) who find 35% of emissions from marginally 385 

producing well-pads. In contrast, for the Appalachian basin we estimate total well-pad emissions 386 

of 1.5 Tg a-1 (95% CI: 0.9 – 2.2) with 70% (95% CI: 47 – 93) of well-pad emissions from 387 

marginally-producing grid cells. Our estimates in the Appalachian basin statistically overlap with 388 

independent multi-scale facility-level estimates that find 78% of total well-pad emissions from 389 

conventional well-pads, which are predominantly marginally-producing (41). Overall, the inter-390 

region differences highlight the need for regionally tailored mitigation strategies.  391 

 392 

Using our adjusted estimate of emissions from marginally producing well-pads in the CONUS 393 

from our simulation results (see SI – Section 1), we estimate an average emission rate for 394 

marginally producing well-pads of 1.2 kg h-1 (95% CI: 0.7 - 1.6), which is statistically consistent 395 

with previous estimates of marginal well-pad emissions in the U.S. using facility-level ground-396 

based estimates (i.e., 0.8 - 0.9 kg h-1 per marginal well-pad) (20) and airborne measurements in 397 

the Permian Basin (0.9 kg h-1 per marginal well-pad) (28). The average emission rate from non-398 

marginally producing well-pads is higher at 4.0 kg h-1 per well-pad (95% CI: 2.1 – 6.5), which 399 

statistically agrees with emission factors for non-marginal well-pads at 4.9 kg h-1 well-pad-1 (95% 400 

CI: 3.5 - 7.1) from the EI-ME (23). Based on well-pad normalized emission rates, approximately 401 

88% of our observed well-pad emissions originate from grid cells with emissions <100 kg h-1 
402 

well-pad-1, but we note that these estimates assume that emissions are distributed equally among 403 

well-pads within a given grid cell. Based on our results, and other studies as well (20, 22–24), 404 

capturing close to a majority of cumulative emissions from marginal well-pads through point-405 

source imaging satellite systems alone would be challenging given their current detection 406 

thresholds which typically fall in the range of 100 - 1,000 kg h⁻¹ with >50% detection probability 407 

(4, 33–35). 408 

 409 

We find that the proportion of well-pad emissions from marginally producing areas, which provide 410 

the basis for our well-pad estimates, remains stable throughout extensive sensitivity testing, which 411 

is presented in detail in the SI – Section S2. For the first test, we restrict the MethaneSAT observed 412 

data only to areas contained in three or more overpasses and use the associated data to estimate the 413 

proportion of well-pad emissions from marginally producing areas. Next, we classified grid cells 414 

from individual MethaneSAT inversions as marginally and non-marginally producing and 415 

calculated correlations between the Markov chain Monte Carlo posterior samples (n = 4,000) of 416 

each emitter within the group and those of every emitter outside it (see Methods). Emitters 417 

exhibiting a correlation below −0.1 with any out-of-group emitter were considered insufficiently 418 

separable for definitive source attribution and were excluded in the sensitivity analysis. We also 419 

mapped the posterior-predicted enhancements attributable to each group (ie., marginal- or non-420 
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marginal areas) and their contributions to the total enhancement, enabling identification of large 421 

emission sources with poorly distinguishable atmospheric signatures (SI – Figure S9).  422 

   423 

 424 
Fig. 6. Cumulative methane emissions by cumulative production in the CONUS. a) Plot of 425 

cumulative methane emissions and oil and gas production by well-pad normalized production 426 

from our measured well-pad emissions to the entire contiguous United States (CONUS). Shaded 427 

regions for the cumulative emissions represent the 95% confidence intervals on the estimated 428 

emissions proportion. b) Density plots showing the population of grid-cell normalized production 429 

for all the onshore CONUS and the sampled regions by MethaneSAT. The overlap coefficient 430 

indicates the degree of agreement between both density distributions, with a value of 1 indicating 431 

perfect agreement. 432 

 433 

 434 

 435 

DISCUSSION 436 

We present a satellite-based methane emissions analysis across the CONUS, covering more than 437 

80% of national oil and gas production in 2024. High-resolution mapping of methane emissions 438 

intensity, normalized by gas production and by combined oil-and-gas production, reveals 439 

disproportionately large methane intensities in marginal production areas outside major basin 440 

production zones. Despite only producing 6% of oil and gas methane emissions, marginal  441 

production well-pads account for 58% of emissions from all well-pads, at the aggregated grid level 442 

the attribution is 53% from marginally producing areas. Marginal well-pads are far more numerous, 443 

emit less methane per site, and contribute minimally to total energy production compared with well-444 
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pads producing above 15 boe d⁻¹ well-pad⁻¹, yet both types contribute roughly equally to total 445 

production-related methane emissions. Collectively, these results show that marginal production 446 

well-pads make a substantial and consistent contribution to oil and gas methane emissions across 447 

scales and region. 448 

 449 

This satellite-based, spatially explicit constraint corroborates earlier site-level findings that 450 

marginal well-pads contribute disproportionately to production-related emissions relative to their 451 

production (20, 22). Informed by simulation results (see SI - Section 1), marginal well-pads show 452 

a methane loss rate of 16% and an energy intensity of 1.8 kg CH4 GJ⁻¹, more than an order of 453 

magnitude higher than non-marginal well-pads, for which we estimate a loss rate of 0.6% and an 454 

energy intensity of 0.07 kg CH4 GJ⁻¹, less than half the sector-wide average. This elevated 455 

intensity marks marginal well-pads as a critically important, underappreciated mitigation target. 456 

Given their large numbers and diffuse spatial distribution (>500,000 marginal well-pads across 457 

the CONUS), effective abatement will likely require broad, systemic approaches. Ultralow-458 

producing well-pads (<2 boe d⁻¹) magnify the challenge, contributing roughly a fifth of total well-459 

pad emissions while producing less than 1% of national oil and gas. Inversely, high-production 460 

well-pads (>300 boe d⁻¹) produce almost 80% of total CONUS production but have associated 461 

methane emission intensities that are nearly an order of magnitude lower than the national 462 

average.  463 

 464 

Our analysis is grounded in the ability of fine-resolution satellite emission inversion data to 465 

isolate areas solely containing production well-pads. As the resolution of the spatially-explicit 466 

methane emissions data coarsens, the quantity of data retained using this spatial filtering approach 467 

reduces (i.e., areas solely containing production well-pads). This is evident even at the resolution 468 

of 25 × 25 km2 currently the basis for global satellite mapping based inversion studies (4), where 469 

we note a large drop of ~75% in the available wells-only emissions data compared to the 470 

MethaneSAT inversion resolution of 4 × 4 km2 (Fig. S7) suggesting the effectiveness of resolving 471 

emissions granularity and marginal production contributions at the ~4 km area scales. Comparing 472 

our analyses to comprehensive site-level sampling campaigns in the Permian and Appalachian 473 

basins (40, 41), suggests that our high-resolution satellite inversion approach accurately captures 474 

the emissions contributions among production cohorts (Table S3). Simulation results presented in 475 

the SI - Section S1 further show that coarser-resolution emissions data would increase uncertainty 476 

and lower the quality of resulting well-pad analyses, underscoring the value of high-resolution 477 

observations for the granular type of analysis presented in this study in terms of quantifying the 478 

relative emission contributions from marginal and non-marginal production regions. 479 

 480 

 481 

 482 

 483 

MATERIALS AND METHODS 484 

 485 

Description of MethaneSAT's L4 area emissions data 486 

MethaneSAT's atmospheric inversion pipeline produces gridded methane emission estimates at 487 

0.04° × 0.04° (~4 × 4 km²) resolution, covering domains on the order of 220 × 200 km² per 488 

satellite pass. Measurements come from a pair of Littrow-design imaging spectrometers onboard 489 

the satellite, which retrieve the column-averaged dry-air mole fraction of methane (XCH₄) at a 490 

native nadir footprint of roughly 110 × 400 m, achieving 2.5–5.5 ppb precision when aggregated 491 

to 2 × 2 km² (9, 10). To convert these column measurements into emission rates, we apply the 492 

Column Observations to Regional Emissions (CORE) framework (45), which underlies the 493 
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MethaneSAT Level-4 (L4) emissions product. A full detailed description of the CORE inversion 494 

framework is available from the Algorithm Theoretical Basis Document (45), and summaries of 495 

the method are also described in previous work (46). CORE links the observed methane field to 496 

underlying surface fluxes through a linear observation model: 497 

 498 

𝑧 = 𝐉𝑖𝑛𝑡𝑠𝑖𝑛𝑡 + 𝐉𝑒𝑥𝑡𝑠𝑒𝑥𝑡 + (𝑧𝑝𝑟𝑖𝑜𝑟 + 𝐴𝑏) (1)499 

  500 

 501 

Here, z denotes the observed XCH₄ values, J is the Jacobian encoding each observation's 502 

sensitivity to surface emissions, s gives the emission rates in the interior and exterior portions of 503 

the domain, zprior is the prior column value carried over from the Level-2 retrieval, A is the 504 

retrieval's averaging kernel, and b is a fitted background offset. The Jacobian J (i.e., the transport 505 

operator connecting emissions to concentrations) is built from the Stochastic Time-Inverted 506 

Lagrangian Transport (STILT) model (47, 48), driven by Global Forecast System meteorology 507 

(49). STILT simulates backward particle trajectories from observation locations to quantify the 508 

sensitivity of each observation to upwind methane emissions. STILT works backward in time, 509 

releasing particles from each observation location to trace which upwind areas influence that 510 

measurement. Footprints are computed up to 28 hours into the past, matching the approximate 511 

atmospheric ventilation timescale for domains of this size under typical wind speeds; emissions 512 

are treated as constant over this window. Prior emission rates are obtained from global mean 513 

methane emissions from all sectors at 25 × 25 km2 resolution from East et al. (4), while retaining 514 

a minimum emission rate of 1 kg h⁻¹ km⁻² which allows the CORE inversion methodology to 515 

identify emissions anywhere, without overreliance on the prior. 516 

 517 

Prior to inversion, Level-3 XCH₄ observations are averaged onto a 2 × 2 km² grid to suppress 518 

noise and limit computational demand. The inversion then solves for emissions at 4 × 4 km² 519 

resolution across an interior region defined by contiguous valid observations, while also 520 

accounting for possible emission sources up to 300 km outside this region to capture inflow from 521 

upwind sources. Background methane concentrations are modeled as the Level-2 retrieval prior 522 

plus an additive offset term, weighted by the corresponding averaging kernel (9). To keep the 523 

exterior source space computationally tractable, candidate exterior sources with similar 524 

atmospheric transport signatures (i.e., similar footprints) are grouped together before inversion. 525 

 526 

We estimate the full parameter vector θ = (sint, sext, b). within a Bayesian framework, drawing 527 

posterior samples via Hamiltonian Monte Carlo — specifically, the No-U-Turn Sampler (50) as 528 

implemented in Stan (51). Measurement error is modeled as Gaussian with an 11 ppb standard 529 

deviation, and all emission rates carry lognormal priors. Grid-cell fluxes are reported as posterior 530 

means, while uncertainty on total emissions across the aggregated domain reflects the 95% 531 

credible interval computed from 4,000 posterior draws. We additionally inflate this uncertainty by 532 

20% to account for structural uncertainty in the GFS meteorological fields used to drive the 533 

transport model. 534 

 535 

 536 

 537 

 538 

MethaneSAT scene aggregation and sectoral disaggregation  539 

We aggregate methane emissions estimates from 74 individual MethaneSAT retrievals (Table 540 

S1). MethaneSAT L4 inversions are produced on a UTM coordinate grid to ensure that emitter 541 

cells are mapped to a precise 4 × 4 km² cell extent. For scenes within the same region which can 542 

cover multiple UTM zones, a common UTM grid is used to ensure that overlapping cells from 543 
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multiple retrievals in the same region will match. For grid cells containing multiple overlapping 544 

scenes we take the mean of emission estimates as the given emissions for that grid cell. The final 545 

aggregated MethaneSAT emissions estimates represent a heterogeneous, scene-weighted average 546 

of all available observations within each region. We reproject aggregated MethaneSAT emissions 547 

estimates to a global 4 × 4 km2 grid to facilitate our estimates of total CONUS well-pad methane 548 

emissions from gridded production data. This reprojection introduces slight spatial distortions in 549 

the reprojected emissions data relative to the original MethaneSAT emissions data (ie., <1 km 550 

spatial distortion) but has no impact in our estimated methane emissions. 551 

Individual scenes are temporally asynchronous (spanning up to ~28 hours) and spatially 552 

discontinuous, such that the aggregate reflects an ensemble of independent emission snapshots 553 

rather than a continuous or uniformly sampled field.  554 

 555 

We allocate methane emissions to sectors using a similar methodology to Williams et al. (8). 556 

Briefly, we proportionally allocate total methane emissions by sector using information from a 557 

composite prior inventory. In the US, the composite prior inventory incorporates oil and gas 558 

emissions estimates from the EI-ME (52) and the gridded EPA-GHGI (13) inventories, non-oil 559 

and gas emissions estimates from the EPA-GHGI and EDGAR. We additionally incorporate 560 

wetland emissions from WetCHARTs v1.3.1 (53) and persistence-weighted point source 561 

emissions with a minimum of three valid overpasses from Carbon Mapper (43). All inputs to the 562 

composite prior inventory are mapped at a resolution of 10 × 10 km2, except for WetCHARTs 563 

v1.3.1 which is mapped at a resolution of 50 × 50 km2. We find that this combination of inputs 564 

into the composite prior provides a balance between temporal proximity to the study period 565 

(2024–2025), methodological diversity, comprehensive sectoral coverage, and optimized 566 

agreement with a compilation of literature-based estimates across all regions.   567 

 568 

 569 

Uncertainty quantification and consideration of scene counts 570 

Several distinct factors contribute to uncertainty in estimated methane emissions from the CORE 571 

inversion products. Transport uncertainty enters through the meteorological inputs used to build 572 

the STILT-derived Jacobian linking surface fluxes to observed concentrations. Measurement 573 

noise is not purely random but includes spatial patterns such as striping across the observation 574 

swath. Additional uncertainty stems from how well the background methane concentration is 575 

characterized, and from the inherent difficulty of separating signal from emissions located inside 576 

the domain versus inflow crossing the boundary from outside it. Finally, the inversion itself yields 577 

a distribution rather than a single value for each grid cell, with the spread of MCMC samples 578 

reflecting posterior uncertainty in the emission rate. Together these factors shape the cell-level 579 

posterior distributions that underlie all downstream uncertainty calculations. 580 

 581 

We propagate uncertainty through the aggregation step using Monte Carlo resampling, which 582 

avoids assuming a functional form for the combined distribution. Each 4 × 4 km² cell carries 583 

4,000 posterior draws from its individual MCMC inversion. For cells covered by more than one 584 

overlapping retrieval, we build an aggregated posterior by randomly drawing one sample from 585 

each contributing map and averaging them, repeating this process 4,000 times to construct a full 586 

empirical distribution for the combined estimate. This is done separately for every subregion 587 

defined by a unique overlap pattern among the retrievals. From the resulting aggregated 588 

distributions, we take the 95% empirical interval as our uncertainty bound on total emissions (n = 589 

4,000), then widen this by an additional 20% to reflect structural uncertainty in the static GFS 590 

meteorological parameters feeding the inversion. 591 

 592 



Page 17 of 57 

 

Sectoral attribution carries its own uncertainty, which we quantify through bootstrap resampling 593 

of the underlying prior emissions data. Rather than relying on a single set of prior estimates, we 594 

generate 4,000 randomly resampled versions of the combined multi-inventory prior and repeat the 595 

sector-allocation calculation for each. Bottom-up inventory contributions are treated as normally 596 

distributed at the grid-cell level with a 50% standard deviation, applied uniformly regardless of 597 

sector, while Carbon Mapper point-source contributions are resampled using each source's own 598 

reported uncertainty under a normal-distribution assumption. Running the attribution calculation 599 

across all 4,000 realizations produces an empirical distribution of sector-level emissions, from 600 

which we take the 2.5th and 97.5th percentiles as bounds. This approach captures uncertainty both 601 

in the input prior data itself and in how that uncertainty carries through into the final sectoral 602 

breakdown. 603 

 604 

To test the temporal sensitivity of the aggregated MethaneSAT emissions, we calculate correction 605 

factors to account for seasonal patterns in oil and gas methane emissions (Fig. S11) (17, 19, 54). 606 

We calculate adjusted emissions estimates for all regions using monthly TROPOMI estimates for 607 

2022 (54) to evaluate whether the MethaneSAT estimates could be seasonally biased compared to 608 

annual average estimates (Table S4). We do not account for diurnal variations in oil and gas 609 

methane emissions, although we note that previous studies have demonstrated that oil/gas 610 

methane emissions can be 25% higher during worktime hours (0900 – 1700 CST) compared to 611 

the full 24-hour emissions average (55).  612 

 613 

 614 

Methane emissions intensity calculations 615 

We map methane intensities normalized by both gas-production and combined oil and gas energy 616 

production at the native 4 × 4 km2 resolution of MethaneSAT retrievals. Oil and gas production is 617 

compiled to individual grid cells by summing the well-level annual production values from 2024 618 

in the U.S. using data from Wood Mackenzie (26). Production data for New York and Kentucky 619 

were not available for 2024 at the time of this analysis, and therefore we use 2023 production for 620 

wells within these states and note that overall production contributions of these states is minimal 621 

(ie., <0.5% of total CONUS production). Production data from Wood Mackenzie represents 622 

marketed oil and gas production (i.e., total hydrocarbons available for sale), which differs from 623 

gross oil and gas production (i.e., total hydrocarbons extracted at the wellhead). Well-pads can 624 

encompass single wellheads (or “wells”) or multi-well pads depending on the location. We use a 625 

similar methodology as Omara et al (33) to group wellheads to well-pads and apply the same 626 

infrastructure count normalization approach to obtain well-pad-averaged production per grid cell 627 

(i.e., boe d-1 well-pad-1). We aggregate production from wellheads to well-pads using a 25- or 50-628 

meter spatial buffer depending on whether a well is vertically- or horizontally-drilled, 629 

respectively. We classify a well as horizontally-drilled if the distance from the top-hole to bottom-630 

hole coordinates exceed 250 meters. For the San Joaquin region, we apply a 20-meter spatial 631 

buffer to wellheads, which follows the methods of previous work (33).  632 

 633 

We use the term methane emissions intensity to define oil and gas methane emissions normalized 634 

by gas production (i.e., loss rate) and combined oil and gas production (i.e., energy intensity), 635 

noting that multiple definitions of methane emissions intensity exist (29, 30). Both loss rates and 636 

energy intensities, as defined below, are distinct yet complimentary metrics and consistent with 637 

international benchmarks used to measure progress towards methane mitigation in the oil and gas 638 

sector (56, 57). We calculate loss rates as the percentage of methane emitted relative to total gas 639 

production, which requires an assumption of the methane composition in natural gas which can 640 

vary by basin (58). For marketed gas production, we assume a blanket methane composition in 641 

natural gas of 90% which reflects additional gas processing steps (e.g., removal of condensates, 642 
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water, and acid gases like hydrogen sulfide) before ready for market. For additional conversions, 643 

we assume a value 6 Mcf3 per 1 boe of gas and a methane density of 0.0192 kg ft3 assuming 644 

standard engineering conditions in the United States (ie., 15.6°C and 14.7 psi). We estimate 645 

energy intensity in units of kg CH4 per GJ of energy produced using the combined oil and gas 646 

production statistics assuming a conversion of 5.71 GJ of energy per 1 boe of oil and gas. The 647 

calculation of energy intensity does not require assumptions on the methane composition in 648 

natural gas. As a baseline mitigation target, we adopt the methane loss rate of <0.2% specified by 649 

the Oil and Gas Climate Initiative (OGCI) (15, 16), corresponding to an energy intensity of <0.03 650 

kg CH4 GJ⁻¹ for gas. The equivalent oil-based energy intensity is <0.02 kg CH4 GJ⁻¹. We 651 

calculate both methane emissions intensity metrics for varying spatial extents (i.e., basin 652 

boundaries and grid-level) by summing well-level production and the corresponding methane 653 

emissions to the domain of interest. For calculations within oil and gas basin boundaries, we 654 

geospatially clip emissions to the overlap domain to the full oil and gas boundary. We summarize 655 

the basin-level production captured by the satellite observations in the SI – Table S5.     656 

 657 

 658 

 659 

Analysis of well-pad emissions 660 

For our analysis of production-only methane emissions, we omit any grid cells that contain 661 

aboveground oil and gas infrastructure which includes gathering and transmission compressor 662 

stations, sites associated with fluid injection and disposal, LNG facilities, VIIRS flare detections, 663 

refineries, processing plants, and stand-alone batteries. We use infrastructure data from Enverus, 664 

Wood Mackenzie, and the Oil and Gas Infrastructure Mapping Project (OGIM) v2.7 (34). We 665 

account for emissions from transmission pipelines by multiplying a default emission factor of 666 

0.12 kg h-1 km-2 with active pipeline lengths from Enverus (35) to estimate transmission pipeline 667 

emissions, which we subtract from our estimated grid-level emissions. We consider gathering 668 

pipelines to be associated with production and therefore do not subtract their emissions. 669 

Emissions from abandoned wells and other oil and gas sources (e.g., non-producing infrastructure 670 

(42)) are not incorporated into this calculation. The resulting data contains spatially explicit 671 

methane emissions data contributed solely from oil and gas production facilities, or production-672 

only grid cells.  673 

 674 

We normalize oil and production within the production-only grid cells by dividing total 675 

production by the count of actively producing well-pads to estimate well-pad-averaged production 676 

per grid cell. Using the well-pad-averaged production metric, we separate grid cells with 677 

production below and above 15 boe d-1 well-pad-1 to obtain marginally and non-marginally 678 

producing grid cells. We use the term grid cell to identify a single 4 × 4 km2 emission value from 679 

MethaneSAT, and the term “area” to identify an aggregate of multiple grid cells. We perform 680 

additional sensitivity tests to evaluate the potential differences between actual well-pad emissions 681 

by production cohort to those based on our grid-level normalization approach. To do this, we 682 

simulate emissions for individual well-pads and measure the difference in the emissions 683 

proportions at various production cohorts between the normalized gridded values and simulated 684 

well-pad data. Additional detail on these sensitivity tests is presented in the SI – Section 1. 685 

 686 

National estimates of production sector oil/gas emissions 687 

We estimate production-related methane emissions to the contiguous U.S. constrained by 688 

MethaneSAT data by leveraging the wells-only grid cells and the inverse relationship between 689 

methane intensity and oil/gas production (Fig. S6) (Eq. 2), where Ii is the oil/gas methane 690 

intensity in log10 format for wells-only grid cell i, 𝛽0 is the intercept, 𝛽1 is the slope of the 691 

trendline, 𝑃𝑖 is the total oil/gas production in log10 scale associated with wells-only grid cell i, 𝜀𝑖 692 
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is the residual error. (1) We isolate all wells-only grid cells from the MethaneSAT observation 693 

domains with non-zero well-pad emissions estimates and calculate the associated slope relating 694 

the log-scale oil/gas production and energy intensity. We use energy intensity rather than loss 695 

rates to better capture regions with significant oil production. 696 

 697 

𝐼𝑖 =  𝛽0 + 𝛽1𝑃𝑖 + 𝜀𝑖 (2) 698 

 699 

(2) We bin all wells-only grid cells into five groups assigned according to grid cell production, 700 

with the production ranges being <2 boe d-1, 2-15 boe d-1, 15-100 boe d-1, 100-1,000 boe d-1, and 701 

>1,000 boe d-1. (3) Using the binned data, we calculate the percentage of grid cells containing 702 

zero estimated well-pad methane emissions (Fig. S6). (4) We map the entire population of U.S. 703 

production well-pads onto a 4 × 4 km2 grid and aggregate oil/gas production by grid cell. (5) 704 

Using the grid-level production estimates, we calculate an associated energy intensity informed 705 

from our linear model and resample from the residual error to assign an energy intensity value to 706 

each grid cell. (6) According to the production level for each grid cell, we randomly assign the 707 

grid cell as “non-emitting” based on the probability calculated in (3), where a non-emitting grid 708 

cell is assigned an oil and gas methane emission rate of 0 kg h-1. (7) We calculate the associated 709 

methane emissions for the grid cell based on the assigned intensity value, unless the grid cell is 710 

classified as non-emitting. Using this measurement-constrained approach, we estimate 711 

production-related methane emissions for all areas that were not observed by the satellite-based 712 

measurements, and areas that were observed but contain a mixture of production well-pads and 713 

other oil and gas infrastructure.  714 

 715 
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Supplementary Text 999 

Estimating well-pad emissions from an area-based normalization approach 1000 

Area-based normalization of emissions to grid cells is subject to a well-documented statistical 1001 

artifact known as the change-of-support problem: aggregating point-level (i.e., well-pad) values 1002 

into areal units with normalized values systematically smooths out the variance present in the 1003 

underlying point data (1, 2). Because methane emission intensity scales non-linearly and inversely 1004 

with production, with marginal well-pads contributing disproportionately large emissions relative 1005 

to their output, this smoothing is expected to bias grid-level, production-normalized emissions 1006 

estimates toward underestimating the true proportion of emissions attributable to marginal well-1007 

pads. Furthermore, a production-normalized cutoff value of <15 boe d-1 well-pad-1 effectively 1008 

constrains the production of non-marginal well-pads within marginally-producing areas, whereas 1009 

there is no constraint on the production of non-marginal well-pads within non-marginally 1010 

producing areas. This discrepancy is evident in the average production of non-marginally 1011 

producing well-pads within marginally-producing areas at 29 boe d-1 well-pad-1 compared to 320 1012 

boe d-1 well-pad-1 in non-marginally producing areas (Table S6). This leads to a redistribution of 1013 

emissions driven mostly by site counts rather than production levels, with ~91,000 marginal well-1014 

pads within non-marginal areas and ~22,000 non-marginal well-pads within marginal areas (Table 1015 

S6; SI – Section 1).  1016 

 1017 

To assess the magnitude of the change-of-support effect and recover a more accurate estimate of 1018 

true well-pad-level emissions contributions, we perform two sensitivity tests. First, we conduct a 1019 

series of simulations to test the impacts of the grid-level aggregation to produce our well-1020 

normalized production metrics across the full population of CONUS well-pads. Second, we 1021 

estimate the total emissions contribution of marginal well-pad emissions within non-marginal 1022 

areas, and of non-marginal well-pads within marginal areas, and redistribute their emissions to 1023 

their respective production cohort. For the simulation tests, we utilize the actual population of 1024 

well-pads within the CONUS and their associated production, then assign emission rates to those 1025 

well-pads from the log/log relationship between oil and gas methane intensity and production (Eq. 1026 

1; Eq. 2), where Ii is the oil/gas methane intensity for well-pad i, β0 is the intercept, β1 is the slope 1027 

of the trendline, Pi is the production associated with well-pad i, εi is the residual error, and Ei is 1028 

the methane emissions from well-pad i.  1029 

 1030 

Eq. 1:                                                𝐼𝑖 = 𝛽0 + 𝛽1𝑃𝑖 + 𝜀𝑖 1031 

Eq. 2:                                                𝐸𝑖 = 𝐼𝑖𝑃𝑖 1032 

 1033 

Like our area-based production normalization approach we use in the main paper, we aggregate 1034 

both the simulated emissions and production from the well-pads to a grid and calculate the 1035 

differences between the estimated emissions contributions by production class using both the true 1036 

well-pad production, and the well-pad normalized production metrics. For the second sensitivity 1037 

test, we average the total well-pad level production of marginal well-pads within non-marginal 1038 

areas, and vice versa (Table S6). Next, we take wells-only emissions data from MethaneSAT for 1039 

grid cells that contain only one well-pad and estimate linear model parameters on the energy 1040 

intensity versus oil and gas production (Fig. S14a). Using this relationship, and the average 1041 

production from the well-pads, we estimate a corresponding energy intensity which is in turn 1042 

converted to cumulative methane emissions for the well-pads of interest. We then re-distribute 1043 

emissions from non-marginal well-pads in marginal areas to non-marginal areas, and vice versa, 1044 

to estimate the proportion of marginal/non-marginal well-pad emissions relative to the total well-1045 

pad emissions.  1046 

 1047 

 1048 
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We perform a series of 3,125 simulations that examine the impacts of three different factors that 1049 

on the relationship between production and emissions. The purpose of this first suite of 1050 

simulations is to determine which factor exerts the strongest influence on the differences between 1051 

well-pad and aggregated grid-level production and emissions. The three factors we test in this first 1052 

round of simulations are the size of the grid cells used to aggregate the simulated well-pad 1053 

emissions and production, the slope of the intensity versus production relationship, and the 1054 

intercept of the intensity versus production relationship. All the factors being tested in this first 1055 

simulation step are outlined in Table S2. We summarize the results of the first round of 1056 

simulations using a Random Forest regression model, which quantifies the relative importance of 1057 

input parameters in explaining variation in the simulation output (ie., the absolute difference 1058 

between the grid- and well-pad level proportion of emissions). Next, we perform a second set of 1059 

simulations using an estimated production/intensity relationship that we assume best corresponds 1060 

to the production/intensity relationship for individual well-pads, and the inversion resolution that 1061 

best represents our satellite emissions data. For the second set of simulations, we assume normal 1062 

distributions on the intensity/production relationship parameters and repeat 500 estimates to 1063 

establish an upper and lower bound on our estimated differences between gridded and well-pad 1064 

emission proportions at different production cohorts. To establish the parameters of the 1065 

intensity/production relationship, we use wells-only emissions data from MethaneSAT for grid 1066 

cells that contain only one well-pad (Fig. S14a), and wells-only emissions data from MethaneSAT 1067 

with emissions and production normalized by well-pad counts (Fig. S14b).  1068 

 1069 

Methane emissions are simulated for well-pads in the CONUS by varying parameters in the linear 1070 

log10/log10 relationship between energy intensity and oil and gas production, with basin-level 1071 

examples of simulated emissions shown in Fig. S12. Based on a Random Forest regression model, 1072 

we find that the grid size has the strongest influence on the analysis of the differences between 1073 

point- and grid-level aggregation of production and emissions (Table S2; Fig S13), followed by 1074 

the slope of the intensity versus production relationship (Fig. S13). We found no meaningful 1075 

influence from the intercept of the production/intensity relationship on the proportion of 1076 

emissions below/above production cohorts between point- and grid-level emissions (Table S2; 1077 

Fig. S13). Across the full population of well-pads in the CONUS, we find that the proportion of 1078 

well-pad emissions below 15 boe d-1 well-pad-1 is consistently underestimated by the gridded 1079 

production data when normalized by well-pad counts compared to the actual well-pad emissions 1080 

themselves (Fig. S13d). These results underscore the usefulness of high-resolution methane 1081 

emissions data to minimize differences between grid- and point-level emissions/production data.  1082 

 1083 

Next, we tested how well grid-cell normalized intensity/production relationships approximate true 1084 

well-pad-level relationships, using an established intensity/production relationship informed by 1085 

satellite measurements and the native inversion resolution of MethaneSAT emissions data. We fit 1086 

this log₁₀/log₁₀ relationship using two input datasets: (1) single well-pad grid cells only (n = 1,088 1087 

grid cells), and (2) all wells-only grid cells, with production and intensity normalized by well-pad 1088 

count (n = 18,650 grid cells) (Fig. 14). Using the single-well-pad dataset, the grid-cell normalized 1089 

approach underestimated the proportion of well-pad emissions below 15 boe d⁻¹ well-pad⁻¹ by 7% 1090 

(95% CI: 2–12; Fig. S14b). This underestimate was larger for the smallest production cohort (<2 1091 

boe d⁻¹ well-pad⁻¹: 10%, 95% CI: 0–20) and negligible for the largest (<300 boe d⁻¹ well-pad⁻¹: 1092 

1%, 95% CI: −5–4). Using the full wells-only dataset with well-pad-normalized production and 1093 

intensity, the grid-cell approach underestimated the same three thresholds by 5% (95% CI: 2–7), 1094 

7% (95% CI: 3–12), and 1% (95% CI: −1–4), respectively (Fig. S19). Because these two datasets 1095 

produced similar magnitudes of underestimation, and the wells-only dataset gave the more 1096 

conservative (smaller) discrepancy at the key 15 boe d⁻¹ threshold, we used the wells-only, well-1097 
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pad-normalized results in our primary analysis as a conservative estimate of the difference 1098 

between well-pad- and grid-level emissions estimates. 1099 

 1100 

In a second sensitivity test, we re-estimated emissions after reassigning well-pads to their true 1101 

production cohort rather than their grid-cell-averaged one. We estimate that non-marginal well-1102 

pads located in predominantly marginal areas account for 0.6 Tg a⁻¹ of methane emissions, while 1103 

marginal well-pads located in predominantly non-marginal areas account for 1.8 Tg a⁻¹. 1104 

Redistributing these emissions to their correct production cohorts therefore shifts a net 1.2 Tg a⁻¹ 1105 

onto marginal well-pads (and away from non-marginal well-pads). This adjustment raises total 1106 

emissions attributed to marginal well-pads to 6.2 Tg a⁻¹, or 65% of total well-pad emissions. This 1107 

confirms that our main finding, that at least half of production-related methane emissions in the 1108 

CONUS come from marginally-producing areas, holds within uncertainty even when emissions 1109 

are reassigned to their actual (rather than grid-cell-averaged) well-pad production cohorts. 1110 

 1111 
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Sensitivity testing of the marginal versus non-marginal emissions contributions. 1148 

We assess the sensitivity of our estimates of methane emissions from marginally and non-1149 

marginally production regions through two key approaches. The first approach addresses the issue 1150 

of methane emissions from marginally or non-marginally producing grid cells being 1151 

indistinguishable from adjacent ones. The second approach addresses a lack of temporal 1152 

representativity in our aggregated methane emissions estimates from regions that were sampled 1153 

two or fewer times. Both approaches apply a spatial filtering process to the MethaneSAT 1154 

emissions products and use those filtered products to re-perform the entire process of data 1155 

aggregation, sectoral disaggregation, isolation of wells-only regions, and the final extrapolation of 1156 

well-pad emissions to national estimates for the US. 1157 

 1158 

For the first approach, we assess whether MethaneSAT observations and the CORE inversion 1159 

could distinguish emissions from marginal well-pads from other sources and classify Level 4 grid 1160 

cells into two distinct groups: marginal-production regions, and non-marginal production regions. 1161 

We combine both groups to establish a unified estimate of negative auto-correlations between 1162 

emission grid cells of interest by leveraging the 4,000 Markov chain Monte Carlo posterior 1163 

samples of each emitter grid cell within the group and those of every emitter outside it. Emitter 1164 

grid cells exhibiting a correlation below −0.1 with any out-of-group emitter were considered 1165 

insufficiently separable for definitive source attribution and were excluded in the sensitivity 1166 

analysis. We perform these grid cell exclusions at the individual scene level, and then perform the 1167 

scene aggregation, sectoral disaggregation, well-pad only spatial selection, and national 1168 

extrapolation analysis exactly as performed in our main text. In addition, the posterior-predicted 1169 

enhancements were mapped regionally that were attributable to each group (i.e., marginal- or 1170 

non-marginal areas) in order to assess their contributions to the total enhancement indicating 1171 

larger contributions linked to marginal production areas to the total scene methane enhancement, 1172 

relative to the contributions of non-marginal areas (Fig. S15).  1173 

 1174 

For the second approach, we analyze all aggregated emissions data and isolate regions that were 1175 

observed at least three times and use these restricted domains to perform our extrapolation of total 1176 

national emissions from well-pads and the associated contributions from marginally- and non-1177 

marginally producing regions. If our national results are unchanged after performing these two 1178 

separate tests, we assume our results regarding the contribution of marginally-producing regions 1179 

to be robust. 1180 

 1181 

We find our results on the relative proportions of well-pad emissions from marginal/non-marginal 1182 

regions to be robust when applying both sensitivity analyses. Our first sensitivity analysis which 1183 

omits grid cells that are spatially autocorrelated with adjacent grid cells results in a national 1184 

estimate of marginally-producing regions to be 49% of the total well-pad emissions, almost 1185 

identical to our main results. We note a sizable drop in the total well-pad emissions when 1186 

applying this method, which drop from 10.3 Tg a-1 in our original dataset to 4.6 Tg a-1. This is 1187 

caused by the removal of high-emitting pixels from the individual scenes themselves before 1188 

aggregation, artificially lowering methane emissions across the entire analysis. While the drop is 1189 

notable, our estimated national contribution of marginally-producing regions to total well-pad 1190 

emissions are effectively unchanged. We also find that the estimated XCH4 concentrations from 1191 

marginally- and non-marginally producing regions are proportionally similar across all individual 1192 

scenes used in our analysis (Fig. S15). The second sensitivity test isolated regions that were 1193 

observed at least three times by MethaneSAT. The resulting filtering process reduces the spatial 1194 

coverage of the MethaneSAT observations from 62% of national onshore marketed oil and gas 1195 

production to 40%. Using the wells-only emissions data within the reduced spatial domains, we 1196 

estimate the US onshore contribution from marginally-producing regions to be 47%, closely 1197 
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matching the results we present in the main text. The results of these sensitivity tests indicate our 1198 

main results to be robust, and unaffected by variations in the spatial coverage of observations or 1199 

any artefacts within the inversion process itself that may spatially misallocate methane emissions 1200 

to marginally-producing regions, or vice versa. 1201 

 1202 

For our production-only analysis relating to marginal and non-marginal producing regions, there 1203 

are limitations in the infrastructure data used to filter for production-only grid cells, including 1204 

gaps in facility-level data and lack of inclusion of other methane-emitting oil and gas sources 1205 

(e.g., abandoned oil and gas wells). Additionally, strong localized methane emissions present 1206 

within the MethaneSAT scenes (i.e., high-emitting distinct point sources) may spatially manifest 1207 

as smearing across the domains, which can influence the spatial allocation of emissions. Any 1208 

spatial allocation issues, or other inversion artefacts, are mitigated through the incorporation of 1209 

multiple scenes into aggregated emission maps and increasing the spatial extent of the observation 1210 

domain. Furthermore, we perform an additional sensitivity test that recalculates our estimated 1211 

national estimates of marginal and non-marginal emissions by removing grid cells exhibiting 1212 

smearing behavior and find no change to our main results. Finally, we note additional 1213 

uncertainties in our sectoral disaggregation of methane emissions, both in use and application of 1214 

our composite methane inventory, which underpins our estimates of the spatially-explicit oil and 1215 

gas contributions. Overall, we note that our focus on contiguous oil and gas methane emissions, 1216 

together with the extensive sensitivity analyses as described here, do not suggest impacts to our 1217 

results and conclusions. 1218 

 1219 

 1220 
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 1222 

 1223 

 1224 

 1225 

 1226 

 1227 

 1228 

 1229 

 1230 

 1231 

 1232 

 1233 

 1234 

 1235 
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 1236 

Fig. S1. 1237 

Map of aggregated MethaneSAT methane emissions from the oil and gas sector for the 1238 

contiguous United States (CONUS). Oil and gas emissions are estimated from total methane 1239 

emissions estimates from MethaneSAT L4 emissions data using the methodology described in the 1240 

main text (see Methods). 1241 
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 1242 

Fig. S2. 1243 

Sectoral breakdowns of methane emissions by observed region from MethaneSAT estimates in 1244 

the contiguous United States (CONUS). The category “Other anthropogenic” includes known 1245 

methane sources like wastewater treatment, post-meter distribution, transportation, chemical 1246 

processing, etc. *Uinta/GGR/Piceance: Encompasses the entire observation domain by 1247 

MethaneSAT over the Uinta, Greater Green River (ie., GGR), and Piceance oil and gas basins. 1248 
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 1251 

Fig. S3. 1252 

Maps showing aggregated MethaneSAT observation domains for the Greater Green River, Uinta, 1253 

Piceance, Powder River, and San Juan oil and gas basins in the U.S. as a sample set of all covered 1254 

regions in the U.S. Annual 2024 a) gas-production and c) oil and gas production gridded by 1255 

MethaneSAT observation grid cells (3). Gridded b) gas-normalized and d) energy-normalized 1256 

methane intensities at the native 4 by 4 km2 grid cell resolution of MethaneSAT emissions. Note 1257 

that methane emissions intensity metrics in panels b,d) are presented in log10 scale. 1258 
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1259 
Fig. S4. 1260 

Maps showing aggregated MethaneSAT observation domains for the San Joaquin oil and gas 1261 

basin in the U.S. as a sample set of all covered regions in the U.S. Annual 2024 a) gas-production 1262 

and c) oil and gas production gridded by MethaneSAT observation grid cells (3). Gridded b) gas-1263 

normalized and d) energy-normalized methane intensities at the native 4 by 4 km2 grid cell 1264 

resolution of MethaneSAT emissions. Note that methane emissions intensity metrics in panels 1265 

b,d) are presented in log10 scale. 1266 
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 1267 

 1268 

Fig. S5. 1269 

Maps showing aggregated MethaneSAT observation domains for the Appalachian oil and gas 1270 

basin in the U.S. as a sample set of all covered regions in the U.S. Annual 2024 a) gas-production 1271 

and c) oil and gas production gridded by MethaneSAT observation grid cells (3). Gridded b) gas-1272 

normalized and d) energy-normalized methane intensities at the native 4 by 4 km2 grid cell 1273 

resolution of MethaneSAT emissions. Note that methane emissions intensity metrics in panels 1274 

b,d) are presented in log10 scale. 1275 
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 1276 

Fig. S6. 1277 

Boxplots of a) combined oil/gas-production normalized methane intensity (ie., energy intensity) 1278 

and b) gas-normalized methane intensity (ie., loss rates) observed by MethaneSAT at the grid cell 1279 

level (4 × 4 km). The percentage of grid cells within a binned production cohort with no estimated 1280 

well-pad methane emissions are shown in text above the bin. Correlation coefficients and linear 1281 

regression equations are displayed in the upper right of the panels corresponding to the median 1282 

methane intensities by binned production cohort. Methane intensity values are calculated on a 1283 

log10 scale. c,d) Kernel density plots of the residual errors (ie., predicted versus estimated 1284 

methane intensity) of the model fit on un-binned data presented on a log10 scale. 1285 
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 1286 

Fig. S7. 1287 

a,b,c,d) Maps displaying areas solely containing production well-pads versus areas that contain 1288 

additional aboveground oil and gas facilities under different spatial resolutions in the Permian, 1289 

Haynesville-Bossier, and Eagle Ford oil and gas basins. MethaneSAT oil and gas emissions 1290 

estimates are spatially aggregated to coarser resolutions in this analysis, starting from a) the native 1291 

MethaneSAT pixel resolution of 0.04° × 0.04°, then b) 0.25° × 0.25° which mimics the emissions 1292 

inversion resolution of TROPOMI-based estimates for 2023 (4), c) 0.5° × 0.5° which matches the 1293 

resolution of global oil/gas estimates using TROPMI data (5), and d) 1.0° × 1.0° which is the 1294 

emissions inversion resolution of GOSAT-derived estimates of global methane emissions (6). e) 1295 

Barplot displaying the total methane emissions from regions solely containing production well-1296 

pads across all four resolutions. As the resolution of the spatially-explicit methane emissions data 1297 

coarsens, the quantity of data retained using this spatial filtering approach (i.e., areas solely 1298 

containing production well-pads) drops, leading to decreased methane emissions. 1299 
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 1300 

Fig. S8. 1301 

Results of a bootstrap resampling of grid cells with replacement (n=1,000) showing the relative 1302 

methane emissions contributions from marginally (i.e., <15 boe d-1 well-pad-1) and non-1303 

marginally (i.e., ≥15 boe d-1 well-pad-1) producing areas. 1304 
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 1329 

Fig. S9. 1330 

Results of a permutation test showing the difference in well-pad averaged methane emissions by 1331 

grid cell from MethaneSAT estimates between non-marginally and marginally-producing grid 1332 

cells. If the 95% confidence interval (i.e., black bars) overlaps 0 (i.e., red dashed line), this would 1333 

indicate that the average well-pad normalized emissions between marginal and non-marginal grid 1334 

cells are not statistically different. We draw 1,000 samples of well-normalized emissions (i.e., 1335 

total production-related oil and gas emissions divided by the number of well-pads) from both 1336 

marginally- and non-marginally producing grid cells and calculate the difference in means 1337 

between the samples, which we repeat 10,000 times to produce the distribution shown above. 1338 

Grid cells are defined as marginally- or non-marginally producing using the total production 1339 

divided by the number of actively producing well-pads within the grid cell, with ≤15 boe d-1 well-1340 

pad-1 as the definition for a marginally-producing grid cell, and vice-versa. 1341 
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 1355 

Fig. S10. 1356 

Grid-cell normalized well-pad emissions and breakdowns by production cohort for 20 major 1357 

oil/gas producing basins in the U.S., including regions outside of the top 20 producing oil and gas 1358 

basins (i.e., “Rest of the CONUS”). Grid-normalized production emissions are categorized as <15 1359 

boe d-1 well-pad-1, 15-300 boe d-1 well-pad-1, and >300 boe d-1 well-pad-1. 1360 
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 1372 

Fig. S11. 1373 

Monthly trends in sectoral methane emissions for 2019-2023 from gridded estimates derived from 1374 

global TROPOMI observations using the localized ensemble transform Kalman filter 1375 

(CHEEREIO v1.3.1) (7). Seasonal emissions from Pendergrass et al. (2025) are mapped at their 1376 

native resolution of 200 × 250 km and calculated using an equal area weighting approach for the 1377 

aggregated MethaneSAT spatial domains in the U.S. 1378 
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 1394 

 1395 

 1396 
 1397 

 1398 

Fig. S12. 1399 

Examples of oil and gas production (left panels) and simulated methane emissions (right panels) 1400 

gridded to the native MethaneSAT grid cell resolution of 4 × 4 km for the Permian basin (top), the 1401 

Anadarko basin (middle), and the Haynesville-Bossie basin (bottom). Methane emissions are 1402 

simulated at the well-pad level, which are then gridded to measure the differences between grid 1403 

cell aggregated versus well-pad emissions by production cohort. 1404 

 1405 

 1406 
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 1407 

 1408 

Fig. S13. 1409 

a) Heatmaps showing the mean difference in percentage points (i.e., mean delta) between the 1410 

estimated proportion of emissions below 15 boe d-1 well-pad-1 for point (i.e., well-pad) and 1411 

gridded production normalized by well-pad counts. The parameters of the intensity/production 1412 

relationship are tested versus varying grid cell sizes. b) Trends in the mean delta values by 1413 

varying the grid cell sizes, y-intercept, and slope values of the intensity/production relationship. c) 1414 

Boxplots of the mean absolute difference in percentage points at varying grid cell sizes. d) 1415 

Relative bias in the difference in percentage points between point- and gridded-production 1416 

proportion of emissions. The relative biases are consistently higher for point-level proportions 1417 

when compared to gridded production normalization, with the differences increasing with larger 1418 

grid cells used in the production normalization.   1419 
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 1421 

Fig. S14. 1422 

a) Relationship between energy intensity and oil and gas production for wells-only grid cells (i.e., 1423 

4 × 4 km2) measured by MethaneSAT for grid cells containing a single well-pad, and b) for well-1424 

pad normalized energy intensity by normalized production from all observed wells-only grid-1425 

cells.  1426 
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 1428 

 1429 

 1430 

Fig. S15. 1431 

Sample maps of the posterior-predicted methane enhancements attributable to marginally 1432 

producing regions, non-marginally producing regions, regions solely containing marginal well-1433 

pads, and those solely containing non-marginal well-pads from three MethaneSAT collections. 1434 

The estimated contributions to the total methane enhancement, enabling identification of large 1435 

emission sources with poorly distinguishable atmospheric signatures. 1436 
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 1440 
 1441 

Fig. S16. 1442 

Comparison of area-normalized and actual well-pad emissions by production cohort from 1443 

MethaneSAT emissions estimates for the CONUS. Actual well-pad emissions estimates by 1444 

production cohort informed by MethaneSAT are based on the simulation results presented in the 1445 

SI – Section 1. Well-pad emissions from MethaneSAT (left) are compared to total oil and gas 1446 

emissions estimated by TROPOMI-based inversions for the CONUS for 2023 (right) (4) which 1447 

correspond to total oil and gas supply chain methane emissions, excluding end-use sources like 1448 

urban natural gas distribution meters. 1449 
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 1468 

 1469 

 1470 

 1471 
 1472 

Fig. S17. 1473 

Normalized density plots of total methane emissions within marginally- and non-marginally-1474 

producing grid cells from MethaneSAT observations based on the 4,000 Hamiltonian Monte 1475 

Carlo realizations contained within MethaneSAT observations. 1476 
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 1492 
 1493 

 1494 

Fig. S18. 1495 

Cumulative methane emissions from estimated well-pad emissions and cumulative oil and gas 1496 

production from well-pads within the CONUS. Estimated well-pad emissions proportions are 1497 

calculated from simulations, with the methodological approach presented in the SI – Section 1.  1498 
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 1513 

Fig. S19. 1514 

a) Cumulative emission curves by well-pad production from simulated point-level (i.e., well-pad) 1515 

and gridded emissions data for the CONUS. Input data for the simulations is all wells-only areas 1516 

with production and intensity normalized by well-pad counts. b) Differences in percentage points 1517 

across production cohorts between gridded and point-level emissions proportions. Negative 1518 

values indicate that point-level cumulative emissions are higher than grid-level at the respective 1519 

production cohort, and vice-versa.   1520 
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 1527 

Table S1. 1528 

Description of 74 MethaneSAT scenes displaying retrieval data, associated region, and total 1529 

methane emissions with uncertainty. 1530 

 1531 
BASIN DATE TARGET 

ID 

PROCESSING 

ID 

TOTAL 

EMISSIONS  

LOWER 

BOUND  

UPPER 

BOUND 

PERMIAN 09/11/2024 5 7869 235 175 298 

PERMIAN 05/22/2024 6 7887 69 46 99 

PERMIAN 06/14/2024 6 7886 132 91 181 

PERMIAN 06/17/2024 56 8804 77 49 114 

PERMIAN 09/16/2024 56 7860 30 16 49 

PERMIAN 09/28/2024 56 7845 168 121 222 

PERMIAN 09/29/2024 56 7843 140 101 185 

PERMIAN 10/10/2024 56 7836 91 60 130 

PERMIAN 10/12/2024 56 8804 77 49 114 

PERMIAN 10/26/2024 56 7819 171 125 223 

PERMIAN 11/22/2024 56 7791 201 150 259 

PERMIAN 12/23/2024 56 7786 126 86 174 

PERMIAN 03/20/2025 56 7752 117 86 153 

PERMIAN 05/13/2025 56 8558 10 3 23 

PERMIAN 09/30/2024 57 7842 175 131 225 

PERMIAN 10/27/2024 57 7818 293 225 368 

PERMIAN 12/26/2024 57 8722 34 15 64 

PERMIAN 12/29/2024 57 7779 332 248 425 

PERMIAN 03/19/2025 57 7755 169 118 233 

PERMIAN 05/31/2025 57 7715 97 73 125 

PERMIAN 03/21/2025 60 8618 96 62 138 

PERMIAN 10/28/2024 61 7815 29 12 52 

APPALACHIAN 09/05/2024 2 8890 159 119 206 

APPALACHIAN 09/15/2024 2 8889 143 104 188 

APPALACHIAN 10/12/2024 64 7834 44 24 79 

APPALACHIAN 09/17/2024 67 7859 23 12 40 

APPALACHIAN 09/28/2024 67 8886 140 84 212 

APPALACHIAN 11/14/2024 67 7807 65 43 93 

APPALACHIAN 02/20/2025 67 7766 18 7 35 

APPALACHIAN 03/04/2025 68 8641 126 85 180 

APPALACHIAN 04/30/2025 68 7739 79 55 107 

EAGLE FORD 10/25/2024 85 7820 91 60 129 

EAGLE FORD 11/22/2024 85 7790 85 62 112 

EAGLE FORD 12/24/2024 85 7784 31 20 47 

EAGLE FORD 12/25/2024 85 7783 67 44 94 

EAGLE FORD 11/19/2024 90 7793 36 20 56 

HAYNESVILLE 09/24/2024 95 8829 18 9 35 

HAYNESVILLE 10/20/2024 95 7822 124 91 163 

HAYNESVILLE 12/19/2024 95 8742 79 57 104 

HAYNESVILLE 01/08/2025 95 8699 46 30 66 
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HAYNESVILLE 01/21/2025 95 7767 122 81 173 

HAYNESVILLE 02/24/2025 95 7762 80 59 104 

HAYNESVILLE 03/31/2025 95 8601 49 31 71 

SAN JOAQUIN 09/11/2024 100 7866 63 41 91 

SAN JOAQUIN 10/20/2024 100 8973 42 26 64 

SAN JOAQUIN 11/04/2024 100 7812 30 17 49 

SAN JOAQUIN 11/21/2024 100 8963 38 26 52 

SAN JOAQUIN 11/22/2024 100 8962 65 48 86 

SAN JOAQUIN 05/08/2025 100 8915 42 30 56 

SAN JOAQUIN 06/12/2025 100 8894 22 11 38 

SAN JOAQUIN 09/12/2024 159 7864 78 56 105 

SAN JOAQUIN 09/25/2024 159 7848 94 67 124 

SAN JOAQUIN 05/09/2025 159 7733 146 109 189 

SAN JUAN 11/15/2024 106 8885 26 12 46 

POWDER RIVER 09/30/2024 115 7840 12 5 24 

POWDER RIVER 10/28/2024 115 7814 5 2 10 

POWDER RIVER 05/31/2025 115 7713 55 34 83 

BAKKEN 10/12/2024 121 8803 8 3 20 

BAKKEN 02/19/2025 121 8671 43 25 69 

BAKKEN 05/13/2025 121 8557 7 2 16 

BAKKEN 06/01/2025 121 8528 10 4 20 

UINTA 07/21/2024 213 7881 11 6 21 

UINTA 07/22/2024 213 7880 19 10 31 

UINTA 09/09/2024 214 7872 3 1 11 

GREATER GREEN 

RIVER 

09/19/2024 217 8837 31 19 47 

GREATER GREEN 

RIVER 

09/20/2024 217 8887 4 1 10 

GREATER GREEN 

RIVER 

09/21/2024 217 7855 5 2 11 

UINTA 10/02/2024 110 7839 15 7 29 

UINTA 11/14/2024 110 7806 20 13 30 

UINTA 01/20/2025 110 8882 11 6 20 

UINTA 02/21/2025 110 8665 23 14 35 

UINTA 02/24/2025 110 7763 30 18 46 

UINTA 04/29/2025 110 7741 13 6 23 

UINTA 05/02/2025 110 7738 16 10 24 

 1532 

 1533 

 1534 

 1535 

 1536 

 1537 

 1538 

 1539 

 1540 

 1541 

 1542 
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Table S2. 1543 

Values associated with three factors tested within the well-pad simulations examining the 1544 

differences between grid- and well-pad level production and emissions. Relative variable 1545 

importance is also presented and was assessed using the permutation-based %IncMSE metric 1546 

from the “randomForest” package in R (8). Values are unitless and used only for relative ranking 1547 

of predictors within the simulation where higher values indicate a stronger impact on the overall 1548 

analysis. 1549 

 1550 

Factor Description Values tested 

Relative variable 

importance 

(%IncMSE) 

Grid cell size 
Grid cell size used to aggregate production 

and emissions data 

2 × 2 km2,  

4 × 4 km2,  

25 × 25 km2,  

50 × 50 km2,  

100 × 100 km2 

78 

Slope Slope value in the intensity versus 

production relationship (log10 scale) used to 

estimate well-pad emissions for the 

simulations 

-0.8, -0.9, -1.0, -1.1, 

-1.2 
65 

Intercept Y-intercept value in the intensity versus 

production relationship (log10 scale) used to 

estimate well-pad emissions for the 

simulations 

0.8, 0.9, 1.0, 1.1, 1.2 -3 

 1551 

 1552 

 1553 

 1554 

 1555 

 1556 

 1557 

 1558 

 1559 

 1560 

 1561 

 1562 

 1563 

 1564 

 1565 

 1566 

 1567 

 1568 

 1569 

 1570 

 1571 

 1572 

 1573 

 1574 
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Table S3. 1575 

Comparison of area-normalized well-pad methane emissions for 2024 within the Permian basin 1576 

from our MethaneSAT extrapolation to the CONUS and those estimated from an extensive 1577 

Bridger LiDAR sampling campaign (9). 1578 

 1579 

Well-pad production 

cohort 

MethaneSAT 

extrapolated 

emissions 

(t h-1) 

Proportion of 

emissions to total 

well-pads 

Bridger extrapolated 

emissions 

(t h-1) 

Proportion of 

emissions to total 

well-pads 

Marginal  

(<15 boe d-1) 
75.1 33.1% 82.0 35.4% 

Standard  

(15 – 300 boe d-1) 
92.9 40.9% 109.0 47.1% 

High producing  

(>300 boe d-1) 
59.1 26.0% 40.4 17.5% 

Total 227.2 - 231.5 - 

 1580 

 1581 

 1582 

 1583 

 1584 

 1585 

 1586 

 1587 

 1588 

 1589 

 1590 

 1591 

 1592 

 1593 

 1594 

 1595 

 1596 

 1597 

 1598 

 1599 

 1600 

 1601 

 1602 

 1603 

 1604 

 1605 

 1606 

 1607 

 1608 

 1609 

 1610 

 1611 

 1612 

 1613 
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Table S4. 1614 

Annual emission correction factors and adjusted oil and gas emissions based on monthly oil and 1615 

gas emissions for 2023 from TROPOMI methane inversions using the localized ensemble 1616 

transform Kalman filter CHEEREIO (7). All estimates are calculated for the full observation 1617 

domains from MethaneSAT which can extend beyond the basin boundaries we use in this work. 1618 

 1619 

Observation region 

Estimated oil and gas 

emissions (t h-1) 

[95% CI] 

Annual 

correction factor 

Adjusted oil and gas emissions 

(t h-1) 

[95% CI] 

Appalachian 137 [91 - 190] 0.96 118 [80 - 161] 

Bakken 22 [11 - 36] 1.00 22 [11 - 36] 

Permian 343 [249 - 435] 1.04 329 [239 - 418] 

Eagle Ford 88 [59 - 117] 1.25 110 [69 – 150] 

Haynesville-Bossier 77 [47 - 103] 0.91 81 [52 – 110] 

San Juan 18 [7 - 34] 0.61 11 [4 – 21] 

San Joaquin 22 [15 - 31] 0.97 18 [12 – 27] 

Powder River 19 [9 - 29] 1.28 38 [18 – 59] 

Uinta/Piceance/Greater 

Green River 
26 [15 - 38] 1.04 22 [11 – 35] 

  1620 
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Table S5. 1621 

Total marketed oil and gas production from Wood Mackenzie for 2024 for all of the oil and gas 1622 

basins measured by MethaneSAT in this work based on total production within the basin extents 1623 

and the fractions covered by MethaneSAT observations. A percentage coverage of >99% 1624 

represents cases where MethaneSAT observations do not completely encompass all production 1625 

within the basin boundaries.  1626 

 1627 

Observation region 

Total marketed oil and gas 

production within the basin 

(kboe d-1) 

Total marketed oil and gas 

production covered within the 

basin (kboe d-1) 

Percentage of total 

basin production 

covered 

Appalachian 6,410 6,170 96% 

Bakken 1,840 1,830 99% 

Permian 10,890 10,890 >99% 

Eagle Ford 2,380 2,380 100% 

Haynesville-Bossier 2,540 2,540 >99% 

San Juan 370 370 100% 

San Joaquin 270 270 >99% 

Powder River 350 320 91% 

Uinta 310 310 >99% 

Greater Green River 480 270 56% 

Piceance 210 30 13% 

  1628 
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Table S6. Description of well-pad infrastructure data within the entire CONUS. Infrastructure breakdown of 1629 

active production well-pads contained within marginally- and non-marginally producing grid cells normalized by 1630 

total well-pad counts in the CONUS.  1631 

 1632 

 Marginal grid cells  

(n = 35,791) 

Non-marginal grid cells  

(n = 14,486) 

# total well-pads 489,000 169,000 

# marginal well-pads 467,000 77,900 

% marginal well-pads 95% 46% 

# non-marginal well-pads 22,300 90,900 

% non-marginal well-pads 5% 54% 

Avg. count of marginal well-pads per 

grid cell 
13.0 5.4 

Avg. count of non-marginal well-pads 

per grid cell 
0.6 6.3 

% of total production within combined 

wells-only grid cells 
5% 95% 

Average production of marginal well-

pads 
2.3 boe d-1 well-pad-1 4.7 boe d-1 well-pad-1 

Average production of non-marginal 

well-pads 
29 boe d-1 well-pad-1 320 boe d-1 well-pad-1 

 1633 
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