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Abstract 10 

Reducing methane emissions is one of the quickest ways to slow near-term warming, yet 11 
building accurate inventories to track progress towards reducƟon targets remains challenging. 12 
We present a 2024 source-resolved methane inventory for the Permian Basin built from 13 
quarterly aerial LiDAR scans that supports benchmarking and provides a scalable framework for 14 
operator-level OGMP 2.0 reporƟng. We combined public infrastructure records with machine 15 
learning idenƟficaƟon of non-producing sites to define the facility populaƟon and generate 16 
representaƟve sampling plans, then deployed Bridger Photonics’ Gas Mapping LiDAR to scan 17 
51,770 sites across four quarters. Sources were localized to within 2 m and aƩributed to 18 
equipment idenƟfied in aerial photography acquired during the scans. The instruments 19 
achieved an average 90% probability of detecƟon at 1.16 kg/h under campaign field condiƟons. 20 
We detail a Monte Carlo framework that propagates quanƟficaƟon, extrapolaƟon, sampling, 21 
and detecƟon sensiƟvity uncertainty and weights spaƟal extrapolaƟon by observed equipment 22 
counts, avoiding bias from over or under sampling of large faciliƟes. The workflow yields a 23 
facility inventory comprehensive of source-level emission rates down to 0.4 kg/h. AŌer adding 24 
gathering pipeline and sub-0.4 kg/h emission esƟmates from prior studies, the basin total was 25 
5,133 kt CH₄ (95% CI: 4,070–6,337 kt). Seasonal variaƟon in emissions was observed, with 26 
winter up to 17% higher than summer. Non-producing faciliƟes contributed 38% of facility 27 
emissions, and tanks (31%) and compressors (28%) dominated equipment-level totals. The 28 
basin-wide methane loss rate was 3.13%. Texas emiƩed 4,038 kt CH₄ with a 3.60% loss rate, 29 
while New Mexico emiƩed 1,095 kt CH₄ with a 2.10% loss rate, placing New Mexico near its 30 
2026 target of 2%. At the operator level, most large operators outperformed the basin average 31 
intensity by a wide margin, aƩributable to newer faciliƟes, higher producƟon, and acƟve leak 32 
detecƟon and repair programs indicaƟng that facility design and operaƟng pracƟces are 33 
stronger drivers of emissions performance than geography, geology or regulatory environment. 34 
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Synopsis 38 

We construct a 2024 methane emissions inventory for the Permian Basin using aerial LiDAR, resolving 39 
emissions to specific equipment and faciliƟes. The results idenƟfy major leak sources, enable targeted 40 
repairs, and establishes a benchmark for seƫng and tracking emissions reducƟon targets.  41 

1 IntroducƟon 42 

Methane’s 20-year global warming potenƟal is 80 Ɵmes that of CO₂, and major anthropogenic 43 
sources include agriculture, oil and gas, and waste.1 Cuƫng methane emissions is widely 44 
recognized as one of the fastest and most cost-effecƟve strategies to slow near-term climate 45 
change.2 In the oil and gas sector, operators have spent the past decade implemenƟng large-46 
scale leak detecƟon and repair (LDAR) programs supported by advances in emissions monitoring 47 
technologies.3 These programs have delivered measurable reducƟons in some regions, but 48 
methane emissions remain a major source of uncertainty in greenhouse gas inventories, limiƟng 49 
the ability to quanƟtaƟvely assess miƟgaƟon effecƟveness and track progress toward reducƟon 50 
goals.4 51 

Accurate source-resolved methane emissions inventories are essenƟal to inform 52 
miƟgaƟon strategies, track progress and guide effecƟve policies. TradiƟonal inventories built 53 
from acƟvity data and emission factors based on engineering calculaƟons oŌen underesƟmate 54 
emissions.5 New measurement technologies provide more reliable esƟmates, enabling 55 
inventories at regional, basin, and operator scales. Recognizing this, the United NaƟons 56 
Environment Programme launched the Oil and Gas Methane Partnership (OGMP) 2.0, a global 57 
reporƟng framework designed to improve transparency and scienƟfic credibility. The framework 58 
requires companies to transiƟon from convenƟonal factor-based reporƟng to measurement-59 
informed or measurement-based inventories. More than 150 companies with assets in over 90 60 
countries, represenƟng over 40 percent of global oil and gas producƟon, have joined OGMP 61 
2.0.6 AdopƟon has grown rapidly, making it a central pathway for industry-wide methane 62 
reducƟons. 63 

Despite rapid advances in methane monitoring, converƟng observaƟons into accurate 64 
operator- or basin-scale inventories remains challenging. In principle, a comprehensive 65 
inventory would deliver 1) near-complete spaƟal coverage with equipment-level resoluƟon, 2) 66 
sufficient temporal coverage to capture variability and miƟgaƟon, and 3) sufficiently low 67 
detecƟon limits with reliable quanƟficaƟon to observe the full emission distribuƟon. In pracƟce, 68 
programs balance these elements across technologies and deployment strategies.  69 
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Ground-based methods, including handheld instruments, opƟcal gas imaging, and fixed 70 
conƟnuous monitors, can excel at source-level diagnosis but do not scale well. For example, 71 
handheld OGI campaigns provide detailed aƩribuƟon yet struggle with accurate emission rate 72 
quanƟficaƟon and cannot visit enough faciliƟes frequently enough for regional assessments. 73 
ConƟnuous monitors improve temporal coverage but are deployed at relaƟvely few sites, 74 
limiƟng spaƟal representaƟveness. Even so, inventories have been built from ground 75 
measurements. For example, Omara et al.7 compiled a 2021 U.S. inventory using measurements 76 
from 1,540 faciliƟes collected over several years and extrapolated naƟonally with infrastructure 77 
data. The result is spaƟally explicit at the facility and regional scale, but sparse temporal 78 
sampling reduces sensiƟvity to short-term miƟgaƟon, and the measured faciliƟes may not fully 79 
represent all basins and operators. 80 

Spaceborne remote sensing expands spaƟal reach and temporal sampling but typically 81 
has coarser resoluƟon and high detecƟon thresholds, missing many rouƟne sources and 82 
complicaƟng aƩribuƟon. Aerial approaches sit between these extremes because they can cover 83 
large producing regions while retaining site- and in some cases source-specific detecƟon and 84 
quanƟficaƟon, depending on the technology. Recent studies have leveraged aerial data to 85 
construct measurement-based inventories (e.g., Johnson et al.8; Sherwin et al.9), but accuracy 86 
depends on sensor performance and sampling design. For instance, Sherwin et al.9 used a basin-87 
scale solar-infrared spectrometer in the Permian that scanned a large share of basin producƟon, 88 
but, due to a relaƟvely high detecƟon threshold, captured only a fracƟon of total emissions and 89 
relied on emissions modeling for inventory esƟmates. 90 

In contrast, Bridger Photonics’ Gas Mapping LiDAR (GML) rouƟnely detects sources near 91 
1 kg/h at 90% probability of detecƟon and has supported comprehensive inventories in 92 
Canadian provinces,8,10 Haynesville Basin (GTI Energy), and in basins throughout Colorado.11 93 
While no technology alone saƟsfies all ideal criteria, aerial surveys that provide broad spaƟal 94 
coverage, source-level aƩribuƟon, and sufficiently low detecƟon limits provide a pracƟcal 95 
soluƟon to enable staƟsƟcally representaƟve sampling and robust, scalable inventory models. 96 

We present a 2024, measurement-based methane emissions inventory for the Permian 97 
Basin derived from a large-scale aerial campaign using Bridger Photonics’ GML. This study 98 
details the full methodology and assumpƟons for transparency, while advancing measurement-99 
based inventory pracƟce in three ways:  100 

1. We design and execute a representaƟve sampling strategy that combines public 101 
infrastructure records, machine-learning analysis of recent high-alƟtude imagery to 102 
idenƟfy non-producing sites missing from public databases, and historical emissions 103 
informaƟon to select basin-representaƟve sites for quarterly scanning. 104 

2. We provide the most detailed performance characterizaƟon of aerial scans to date, 105 
deriving scan-specific site detecƟon sensiƟvity thresholds and plume-level quanƟficaƟon 106 
error esƟmates based on measurable scan parameters.  107 
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3. We merge source-level and site-level staƟsƟcs to propagate uncertainty and scale 108 
emissions from the scanned subset to the full basin, explicitly accounƟng for site 109 
emission characterisƟcs and the distribuƟon of equipment counts across facility types. 110 

The framework is transferable across U.S. basins and enables measurement-based 111 
inventories that benchmark methane performance and track progress toward reduction 112 
targets. 113 

2 Methods 114 

2.1 Methane Emissions Measurement Data 115 

This study uses aerial methane emissions data collected with Bridger Photonics' Gas Mapping 116 
LiDAR 2.0, hereaŌer referred to as GML. GML is a remote sensing instrument mounted on 117 
manned aircraŌ that collects topographic and methane concentraƟon point cloud data using 118 
two co-aligned scanning lasers, along with coincident aerial photography. GML detects methane 119 
emissions at the source level with a localizaƟon accuracy of within 2 meters 12, allowing for 120 
aƩribuƟon to specific equipment or infrastructure at a facility using the aerial imagery that 121 
include compressors, flares, generators, facility piping, tanks, separators, vapor recovery units, 122 
and wells. Emission rates for detected sources are computed from plume concentraƟon 123 
measurements and wind speed data using the method described in Thorpe and KreiƟnger.13 124 
Facility-level emissions are then esƟmated by aggregaƟng all source-level emission rates within 125 
the facility boundary. 126 

The performance of GML has been extensively characterized through controlled release 127 
studies 14–16, providing one of the most comprehensive performance assessments of any 128 
methane detecƟon technology to date. This work has produced a source-level quanƟficaƟon 129 
error model 17 and a probability of detecƟon (PoD) model 18, both of which are integrated into 130 
the total emissions inventory model (described in SecƟon 2.3). The quanƟficaƟon model shows 131 
an average single-pass uncertainty of 30% (50% CI) with a posiƟve bias at smaller emission rates 132 
(<10 kg/h) and negligible bias at larger emission rates (>10 kg/h). The PoD model describes the 133 
likelihood of detecƟng an emission at a specified rate based on two measured parameters, gas 134 
concentraƟon noise (GCN) and wind speed, which collecƟvely capture the influence of 135 
deployment parameters and environmental condiƟons. Under the deployment condiƟons for 136 
this campaign, the average emission rate corresponding to a 90% PoD for all scanned faciliƟes in 137 
the campaign was 1.16 kg/h (Supplementary Figure 3). 138 
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2.2 Campaign Planning 139 

 140 

Figure 1. Site sampling heatmap across the Permian Basin campaign, including all four quarters. The 141 
Permian Basin boundary is outlined in white, with state borders shown in black. Higher site counts 142 

correlate to regions with denser oil and gas acƟvity. 143 

The 2024 aerial measurement campaign in the Permian Basin was designed to scan a 144 
representaƟve sample of faciliƟes once per quarter from Q1 through Q4. We first defined the 145 
total facility populaƟon and its classificaƟon, then drew quarterly samples to scan. FaciliƟes 146 
were straƟfied by infrastructure type and producƟon status. Midstream faciliƟes comprised gas 147 
processing plants and a combined compressor staƟons category that groups gathering and 148 
transmission compressor staƟons and gas storage faciliƟes due to similar emission profiles and 149 
smaller populaƟon sizes. Upstream faciliƟes included wellsites and non-producing sites, which 150 
are sites without acƟve wells or reported producƟon that sƟll contain surface infrastructure 151 
such as centralized tank baƩeries. Wellsites were further subdivided by producƟon, measured in 152 
barrels of oil equivalent per day (boed): high (>300 boed), standard (15–300 boed), and 153 
marginal (<15 boed). These strata were chosen because facility gas producƟon is inversely 154 
correlated with methane loss rate 19, they capture disƟnct emission profiles, and they align with 155 
facility class populaƟons available in state infrastructure databases, which support basin-wide 156 
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extrapolaƟon. Gathering pipelines were not targeted during the campaign but were accounted 157 
for in the inventory using other aerial measurements (secƟon 2.4). 158 

To determine the populaƟon in each stratum, we combined mulƟple data sources. The 159 
Rextag energy infrastructure database provided upstream and midstream assets. Individual 160 
wells flagged as acƟve and producing were clustered into faciliƟes using a density-based spaƟal 161 
clustering algorithm.20 Midstream faciliƟes listed in Rextag with an acƟve operaƟonal status 162 
were incorporated directly into the populaƟon count. 163 

Because infrastructure databases do not include non-producing sites (e.g., centralized 164 
tank baƩeries), we developed a machine learning (ML) workflow to idenƟfy facility pads and 165 
delineate site polygons across the basin from NaƟonal Agriculture Imagery Program (NAIP) 166 
imagery (2022, 0.6 m resoluƟon). The model was most reliable on bare or lightly vegetated pads 167 
with clear disturbed earth. Residual false posiƟves arose from visually similar features such as 168 
gravel lots, construcƟon pads, and agricultural yards, while false negaƟves were linked to small 169 
or parƟally vegetated pads and sites with buildings. To esƟmate the basin-wide count of non-170 
producing faciliƟes, ML-derived polygons were cross-referenced with the Rextag-idenƟfied 171 
upstream and midstream sites to remove known locaƟons, leaving a set of supposed non-172 
producing sites. We then conducted manual quality control over nine geographically distributed 173 
areas (covering 7% of the basin area), filtering residual false posiƟves and adding missed sites 174 
(Supplementary Figure 1). For each area we computed a non-producing site fracƟon (# of non-175 
producing sites per # of producing wellsite) and took the average across areas to obtain a basin-176 
wide esƟmate of 19.2%. MulƟplying by the total number of acƟve producing wellsites produced 177 
an esƟmated 21,613 non-producing sites across the basin. AddiƟonal methodological details are 178 
provided in the SI. 179 

With the populaƟon and spaƟal distribuƟon defined, we drew representaƟve samples 180 
during each quarter that measurements were performed. Many gas processing plants and 181 
compressor staƟons were included across all quarters given their relaƟvely small populaƟons 182 
and material emissions contribuƟon. The remaining sites were selected via spaƟally randomized 183 
sampling within strata. Sample allocaƟon methods evolved over the campaign as we 184 
incorporated learning from earlier quarters; in later quarters we adopted Neyman allocaƟon as 185 
the preferred approach (see Supplementary InformaƟon, SecƟon S1.3), which was implemented 186 
to reduce uncertainty in total emissions esƟmates. The populaƟon and the quarterly sample of 187 
sites per stratum is shown in Table 1.  188 
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Table 1. Quarterly counts of faciliƟes scanned in 2024 across the Permian Basin by facility stratum. Total 189 
Scanned is the sum of Q1–Q4 scan-visits (not necessarily unique faciliƟes). Permian PopulaƟon is the 190 
esƟmated number of faciliƟes per stratum. Sampling FracƟon = Total Scanned ÷ Permian PopulaƟon 191 
(values > 1 indicate mulƟple passes per facility).  192 

Facility Stratum 
Q1 

2024 
Q2 

2024 
Q3 

2024 
Q4 

2024 
Total 

Scanned 
Permian 

Population 
Sampling 
Fraction 

Gas Processing Plant 30 29 29 153 241 242 1.00 
Compressor Station 333 331 320 635 1,619 939 1.72 
Non-Producing 2,465 2,294 2,276 1,437 8,472 21,613 0.39 
Wellsite - High  1,867 2,031 2,031 1,437 7,366 6,809 1.08 
Wellsite - Standard  2,529 2,644 2,697 2,167 10,037 22,201 0.45 
Wellsite - Marginal  6,357 5,848 6,011 5,819 24,035 83,556 0.29 
Total Facilities  13,581 13,177 13,364 11,648 51,770 135,360 0.38 

Following each quarterly campaign, GML aerial imagery was analyzed to refine facility 193 
boundaries and idenƟfy all major equipment present. These updated data were used to finalize 194 
site straƟficaƟon. Over the course of the campaign, a total of 51,770 sites were scanned, 195 
averaging 12,943 sites per quarter, across 195 calendar days. The campaign sampled sites across 196 
all basin areas, providing representaƟve coverage as shown in Figure 1. 197 

2.3 Total Emissions EsƟmate Method 198 

The total emissions estimation method uses processed GML data as input, organized into 199 
quarterly segments. The input data contains key parameters including the facility identifier, 200 
aerial scan timestamp, gas detection status (detect or non-detect), emission rate, and 201 
equipment type. Additional measurable parameters required for emission modeling include gas 202 
concentration noise (GCN), a LiDAR noise metric that condenses the many factors affecting 203 
detection sensitivity into a single parameter that represents the noise for each pixel of GML 204 
methane concentration imagery, and wind speed, both of which are inputs to the probability of 205 
detection (PoD) model. The average signal to noise ratio (SNR) of detected plumes, which 206 
characterizes the strength of the elevated methane concentration signal for each detected 207 
plume, and wind speed are inputs into the quantification error model. 208 

Our methodology for estimating basin-wide or operator-specific methane emissions 209 
inventories builds on prior Monte Carlo frameworks using aerial measurements.8,9,21 The model 210 
integrates detailed performance characterizations, accounts for detection probability and 211 
quantification error, and uses facility-specific equipment counts to extrapolate emissions from 212 
measured subsets to the full basin population. The result is a comprehensive, bias-corrected 213 
inventory composed of (1) directly measured emissions, (2) estimated missed emissions within 214 
the partial detection region (0.4 to 3 kg/h), and (3) a 95% confidence interval that combines 215 
uncertainty from extrapolation, quantification, sampling, and detection sensitivity. We set an 216 
emission rate of 0.4 kg/h as the lower bound to ensure reliable extrapolation and to provide a 217 
clear transition point for incorporating smaller sources. Figure 2 presents this workflow from 218 
inputs through simulation to inventory assembly. 219 
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 220 

Figure 2. Overview of the workflow for creaƟng a top-down facility-level total emissions inventory with 221 
source-resolved aerial flyover data. The inventory framework operates in a hybrid manner, using both 222 
facility- and source-level emissions data. Source-resolved emissions are aggregated to the facility-level 223 
for spaƟal and temporal extrapolaƟon, while the source-level emissions are used within the Monte Carlo 224 
simulaƟon to account for quanƟficaƟon errors and detecƟon sensiƟvity. 225 

2.3.1 Emissions Data Pre-Analysis Scheme 226 

Our workflow begins with several pre-analysis steps performed on each quarterly set of facility 227 
scan data. Scan data for each site visit was analyzed to idenƟfy emiƩers, esƟmate fluxes, and 228 
map equipment using coincident aerial imagery. We then combine observed equipment counts 229 
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and types with external infrastructure and producƟon informaƟon from the Rextag database to 230 
classify sites and assign each facility to a stratum. This sequence establishes the structured 231 
inputs required for inventory construcƟon and for the Monte Carlo simulaƟon that follows. 232 

We next prepare the snapshot emissions rate distribuƟon used in the simulaƟon. For 233 
each facility, source level measurements are down selected to a "snapshot” defined as the first 234 
observaƟon of each source locaƟon during the visit, averaged across detecƟons within a three-235 
hour window to account for overlapping scan swaths and to improve quanƟficaƟon accuracy. If 236 
a source is not detected on the first pass but appears on a later pass within that window, it is 237 
excluded from the snapshot to avoid inflaƟng event probabiliƟes. This preserves the naƟve 238 
frequency of emission events across faciliƟes and equipment types and provides the key input 239 
for spaƟal and temporal extrapolaƟon. 240 

Although GML provides source-level emission measurements, our model operates in a 241 
hybrid between facility-level and equipment-level because facility-level counts are the finest 242 
resoluƟon available in state infrastructure databases to produce populaƟon esƟmates (i.e., 243 
equipment-level populaƟons are not available unƟl a large fracƟon of the basin has been 244 
scanned). Snapshot source-level emissions are aggregated to the facility-level by summing all 245 
sources included in the snapshot within the facility boundary. Emission distribuƟons are then 246 
produced for each of the six facility strata, which includes facility scans with no detecƟons.  247 

2.3.2 Monte Carlo Framework 248 

Previous studies have used Monte Carlo frameworks that stratify facility-level emissions 249 
data and simulate basin-wide emissions by randomly sampling measured facilities within each 250 
stratum.8,9 However, we found that even within a single stratum, facility-level emission profiles 251 
can vary substantially depending on the specific facilities sampled. By analyzing equipment 252 
counts and types identified from GML aerial imagery at each scanned facility, we observed a 253 
strong correlation between facility-level emission factors and total equipment counts (Figure 254 
3B). This finding highlights the importance of facility definition and size, particularly equipment 255 
count, when extrapolating emissions. Because equipment-count data are largely absent from 256 
public energy infrastructure datasets, determining reliable equipment-count distributions for 257 
each facility stratum requires scanning a large fraction of sites within the basin. For example, if 258 
larger, high-equipment-count facilities within a stratum are oversampled, extrapolated 259 
emissions may be overestimated. Careful consideration of facility characteristics is therefore 260 
critical for generating representative basin-wide inventories. 261 

Leveraging the detailed facility-level equipment information, we modified our Monte 262 
Carlo framework to use the distribution of equipment counts as the cumulative distribution 263 
function (CDF) from which facility draws were made. To construct this equipment-count CDF, 264 
we first categorized all unique facilities scanned throughout the entire measurement campaign 265 
by their respective stratum and then generated a representative CDF for each stratum (Figure 266 
3A). For quarterly extrapolation to unmeasured sites, we used this global equipment-count 267 
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distribution derived from the cumulative campaign data. This approach ensures that the 268 
probability of drawing a given facility reflects the underlying distribution of facility equipment 269 
counts within each stratum, rather than assigning equal probability to all facilities. Without this 270 
weighting, results would depend more heavily on the specific sample measured and may not 271 
reflect the true composition of the facility population. This method relies on the assumption 272 
that while an individual quarter's scans may not fully represent the broader facility stratum 273 
population, aggregating equipment count data across the entire campaign provides a more 274 
representative characterization of each stratum. As campaign coverage expands, these 275 
distributions converge toward the true basin composition, improving the accuracy of quarterly 276 
extrapolations and improving planning of subsequent deployments, ultimately supporting 277 
unbiased scaling to the full facility population. 278 

 279 

Figure 3. (A) CumulaƟve distribuƟon funcƟon (CDF) of total equipment count per facility for each facility 280 
stratum across all unique sites surveyed over the four quarters. These CDFs were used in the Monte Carlo 281 
simulaƟon to generate random draws for bootstrapping emissions. (B) Facility-level emission factor as a 282 
funcƟon of total equipment count per facility, grouped by facility stratum. FaciliƟes were binned by total 283 
equipment count to calculate emission factors using variable-width bins with edges: [1, 5, 10, 20, 30, 40, 284 
50, 60, 70, 80, 90, 100, 150, 200]. The black line represents the best-fit line derived from the binned data 285 
across all facility strata showing a strong correlaƟon between equipment count and facility-level 286 
emission factor. 287 

For each straƟfied Monte Carlo realizaƟon (Nmc), faciliƟes within a given stratum were 288 
sampled with replacement using the equipment count-based CDF described above. The number 289 
of faciliƟes drawn matches the total populaƟon size for that stratum(nstrata). Once a facility is 290 
selected, if there are associated emission sources they are retrieved and processed through the 291 
source-level GML quanƟficaƟon error model. The measured signal-to-noise raƟo (SNR) of each 292 
detecƟon is used as the input to generate a CDF of the relaƟve error raƟo (RER; measured 293 
emission rate divided by actual emission rate) for that specific source, which defines the 294 
average bias and uncertainty. A random value between 0 and 1 is then drawn from this CDF, and 295 
the corresponding bias-corrected emission rate is assigned to that source for the given 296 
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realizaƟon. This process is repeated across all strata, and the results are aggregated to produce 297 
total emissions esƟmates. These emissions represent the “measured emissions” component 298 
reported in the results. Over many Monte Carlo realizaƟons, the source-level esƟmates 299 
converge to the average bias-corrected values defined by the RER distribuƟon while also 300 
capturing the quanƟficaƟon uncertainty interval. 301 

The so-called “missed emissions” are estimated within the Monte Carlo framework by 302 
inverting the GML probability of detection (PoD) model. The analysis focuses on emissions 303 
within GML’s partial detection region (0.4 to 3 kg/h), where detection is probabilistic, to 304 
estimate both the number of undetected emitters and their magnitudes. To account for 305 
variations in deployment conditions across a measurement campaign, wind speed and 306 
measured gas concentration noise (GCN) values are randomly sampled with replacement. 307 
During each Monte Carlo realization, a wind speed and GCN value are randomly drawn and 308 
assigned to each emission in the partial detection region and input into the PoD model to 309 
determine the likelihood of detecting that emission under those conditions. The number of 310 
missed sources is estimated using the ratio of the probability of missing an emission to the 311 
probability of detecting one, estimating how many emissions go undetected for each one that is 312 
successfully detected. Finally, the CDF of the partial detection emission rates, scaled by the 313 
PoD, is used to estimate the distribution of missed emissions, from which the number of missed 314 
sources is randomly drawn with replacement. Through repeated realizations, this approach 315 
captures variability in the number of missed sources and the POD-scaled distribution, providing 316 
an estimate and confidence interval for the number and magnitude of emissions likely missed 317 
due to detection limitations. Further details and illustration of this method are provided in 318 
Section S2.3. 319 

2.4 Natural Gas Gathering Line Emissions 320 

Natural gas gathering lines were not directly targeted in the measurement campaign but 321 
contribute to total emissions and must be included to develop a comprehensive basin-wide 322 
inventory. We use emission factors derived from aerial surveys over the Permian Basin 22, which 323 
report a wide range of values and a decreasing trend across four campaigns conducted between 324 
2019 and 2021. We use the average emission factor from the latest two campaigns in 2021 and 325 
use the result that is reported for persistent emissions observed on mulƟple days. This results in 326 
an emission factor of 3.75 ± 1.8 Mg year⁻¹ km⁻¹. In applying these factors, we assume that the 327 
esƟmated emission factor is complete, and the uncertainty is accurately captured. Using the 328 
Rextag natural gas pipeline database, we idenƟfied 141,999 km of operaƟonal gathering lines in 329 
the Permian Basin, with 106,912 km in Texas and 35,087 km in New Mexico. This corresponds to 330 
esƟmated emissions of 532.5 ± 255.6 kt/year basin-wide, including 400.9 ± 192.4 kt/year in 331 
Texas and 131.6 ± 63.2 kt/year in New Mexico. 332 
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3 Results 333 

This 2024 measurement campaign resulted in comprehensive methane emission inventories for 334 
the Permian Basin (SecƟon 3.1), defined spaƟally using the U.S. Energy InformaƟon 335 
AdministraƟon (EIA) boundary. Separate inventories were produced for the Texas and New 336 
Mexico porƟons of the basin (SecƟon 3.2). The dataset also enabled complete inventories for 15 337 
of the top producers in the basin (SecƟon 3.3), supporƟng operator performance benchmarking. 338 

3.1 Basin Inventory 339 

Total emissions from the Bridger campaign were esƟmated on a quarterly basis, with results 340 
summarized in Figure 4A and Table 2. The average quarterly emission rate based on the 341 
measurement campaign was 1,139 kt CH₄ and ranged from 1,056 to 1,233 kt CH₄, with quarter-342 
specific 95% confidence intervals that on average extended from −22% to +33% of each 343 
esƟmate. Quarterly results were highly consistent, with overlapping 95% confidence intervals 344 
and stable proporƟons of missed emissions, highlighƟng the consistency of the measurement 345 
and modeling approach and basin-level emissions on quarterly Ɵme scales. Winter quarters (Q1 346 
and Q4) were up to 17% higher than summer quarters (Q2 and Q3), aligning with the 18% 347 
increase reported by Hu et al.23, whereas TROPOMI satellite observaƟons suggest a larger 60% 348 
seasonal increase.24 AggregaƟng the quarterly Bridger inventory (Figure 4B), the annualized 349 
emissions were 4,555 kt CH₄ (95% CI: 3,533 to 5,718 kt). 350 

 351 

Figure 4. Methane emissions from the Permian Basin. (A) Quarterly measured and esƟmated missed 352 
emissions based on the Bridger measurement campaign. (B) Annualized Bridger inventory with added 353 
gathering line emissions and sources below 0.4 kg/h, represenƟng the lower bound of the Bridger 354 
inventory. Error bars indicate 95% confidence intervals. 355 
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To translate inventory totals into acƟonable miƟgaƟon, aƩribuƟon by facility and 356 
equipment type is essenƟal for targeted strategies. Figure 5 summarizes this breakdown by 357 
facility stratum and equipment type. Non-producing faciliƟes were the largest contributor 358 
(38%), reflecƟng both their large site counts and the prevalence of tank and processing 359 
equipment. Standard and marginal producing wellsites contributed 19% and 14%, respecƟvely. 360 
Compressor staƟons and gas processing plants each contributed 11% despite relaƟvely high 361 
emission factors because their populaƟons were smaller, and high producing wellsites 362 
contributed the least. At the equipment level, tanks (31%) and compressors (28%) dominated 363 
and together accounted for 59% of total emissions, highlighƟng primary miƟgaƟon 364 
opportuniƟes. Flares comprised 15%, other sources not linked to a major equipment type 365 
accounted for 14% (for example, compleƟons or hydraulic fracturing), and separators, wells, and 366 
vapor recovery units contributed 9%, 3%, and 0.2%, respecƟvely.  367 

 368 

Figure 5. (A) Basin-wide methane loss rate parƟƟoned into upstream and midstream sectors with 95% 369 
confidence interval. (B) Equipment-level and (C) facility-level breakdowns of total emissions for the 370 
Bridger campaign, where donut segments indicate each category’s percent contribuƟon to total 371 
emissions. 372 

To construct the comprehensive inventory, we augmented the Bridger facility-level 373 
inventory with gathering line emissions and an esƟmate of sources below the 0.4 kg/h inventory 374 
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threshold. Gathering line emissions totaled 532 kt CH₄ (95% CI: 277–788 kt; green, Figure 4B). 375 
Sub-threshold emissions were esƟmated using data from a 2019 to 2021 study that combined a 376 
less sensiƟve aerial technology for detecƟng large emission sources with emissions modeling for 377 
smaller sources in an aƩempt to produce a complete emissions distribuƟon for the Permian 378 
Basin.9 Sources below 0.4 kg h⁻¹ were esƟmated to contribute about 1% of total basin-wide 379 
emissions. Assuming the gathering line esƟmate is complete, the Bridger inventory captured 380 
99% of total emissions, and we therefore added 1% (46 kt CH₄; orange, Figure 4B) to represent 381 
sub-threshold sources. Combining these components resulted in a comprehensive inventory of 382 
5,133 kt CH₄ for 2024 (95% CI: 4,070–6,337 kt). 383 

Methane intensity was calculated in two forms: loss rate, the raƟo of methane emissions 384 
to methane in produced natural gas, and NGSI intensity, defined by the Natural Gas 385 
Sustainability IniƟaƟve as methane emissions relaƟve to total energy produced from oil and gas. 386 
We conservaƟvely use a methane fracƟon of 0.90 in produced gas, and addiƟonal details on 387 
these calculaƟons are provided in the supporƟng informaƟon. For upstream and midstream 388 
faciliƟes combined, the total loss rate was 3.13% (Figure 5A), and the NGSI intensity was 1.31% 389 
(Table 2). NGSI intensity is lower because the Permian Basin produces a large share of oil 390 
relaƟve to gas; in gas dominant basins such as the Haynesville, the two metrics would be nearly 391 
idenƟcal. Segment specific results show upstream emissions (wellsites and non-producing sites) 392 
having a loss rate of 2.16% and an NGSI intensity of 0.91%. The facility- and segment-level 393 
resoluƟon of this inventory enables its direct applicaƟon to supply-chain methane-intensity and 394 
life-cycle assessment frameworks by linking emissions to specific producƟon and transport 395 
stages. 396 

3.2 State-Level Inventory  397 

Texas, consistent with its larger share of gas producƟon, accounts for the majority of basin 398 
emissions. Annualized emissions were 4,038 kt CH₄ yr⁻¹ for Texas (95% CI: −21% to +24%), 399 
represenƟng 79% of the basin emissions and 68% of basin gas producƟon. New Mexico 400 
contributed 1,095 kt CH₄ yr⁻¹ (95% CI: −21% to +23%), or 21% of the basin emissions, with 32% 401 
of basin gas producƟon (Table 2). Segment aƩribuƟon shows that upstream sources contribute 402 
71% of Texas emissions (2,871 kt CH₄ yr⁻¹) and 61% of New Mexico emissions (668 kt CH₄ yr⁻¹), 403 
with the remainder from midstream (29% in Texas and 39% in New Mexico). VariaƟons between 404 
state emission shares and producƟons may reflect differences in infrastructure mix, operaƟonal 405 
pracƟces, producƟon growth rates, and policy.  406 
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Table 2. Methane loss rate, NGSI intensity, methane emission factor25, total 2024 annualized emissions, 407 
and oil and gas producƟon for the Permian Basin, Texas, and New Mexico, reported for both combined 408 
upstream and midstream faciliƟes and for upstream faciliƟes only. 409 

Segment Area 
Total 

Emissions 
(kt CH₄ / yr) 

95% CI 
(relaƟve) 

Loss 
Rate 

(%) 

NGSI 
Intensity 

(%) 

Emission 
Factor 
(g/MJ) 

Gas 
ProducƟon 

(Bcf/d) 

Oil 
ProducƟon 

(Mbbl/d) 

Upstream 
& 
Midstream 

Permian 5,133 [-21%, +23%] 3.13 1.31 0.21 26.0 6,312.7 

Texas 4,038 [-21%, +24%] 3.60 1.51 0.24 17.8 4,314.8 

New 
Mexico 

1,095 [-21%, +23%] 2.10 0.89 0.14 8.2 1,998.0 

Upstream 

Permian 3,539 [-17%, +23%] 2.16 0.91 0.15 26.0 6,312.7 
Texas 2,871 [-17%, +23%] 2.56 1.08 0.17 17.8 4,314.8 
New 
Mexico 

668 [-15%, +20%] 1.28 0.54 0.09 8.2 1,998.0 

 410 

The 2024 New Mexico loss rate for midstream and upstream was 2.1%. The state’s 2026 411 
rule targets 98% gas capture, equivalent to a 2% loss rate, puƫng New Mexico near the target 412 
level. Texas exhibits a loss rate of 3.6% (NGSI intensity 1.51%). These state-level paƩerns are 413 
consistent with findings reported by Varon et al. (2025).24  414 

To contextualize the New Mexico loss rate, we compare New Mexico emission factors to 415 
Permian-wide values and find they are lower across most equipment and facility categories 416 
(Figure 6). At the equipment level, New Mexico is lower for every category except VRUs, with 417 
the largest gaps for flares, separators, and wells, and clear differences for tanks and 418 
compressors. These equipment-level paƩerns carry through to faciliƟes, where gas processing 419 
plants, non-producing sites, and standard producing wellsites show lower factors. The facility- 420 
and equipment-level granularity of this work shows New Mexico’s lower intensity is broad-421 
based across source categories and is not driven by a single source. Further invesƟgaƟon will be 422 
required to determine the underlying causes for lower emission factors, which may include 423 
differences in facility producƟon rate and composiƟon, equipment age, infrastructure 424 
configuraƟon, and operaƟng pracƟces. 425 
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 426 

Figure 6. Measurement-based methane emission factors are shown for the Permian Basin (light blue) and 427 
the New Mexico porƟon of the Permian (dark blue) at the equipment level (A) and facility level (B). 428 
Emission factors represent the average emission rate per equipment unit or facility type, including zeros, 429 
with the x-axis displayed on a logarithmic scale. 430 

3.3 Top-Producing Operators 431 

We developed annualized, operator-level inventories for 15 Permian Basin operators where 432 
facility sampling coverage was sufficient relaƟve to the populaƟon. Facility counts and produced 433 
gas volumes were compiled from Enverus. This set is not intended to match the top fiŌeen 434 
producers by output, yet it includes several of the largest operators in the basin and together 435 
they account for approximately 79% of basin gas producƟon. All results are presented with 436 
anonymized operator idenƟfiers (Figure 7). To enable fair comparison across companies, we 437 
report upstream methane loss rates only. Midstream footprints vary widely by operator and 438 
would confound direct comparisons if included. 439 

Many high producing operators in this cohort perform well below the Permian Basin 440 
upstream average, oŌen by a wide margin, with a cohort loss rate average of 0.93%. The basin 441 
average is generally pulled upward by smaller operators that manage large numbers of marginal 442 
wellsites. Marginal wells typically exhibit higher emissions intensity. 19 Larger operators tend to 443 
operate newer equipment and higher-throughput sites and have greater resources for 444 
emissions monitoring and miƟgaƟon, which helps explain their lower loss rates. This operator-445 
resolved, measurement-based approach enables granular peer comparisons within a basin, 446 
facilitaƟng the idenƟficaƟon and sharing of best pracƟces. It also provides a pracƟcal pathway 447 
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for OGMP 2.0 reporƟng and conƟnuous benchmarking of progress toward methane reducƟon 448 
goals. 449 

 450 

Figure 7. Upstream methane loss rates (%) for 15 Permian Basin operators derived from the 2024 aerial 451 
campaign. The operators represent some of the largest in the basin, though the set may not correspond 452 
exactly to the top 15 by producƟon. The dashed verƟcal line marks the Permian Basin average upstream 453 
loss rate. 454 

4 Discussion 455 

4.1 Comparison with Previously Published Inventories 456 

Figure 8 places our 2024 esƟmated methane loss rate alongside basin-level esƟmates 457 
reported since 2019 and overlays average daily gas producƟon.7,9,24,26–28 While not every study 458 
covers the enƟre Permian, each includes both upstream and midstream sources, and all values 459 
are harmonized to a methane fracƟon of 0.9 for comparability. Our esƟmate is consistent with 460 
loss rates from these prior studies derived from measurements at varying scales. The series 461 
shows relaƟvely stable or slightly declining intensity since 2019, during a period of increasing 462 
gas producƟon, suggesƟng progress in efficiency and miƟgaƟon. 463 
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 464 

Figure 8. Permian Basin methane loss rate esƟmates by study with confidence intervals, ploƩed by year 465 
on the leŌ axis. Average daily gas producƟon (Bcf/d) is shown as a gray line on the right axis. Color 466 
denotes measurement scale: blue ground-based, green aerial, and orange satellite. AddiƟonal details on 467 
the studies in this comparison are in SecƟon SI5. All loss rates are harmonized to a methane fracƟon of 468 
0.90 in produced gas, with values rescaled where other fracƟons were assumed. 469 

4.2 ImplicaƟons for Basin Wide Benchmarking and OGMP ReporƟng 470 

A low detecƟon sensiƟvity, equipment level workflow that directly captures about 99% of total 471 
emissions delivers inventories that are immediately acƟonable. By tying each plume to specific 472 
equipment within a facility, totals become concrete worklists for maintenance, repair, and 473 
capital planning rather than abstract basin averages. In contrast, inventories built from less 474 
sensiƟve aerial systems or from space-based observaƟons leave large gaps. Given the measured 475 
emission rate distribuƟon, a system with a 25 kg/h sensiƟvity would capture only 60% of basin 476 
emissions, and a system near 100 kg/h, typical of satellite point source imagers, would capture 477 
only 31%. The remainder must be simulated rather than measured, undermining credible basin 478 
comparison and removing the possibility to measure improvements in the simulated porƟons. 479 
Closing this sensiƟvity gap is essenƟal for reliable benchmarking across operators and basins. 480 

The workflow produces an equipment level inventory consistent with OGMP Level 4 and 481 
a site level inventory consistent with OGMP Level 5. Because results aggregate transparently 482 
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from equipment to facility to operator to basin, with uncertainty reported in a consistent 483 
format, the method supports defensible and cost-effecƟve benchmarking, target seƫng, and 484 
verificaƟon across reporƟng periods and peers. 485 

4.3 Model LimitaƟons and AssumpƟons  486 

The primary limitaƟon of this approach is temporal coverage. The method assumes that 487 
broad spaƟally representaƟve sampling, paired with snapshot measurements across many sites, 488 
captures the naƟve frequency of emission events by source type. This allows the Monte Carlo 489 
framework to explore plausible temporal variability. The ergodic principle is oŌen invoked, 490 
which states that the ensemble average of random samples at many sites equals the Ɵme 491 
averaged total emissions when sites are sufficiently homogeneous. However, ergodicity alone is 492 
not sufficient. Without representaƟve sampling, one could place a conƟnuous monitor at a 493 
single wellsite and, by adhering to ergodicity principle, extrapolate its measurements to all 494 
similar sites. That would be inappropriate because it ignores spaƟal heterogeneity and 495 
operaƟonal diversity that materially affect emissions. 496 

A recent study explored the quesƟon of how sensiƟve an inventory is to reasonable 497 
methodological choices and showed that aerial based inventories remain relaƟvely stable across 498 
extrapolaƟon methods, whereas point sensor network inventories vary substanƟally and are 499 
especially sensiƟve to spaƟal extrapolaƟon 29. This sensiƟvity reinforces the earlier point that 500 
ergodicity by itself is not a sound assumpƟon because a single or sparse network of conƟnuous 501 
monitors cannot be reliably scaled to a basin without representaƟve spaƟal sampling. 502 

Reliability depends on balanced coverage across three dimensions: temporal coverage, 503 
spaƟal coverage, and detecƟon sensiƟvity. This study addresses spaƟal coverage and detecƟon 504 
sensiƟvity strongly, while temporal remains as the largest potenƟal for minimizing potenƟal 505 
systemaƟc error. Nevertheless, we implemented quarterly measurements to capture seasonal 506 
differences, an approach rarely used in prior aerial inventories, while recognizing that quarterly 507 
sampling sƟll cannot resolve all short-lived operaƟonal upsets between flights. Even so, the 508 
campaign maintained a consistent presence. In 2024, sensors were in the air on 195 days, 509 
averaging 2.7 sensors per flown day and accumulaƟng 2,252 flight hours. Rather than a brief 510 
concentrated flight period, this cadence kept GML observing somewhere in the basin on more 511 
than half the days of the year, providing substanƟally broader temporal presence than prior 512 
campaigns concentrated into narrow windows. 513 

A related temporal limitaƟon is the lack of nighƫme scans. ConƟnuous tower 514 
observaƟons indicate that dayƟme and nighƫme emissions can differ by as much as 27% in the 515 
Permian.30 Because our campaign focused on dayƟme flights, diurnal variability may be under 516 
sampled, which could bias the inventory if nighƫme condiƟons systemaƟcally lower emissions. 517 
Unlike sunlight-based aerial detecƟon systems, GML is a lidar and can be operated at night, so 518 
future work will include nocturnal flights to characterize and correct for diurnal effects. 519 
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A secondary limitaƟon of this work is that we did not account for wind speed errors from 520 
the HRRR model, which we used to esƟmate fluxes. Recent work by Conrad and Johnson 521 
showed that errors in modeled winds can be correlated across space and Ɵme.31 If wind speed 522 
bias is present and error correlaƟon is not accounted for, inventories can be biased and their 523 
reported uncertainty understated, because correlated errors do not average down with more 524 
samples. They recommend pracƟcal steps such as leaving more than two days between repeat 525 
measurements at the same site and shiŌing revisit Ɵmes by about six hours to reduce daily wind 526 
correlaƟons. In our Permian campaign we did not conduct site revisits, but instead, sampling 527 
was spread over many weeks and in different areas within each quarter, and across four 528 
quarters. This sampling strategy introduces mulƟ-day to mulƟ-month lags, which should limit 529 
correlated wind error and bias, even though we did not explicitly model wind error correlaƟon 530 
here. 531 

Finally, the populaƟon of non-producing sites was esƟmated using the ML approach with 532 
targeted manual verificaƟon described above and detailed in the SI. Because non-producing 533 
sites account for a large share of facility-level emissions, the accuracy of this populaƟon 534 
esƟmate is criƟcally important. Although we developed what we believe is the best available 535 
esƟmate, more complete infrastructure reporƟng would further reduce uncertainty. For 536 
example, Canadian provincial databases provide detailed facility types and funcƟons, enabling 537 
more accurate populaƟon counts and finer straƟficaƟon for extrapolaƟon.8,10 AdopƟng similarly 538 
granular, rouƟnely updated reporƟng standards in the United States would materially improve 539 
the fidelity and accountability of methane inventories. 540 

5 Conclusion 541 

This study produces a high-resoluƟon, source-resolved methane inventory for the 2024 Permian 542 
Basin that is both comprehensive and acƟonable. Quarterly aerial LiDAR scans across 51,770 543 
faciliƟes, paired with an equipment-weighted Monte Carlo framework, capture an esƟmated 544 
99% of basin emissions down to 0.4 kg/h and quanƟfy them with transparent characterized 545 
uncertainty. The resulƟng annualized total is 5,133 kt CH₄ with a basin-wide methane loss rate 546 
of 3.13%, and the method resolves emissions to equipment and facility so operators can act. 547 
Non-producing sites carry a large share, and tanks and compressors dominate equipment-level 548 
contribuƟons, turning basin totals into clear miƟgaƟon prioriƟes (Figure 5). State-level analysis 549 
indicates New Mexico is already near its 2026 2% loss rate target (Figure 6 and Table 2). 550 
Seasonal variaƟon was observed, with winter about 17% higher than summer (Figure 4A). 551 
Together these results establish a credible baseline for year-over-year benchmarking and a 552 
transferable framework to produce accurate inventories for other U.S. basins and operators 553 
pursuing OGMP 2.0 Gold Standard. 554 
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S1. Aerial measurement campaign planning 716 

Developing a measurement-based inventory requires representaƟve sampling because we 717 
extrapolate measured emissions both spaƟally and temporally. We summarize only 718 
implementaƟon details here and refer readers to the Campaign Planning secƟon of the main 719 
manuscript for the overview and moƟvaƟons (secƟon 2.2). 720 

S1.1 AcƟve oil and gas infrastructure populaƟon 721 

Facility strata and producƟon classes (high > 300 boed; standard 15–300 boed; marginal < 15 722 
boed) follow the main manuscript. We derived the basin populaƟon from the Rextag database, 723 
filtered wells to acƟve and producing statuses, and clustered well pins to faciliƟes using DBSCAN 724 
with a 50 m radius. Midstream counts (gas plants, compressor staƟons, gas storage) were taken 725 
directly from Rextag. Gathering and transmission compressors and gas storage were combined 726 
due to similar emission profiles and small populaƟons. Where wells are co-located with a larger 727 
facility, straƟficaƟon follows the facility class with the highest expected emissions, as 728 
determined from historical emissions observed in prior GML scans for each facility class. Note 729 
that public infrastructure data lack equipment-level counts, which moƟvates our equipment-730 
weighted extrapolaƟon method described in the main text. 731 

S1.2 Non-producing facility populaƟon esƟmate 732 

We applied a machine-learning pad-detecƟon model to 0.6 m NAIP (2022) imagery to 733 
generate pad polygons represenƟng candidate non-producing sites, then excluded any polygons 734 
that intersected previously straƟfied upstream or midstream sites to avoid double-counƟng. 735 
These polygons served two purposes: they defined the non-producing site class populaƟon used 736 
in our straƟficaƟon, and they informed flight planning. We performed manual quality checks 737 
(QC) on every non-producing facility sampled to be scanned and over nine geographically 738 
distributed polygons selected to span high- and low-acƟvity areas, mulƟple formaƟons, and 739 
coverage in both New Mexico and Texas (Figure S2). For each QC polygon, we computed the 740 
fracƟon of non-producing sites relaƟve to acƟve wellsites and then averaged across polygons to 741 
obtain a basin-wide share of 19.2% (range 3–48%). Applying this fracƟon to the count of acƟve 742 
producing wellsites produced an esƟmated 21,613 non-producing sites across the basin.  743 

While this provides a reasonable esƟmate of the non-producing site populaƟon, this 744 
stratum introduces uncertainty into the final inventory. For example, using the interquarƟle 745 
range of these esƟmates (9.5% to 26.5%) and the contribuƟon of non-producing sites to total 746 
emissions, we esƟmate that this introduces approximately ±17% uncertainty in the total 747 
emissions esƟmate relaƟve to the 19.2% non-producing site fracƟon used in the inventory. 748 
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 749 

Supplementary Figure 1. Map of the nine Permian subregions used to esƟmate the populaƟon of non-750 
producing sites. Manual quality checks of machine learning-detected facility polygons were conducted in 751 
each subregion to assess classificaƟon accuracy and calculate the fracƟon of non-producing sites relaƟve 752 
to acƟve wellsites.  753 

S1.3 AllocaƟon of measurement sample 754 

During the first three quarters, we used proporƟonate straƟfied sampling, allocaƟng samples to 755 
each stratum in relaƟve proporƟon to its populaƟon size to ensure representaƟve coverage. 756 
Specifically, leƫng 𝑁௛ be the populaƟon size of stratum ℎ, 𝑁 = ∑ 𝑁௛௛  the total populaƟon, and 757 
𝑛 the total sample size, the allocaƟon for each stratum, 𝑛௛ was 758 

𝑛௛ = 𝑛
𝑁௛

𝑁
 (S1) 

StraƟfied sampling allocaƟons remained relaƟvely stable during this period. 759 

To improve staƟsƟcal efficiency, the quarter four sampling design adopted a Neyman 760 
allocaƟon approach, which minimizes the variance of the overall esƟmator by distribuƟng 761 
samples based on both the size and standard deviaƟon of emissions in each stratum.1 With 𝑆௛ 762 
denoƟng the within-stratum standard deviaƟon (esƟmated from earlier quarters), the allocaƟon is 763 
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𝑛௛ = 𝑛
𝑁௛𝑆௛

∑ 𝑁௝𝑆௝
ு
௝ୀଵ

 (S2) 

where j is a summaƟon index running over all strata (𝑗 = 1, … , 𝐻). In addiƟon to staƟsƟcal 764 
consideraƟons, adjustments to the Neyman allocaƟon were made based on emissions 765 
materiality. For example, greater sampling effort was directed toward compressor staƟons, gas 766 
processing plants, and newer high producing wellsites in the fourth quarter due to their large 767 
per-site contribuƟon to total emissions. To support state-level representaƟveness checks, we 768 
break out the sample by state, quarter, and stratum in Table S1, complemenƟng the campaign-769 
wide quarterly totals shown in the main text. 770 

Future work should consider a modified Neyman allocaƟon that incorporates both the 771 
standard deviaƟon of emissions and the frequency or probability of detecƟng an emission 772 
event. This is parƟcularly important when sample sizes are small. For instance, marginal 773 
wellsites may exhibit low variance and therefore receive limited sampling under standard 774 
Neyman allocaƟon. However, if the probability of detecƟng an emission at these sites is only 775 
10%, addiƟonal sampling is needed to adequately characterize the emission distribuƟon for that 776 
stratum. This limitaƟon is less significant for large-scale sampling. 777 

Supplementary Table 3. Quarterly counts of faciliƟes scanned in 2024 by state and facility stratum in the 778 
Permian Basin. Total Scanned is the sum of Q1–Q4 scan-visits (not necessarily unique faciliƟes). 779 
PopulaƟon is the esƟmated number of faciliƟes in each stratum. Sampling FracƟon = Total Scanned ÷ 780 
PopulaƟon (values > 1 indicate mulƟple passes per facility on average). State totals (boƩom rows) sum 781 
across strata and quarters. 782 

State Facility Stratum 
Q1 

2024 
Q2 

2024 
Q3 

2024 
Q4 

2024 
Total 

Scanned 
Population 

Sampling 
Fraction 

Texas 

Gas Processing Plant 28 26 28 158 240 188 1.28 

Compressor Station 205 214 203 457 1,079 541 1.99 

Non-Producing 1,770 1,569 1,629 1,046 6,014 16,775 0.36 

Wellsite - High  1,346 1,489 1,479 1,250 5,564 4,358 1.28 

Wellsite - Standard  1,466 1,577 1,577 1,749 6,369 16,728 0.38 

Wellsite - Marginal  4,535 4,225 4,345 4,900 18,005 66,285 0.27 

Total Facilities (TX) 9,350 9,100 9,261 9,560 37,271 104,875 0.36 

New 
Mexico 

Gas Processing Plant 14 19 18 50 101 54 1.87 

Compressor Station 156 147 138 277 718 398 1.80 

Non-Producing 620 565 545 241 1,971 4,837 0.41 

Wellsite - High  1,202 1,277 1,260 552 4,291 2,451 1.75 

Wellsite - Standard  819 818 826 369 2,832 5,473 0.52 

Wellsite - Marginal  1,425 1,261 1,312 603 4,601 17,271 0.27 

Total Facilities (NM) 4,236 4,087 4,099 2,092 14,514 30,484 0.48 
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S2. Total emissions esƟmate and model framework details 783 

S2.1 Snapshot emission rate distribuƟon 784 

Bridger source-level emissions data undergo pre-analysis processing to generate a snapshot 785 
emission rate distribuƟon used in the Monte Carlo simulaƟon. The term snapshot refers to a 786 
single point in Ɵme when aerial measurements are taken, without incorporaƟng reflight data 787 
commonly used in LDAR operaƟons to assess source persistence. Because Bridger cannot 788 
deploy GML sensors to all potenƟal emission locaƟons simultaneously, we treat the first 789 
observaƟon of each emission locaƟon within a given quarter as its emission state for the 790 
snapshot distribuƟon.  In the total emissions esƟmaƟon framework, using the snapshot 791 
emission rate distribuƟon assumes that, with a sufficiently large sample size, the naƟve 792 
frequency of emission events across equipment types and facility classes is well represented. 793 

The preprocessing workflow begins by filtering job-wise data into a snapshot, defined as 794 
the first pass over an emission locaƟon, averaged over a 3-hour Ɵme window. This window 795 
allows for repeat emission rate measurements of the same source locaƟon to be averaged 796 
within a short duraƟon to improve quanƟficaƟon accuracy. Typically, mulƟple passes over the 797 
same emission locaƟon occur within minutes due to overlapping scan swaths corresponding to 798 
adjacent flyover passes. 799 

Next, emission locaƟons where gas was detected but no emission rate was calculated 800 
are addressed. These cases are handled using a Ɵered approach. First, if a subsequent pass over 801 
of the emission locaƟon provides a flux esƟmate, it is used to backfill the missing value. If this is 802 
not possible, the next opƟon is to esƟmate the flux based on the integrated plume 803 
concentraƟon (IPC), a method similar to the integrated mass enhancement method 2, which 804 
integrates the methane enhancement over the plume and converts that mass to a flux using an 805 
effecƟve transport speed 𝑈௘௙௙. In our implementaƟon, the methane concentraƟon is integrated 806 
across the spaƟal extent of the plume (IPC) and the effecƟve transport speed (Ueff) is obtained 807 
by scaling the 10 m wind to the esƟmated plume height (from parallax) assuming a log-wind 808 
profile3. We determine the relaƟonship between these variables and the source emission rate 809 
by an ordinal least squares fit of a power law funcƟon to a set of controlled release data to 810 
determine the best fit coefficients. The resulƟng funcƟon is,  811 

𝑄 = ൬
𝐼𝑃𝐶 ∗ 𝑈௘௙௙

𝑎
൰

௕

, 𝑎 = 1.0456 𝑥 10ସ, 𝑏 = 0.7582 (S3) 

 If the plume is not well formed or resolved and no flux esƟmate is produced by standard 812 
processing, this IPC approach provides the assigned rate, which we then bound using the 813 
observed distribuƟon of emission rates for the same equipment type in other measured 814 
emissions. 815 

Once the snapshot source-level emissions are prepared, the snapshot facility-level 816 
emission rate distribuƟon is generated by aggregaƟng (summing) the source-level emissions 817 



30 
 

within the facility polygon. This step produces a facility-level emission distribuƟon that includes 818 
faciliƟes with zero emissions. Finally, the facility-level snapshot emission rate distribuƟon is 819 
straƟfied by facility type and serves as the inputs to the Monte Carlo simulaƟon. 820 

S2.2 Measured emissions component 821 

This secƟon formalizes the measured emissions component. For a plain-language descripƟon, 822 
see SecƟon 2.3.2 of the main text. Algorithm 1 provides the pseudocode. For each facility 823 
stratum ℎ with populaƟon size 𝑁௛, we generate 𝐵 realizaƟons by sampling 𝑁௛ faciliƟes with 824 
replacement weighted by the equipment-count CDF. For each sampled facility 𝑓 and each 825 
measured source, the esƟmated emission rate 𝐸௘௦௧ is bias-corrected by drawing one relaƟve 826 
error raƟo (RER) from the quanƟficaƟon error CDF produced from the signal-to-noise raƟo (SNR) 827 
of the detected plume and wind speed at the plume locaƟon to get 𝐸௔௖௧. We use the convenƟon 828 

𝐸௔௖௧ = 𝐸௘௦௧  ×  𝑅𝐸𝑅, where 𝑅𝐸𝑅 =  
௔௖௧௨௔௟ ௘௠௜௦௦௜௢௡ ௥௔௧௘

௘௦௧௜௠௔௧௘ௗ ௘௠௜௦௦௜௢௡ ௥௔௧௘
. AŌer bias correcƟon we exclude 829 

sources below the threshold of 0.4 kg/h. Facility-level totals are summed to stratum totals 830 

𝑇௛
(௕)for each realizaƟon (b = 1…B) and stored in StratumTotal[b]. The per-stratum total esƟmate 831 

is computed as the average of the stratum totals for each realizaƟon, 𝑇 ෡
௛ =832 

 𝑚𝑒𝑎𝑛(𝑆𝑡𝑟𝑎𝑡𝑢𝑚𝑇𝑜𝑡𝑎𝑙). Basin totals are then obtained by summing 𝑇 ෡
௛ over strata. 833 

Algorithm 1. Measured Emissions Component 
1 FOR each stratum h DO 
2 Initialize StratumTotal[1…B] = 0 
3 FOR realization b=1…B DO 

4 
Sample Ns facilities with replacement  
(weighted by equipment-count CDF) 

5 Set StratumDrawSum = 0 
6 FOR each sampled facility f DO 
7 Set FacilityTotal = 0 
8 FOR each measured source at f DO 
9 Draw RER ~ RER(SNR) from distribution 
10 Compute bias-corrected emission 𝐸௔௖௧ = 𝐸௘௦௧  𝑥 𝑅𝐸𝑅 
11 IF 𝐸௔௖௧ ≥ 0.4 kg/h THEN add 𝐸௔௖௧ to FacilityTotal 
12 END FOR (sources) 
13 Add FacilityTotal to StratumDrawSum 
14 END FOR (facilities) 
15 Set Th(b) = StratumDrawSum; StratumTotal[b] = Th

(b) 
16 END FOR (realizations) 
17 Set per-stratum estimate 𝑇௛

෢ = 𝑚𝑒𝑎𝑛(𝑆𝑡𝑟𝑎𝑡𝑢𝑚𝑇𝑜𝑡𝑎𝑙) 
18 END FOR (stratum) 

 834 

S2.3 Missed emissions component 835 

We modeled missed emissions at the source level within each facility stratum because 836 
the GML probability of detecƟon (PoD) model is source-based. In each Monte Carlo realizaƟon 837 
b, we first take the bias-corrected measured source rates (algorithm 1) and parƟƟon the 838 
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distribuƟon into a full detecƟon region (FDR; >3 kg/h; blue in Figure S3A) and a parƟal-detecƟon 839 
region (PDR; 0.4–3 kg/h; red in Figure S3A). Because the bias-correcƟon draws perturb source 840 
rates, the PDR set changes across realizaƟons. For each PDR source j, we draw wind speed 𝑢௝ 841 
and gas-concentraƟon noise 𝑔𝑐𝑛௝  from the distribuƟons measured during the campaign and 842 
compute the source detecƟon probability. 843 

𝑝௝  =  𝑃𝑜𝐷(𝐸௔௖௧,௝, 𝑢௝, 𝑔𝑐𝑛௝) (S4) 
To ensure numerical stability and realisƟc missed counts, we clamp 𝑝௝  ∈ [0.25,0.99]. 844 

The 0.99 cap avoids divisions by small 𝑝௝  in equaƟon S6, while 0.25 reflects simulaƟon-based 845 
lower performance bounds and aligns with detectability near the inventory’s minimum 846 
threshold of 0.4 kg/h. 847 

The number of missed sources 𝑁௠௜௦௦
(௕)  is then esƟmated using the raƟo of the probability 848 

of missing a source to the probability of detecƟng it. In other words, this raƟo represents how 849 
many missed sources are expected for each detected source, based on its probability of being 850 
detected. These raƟos are summed across all sources in the PDR to obtain the esƟmated missed 851 
source count. Let 𝑛(௕) be the number of PDR sources in stratum ℎ for realizaƟon b. 852 

𝑁௠௜௦௦
(௕)

= 𝑟𝑜𝑢𝑛𝑑 ቌ෍
1 − 𝑝௝

𝑝௝

௡(್)

௝ୀଵ

ቍ (S5) 

To draw emission rates for these missed sources, we construct a PoD-weighted empirical 853 
CDF over the PDR by weighƟng each observed source by 𝑤௝ = (1 − 𝑝௝): 854 

𝐹௠௜௦௦(𝑒) =
∑ 𝑤௝1{𝐸௔௖௧,௝ ≤ 𝑒}௡(್)

௝ୀଵ

∑ 𝑤௝
௡(್)

௝ୀଵ

 (S6) 

We then sample 𝑉௝ ∼ 𝑈𝑛𝑖𝑓(0,1)  for 𝑗 = 1 … 𝑁௠௜௦௦
(௕)  and set 𝐸௠௜௦௦,௝ = 𝐹௠௜௦௦

ିଵ (𝑉௝). Figure 855 
S3B illustrates the PDR CDF (red line) and the PoD weighted CDF (blue line). Finally, we add 856 
these missed draws to get the total missed emissions for the stratum realizaƟon. Uncertainty 857 
from detecƟon probability, environmental variability, quanƟficaƟon error, are propagated 858 
naturally across realizaƟons by reconstrucƟng the PDR, recompuƟng 𝑝௝, and resampling 𝐹௠௜௦௦ 859 
each Ɵme. 860 
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 861 

Supplementary Figure 2. IllustraƟon of the missed emissions esƟmaƟon method. (A) Emission rate 862 
distribuƟon segmented into three regions based on the GML probability of detecƟon model: full detecƟon 863 
region, parƟal detecƟon region, and missed regions. (B) Example cumulaƟve distribuƟon of measured 864 
emissions in the parƟal detecƟon region (red) and the PoD-weighted CDF used to draw emissions for the 865 
missed emissions esƟmate. 866 

S2.4 Error sources 867 

The 95% confidence interval of the total emissions esƟmate accounts for four main sources of 868 
error: (1) extrapolaƟon error, (2) sampling error, (3) quanƟficaƟon error, and (4) detecƟon 869 
sensiƟvity error. Each is quanƟfied at the facility strata level, and when aggregaƟng across all 870 
strata, the errors are combined in quadrature to produce the final inventory confidence interval. 871 
The error budget for the Permian inventory is shown in Figure S4 872 
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 873 

Supplementary Figure 3. Inventory error budget. Sampling 47%, QuanƟficaƟon 33%, ExtrapolaƟon 19%, 874 
and DetecƟon SensiƟvity 2%. Values show each component’s share of total uncertainty. Percentages are 875 
rounded. 876 

S2.4.1 ExtrapolaƟon error 877 

Previous work using simulated emissions shows that extrapolaƟng from right skewed emission 878 
rate distribuƟons, such as those observed in the Permian Basin, can lead to underesƟmaƟon.4 879 
This occurs because the fat tail, which can significantly influence total emissions, is oŌen poorly 880 
defined when sample sizes are limited. 881 

To quanƟfy extrapolaƟon error in our emissions model, we conducted a sub-sampling 882 
experiment uƟlizing the large number of sources detected during this campaign. A Monte Carlo 883 
framework was implemented where, in each iteraƟon, a random sub-sample from the full 884 
campaign dataset was drawn and then extrapolated to the total source populaƟon using draws 885 
from the distribuƟon with replacement. This procedure was repeated for sub-sample sizes 886 
ranging from 10% to 100% of the dataset. The results (Figure S5) show how the one-sided 95% 887 
confidence interval uncertainty decreases as the sample-to-populaƟon raƟo increases. 888 

We applied this relaƟonship to esƟmate extrapolaƟon uncertainty for each facility 889 
stratum. Because our confidence intervals were derived from the complete, skewed emission 890 
distribuƟon, this method produces conservaƟve esƟmates for facility strata with lower 891 
skewness, such as marginal wellsites, and reasonable esƟmates for highly skewed strata, such as 892 
gas processing plants. 893 
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 894 

 895 

Supplementary Figure 4. One-sided 95% confidence interval uncertainty in total stratum emissions 896 
esƟmates as a funcƟon of the sampled populaƟon fracƟon, derived from the sub-sampling experiment. 897 

S2.4.2 Sample error 898 

Sampling errors are derived from Monte Carlo realizaƟons of total extrapolated emissions. The 899 
simulaƟon generates 𝐵 potenƟal total emission esƟmates, and the 95% confidence interval is 900 

defined by the 2.5 and 97.5 percenƟles of these esƟmates. Leƫng the totals 𝑇(ଵ) … 𝑇(஻) sorted 901 
as 𝑇(ଵ) ≤ ⋯ ≤ 𝑇(஻), 902 

𝐶𝐼ଽହ% = ൣ𝑇(⌈଴.଴ଶହ஻⌉), 𝑇(⌈଴.ଽ଻ହ஻⌉)൧. (S7) 

Sampling error typically represents the largest source of uncertainty due to the wide range and 903 
right-skewness of emission rate distribuƟons, causing asymmetric confidence intervals. This 904 
asymmetry emerges because some Monte Carlo realizaƟons randomly capture large emission 905 
sources, while others do not. 906 

S2.4.3 QuanƟficaƟon error 907 

QuanƟficaƟon error is based on the GML quanƟficaƟon error model described in detail in 908 
Dudiak et al.5 and briefly summarized here. The model relies on controlled release tests 909 
evaluaƟng the accuracy of GML emission esƟmates across varying condiƟons, providing both 910 
average bias correcƟons and uncertainty bounds for each measured emission rate. The model 911 
inputs are the local wind speed and the average gas concentraƟon signal-to-noise raƟo (SNR), a 912 
measured parameter capturing the average SNR of the methane concentraƟon enhancement 913 
for each detected plume. The output is a relaƟve error raƟo (RER) distribuƟon, defined as the 914 
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actual emission rate divided by the esƟmated emission rate. Generally, the model shows smaller 915 
emissions are typically overesƟmated with greater uncertainty, while larger emissions show 916 
negligible bias and smaller uncertainty. Local wind speed has minimal effect on bias but does 917 
influence uncertainty, with lower wind speeds producing greater uncertainty. 918 

The quanƟficaƟon error model serves two purposes within the Monte Carlo emissions 919 
framework. First, it corrects average bias at the source level emission rates. Second, it quanƟfies 920 
the uncertainty bounds related to quanƟficaƟon error and propagates the uncertainty 921 
associated with each source to the aggregate total emissions esƟmate. During each simulaƟon 922 
iteraƟon, the cumulaƟve distribuƟon funcƟon of the relaƟve error raƟo (RER) is used to 923 
randomly draw an actual emission rate relaƟve to the esƟmated emission rate. This process 924 
corresponds to the QuanƟficaƟon Bias step in the Figure 2 workflow. The adjusted emission rate 925 
is stored for each realizaƟon, and the difference between esƟmated and actual rates is recorded 926 
separately. The summaƟon of these differences quanƟfies the bias removed from the overall 927 
esƟmate. AŌer many iteraƟons, the average source level emission rate reflects the bias-928 
corrected value. For this campaign, quanƟficaƟon error accounted for 33% of the total error 929 
budget.  930 

S2.4.4 DetecƟon sensiƟvity error 931 

DetecƟon sensiƟvity error represents the uncertainty associated with the missed emissions 932 
component of the total emissions esƟmate. As described in SecƟon S2.3, each Monte Carlo 933 
realizaƟon includes a different number of missed emissions and draws from the parƟal 934 
detecƟon distribuƟon, resulƟng in variaƟon in the total missed emissions. This error is treated 935 
similarly to sampling error for the measured emissions component (SecƟon S2.4.2), with the 2.5 936 
and 97.5 percenƟles of the realizaƟons used to define the 95% confidence interval. DetecƟon 937 
sensiƟvity error contributed 2% to the total error budget. This contribuƟon is relaƟvely small 938 
because missed emissions represent a small porƟon of the total emissions esƟmate. 939 

S3. DetecƟon sensiƟvity achieved during the campaign 940 

The 90% probability of detecƟon (PoD) is the emission rate at which GML detects 90% of 941 
sources under the measured condiƟons of a scan. For each flyover pass on each site, we 942 
compute a PoD using the model parameterized by the wind speed and gas concentraƟon noise 943 
recorded at the Ɵme of overflight, producing an auditable, site-specific detecƟon sensiƟvity6. 944 
Figure S6 summarizes the achieved sensiƟviƟes across 51,770 scanned sites. The distribuƟon 945 
centers near 1 kg/h with a mean of 1.16 kg/h and an interquarƟle range of 0.70–1.52 kg/h. The 946 
right tail reflects site scans made with less favorable condiƟons.  947 
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 948 

Supplementary Figure 5. DistribuƟon of emission rates correspond to the 90% probability of detecƟon 949 
(PoD) for all sites scanned during the campaign. The mean is 1.16 kg/h (red line) and the interquarƟle 950 
range spans 0.70 kg/h (Q1) to 1.52 kg/h (Q3). 951 

S4. Measured emissions distribuƟons 952 

The cumulative share of methane emissions as a function of emission rate for equipment- and 953 
facility-level aggregation are shown in Figure S7 A) and B), respectively. The gray dashed line in 954 
these figures represents the cumulative share of emissions disaggregated at the source-level.  955 
Since detection sensitivity is a property of individual methane plumes, and most plumes 956 
correspond to a single source location, the source-level distribution can be used to estimate the 957 
fraction of emissions that would be detectable by a technology if it had a step function detection 958 
sensitivity limit at the emission rate shown on the x-axis. For example, a sensor with a step function 959 
detection limit of 10 kg/h, 20 kg/h, and 100 kg/h would detect 78%, 63%, and 31% of the emissions 960 
detected by GML, respectively. The cumulative emissions distributions by equipment and facility 961 
stratum are shown in Figure S7 C) and D), respectively. 962 
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 963 

Supplementary Figure 6. CumulaƟve share of methane emissions as a funcƟon of emission rate (kg/h; log 964 
scale). (A) Equipment-level and (B) facility-level distribuƟons, where individual source emissions are 965 

summed to the corresponding piece of equipment or facility. The gray dashed line shows the underlying 966 
source-level distribuƟon, and because detecƟon sensiƟvity is a property of individual plumes, it indicates 967 

the fracƟon detectable by a step-funcƟon detecƟon limit at the x-axis value. (C) Equipment-level 968 
distribuƟons by equipment category, and (D) facility-level distribuƟons by facility stratum. 969 

S5. Measurement-based emissions factors 970 

We report emission factors as total methane emissions from a stratum divided by the total 971 
number of enƟƟes in that stratum, counƟng non-emiƫng enƟƟes as zero. Totals are derived 972 
from our straƟfied Monte Carlo workflow applied to the 2024 campaign; counts include all 973 
scanned enƟƟes. 974 

𝐹𝑎𝑐𝑖𝑙𝑖𝑡𝑦 𝐸𝐹௚ =
𝑇𝑜𝑡𝑎𝑙 𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠 𝑓𝑟𝑜𝑚 𝑓𝑎𝑐𝑖𝑙𝑖𝑡𝑖𝑒𝑠 𝑖𝑛 𝑠𝑡𝑟𝑎𝑡𝑢𝑚 𝑔

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑓𝑎𝑐𝑖𝑙𝑖𝑖𝑡𝑒𝑠 𝑖𝑛 𝑠𝑡𝑟𝑎𝑡𝑢𝑚 𝑔
=  

𝐸௚
௧௢௧௔௟

𝑁௚
 

 
(S8) 

𝐸𝑞𝑢𝑖𝑝𝑚𝑒𝑛𝑡 𝐸𝐹௞ =
𝑇𝑜𝑡𝑎𝑙 𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠 𝑓𝑟𝑜𝑚 𝑒𝑞𝑢𝑖𝑝𝑚𝑒𝑛𝑡 𝑡𝑦𝑝𝑒 𝑘

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑢𝑛𝑖𝑡𝑠 𝑜𝑓 𝑒𝑞𝑢𝑖𝑝𝑚𝑒𝑛𝑡 𝑡𝑦𝑝𝑒 𝑘
=

𝐸௞
௧௢௧௔௟

𝑈௞
 (S9) 

 975 
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Here 𝐸௚
totaland 𝐸௞

totalare the Monte Carlo derived totals for the analysis period, and 𝑁௚and 𝑈௞are 976 
the complete facility and unit counts, respecƟvely, including enƟƟes with no detected 977 
emissions. 978 

S5.1 Facility-level 979 

 980 

Supplementary Figure 7. Facility emission factors by stratum for each quarter of 2024. Horizontal bars 981 
show the esƟmated emission factor (kg/h per facility) for Q1–Q4 on a logarithmic x-axis. 982 

S5.2 Equipment-level 983 

 984 

Supplementary Figure 8. Equipment emission factors for each quarter of 2024. Horizontal bars show the 985 
esƟmated emission factor (kg/h per equipment unit) for Q1–Q4 on a logarithmic x-axis. 986 
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S6. Previously published inventories  987 

Supplementary Table 4. Published esƟmates of methane loss rate for the Permian Basin presented in 988 
Figure 8 of the main text. Loss rate is the percentage of methane emiƩed relaƟve to produced gas 989 
Bracketed values report the study’s uncertainty interval provided. Where needed, loss rates were 990 
harmonized to a methane fracƟon of 0.90 for comparability. Barkley et al. represent the Delaware sub-991 
basin and no methane fracƟon was reported. All other studies cover the broader Permian. 992 

Study Measurement 
Year Region Measurement 

Method Loss Rate (%) 

Shen et al. 20227 2019 Permian Satellite 3.20 [2.49, 4.00] 
Varon et al. 20238 2019 Permian Satellite 4.00 [3.02, 4.98] 
Sherwin et al. 20249 2019 Permian Aerial 5.29 [5.08, 5.53] 

Barkley et al. 202410 2020-2022 Permian - 
Delaware 

Ground-based 
tower network 3.00 [2.50-3.50] 

Omara et al. 202411 2021 Permian Ground-based 2.58 [2.13, 3.38] 
Varon et al. 202512 2023 Permian Satellite 2.84 [2.04, 3.64] 
This Study 2024 Permian Aerial 3.13 [2.47, 3.85] 

S7. Methane emission intensity calculaƟon 993 

Several producƟon-normalized emission metrics are used to indicate performance, but no 994 
standard currently exists. The terms loss rate and intensity are someƟmes used interchangeably, 995 
though they may refer to different calculaƟons. To facilitate comparisons between studies, it is 996 
important to understand which metric is being applied. In this analysis, intensity was calculated 997 
using three methods.  998 

The first, referred to here as methane loss rate, is defined as emiƩed methane divided 999 
by methane produced in natural gas, expressed as a percentage. This metric tends to favor gas-1000 
dominant basins such as Marcellus and disadvantage oil-rich basins like the Permian, as it 1001 
considers only gas producƟon in the denominator.  1002 

 

𝑀𝑒𝑡ℎ𝑎𝑛𝑒 𝐿𝑜𝑠𝑠 𝑅𝑎𝑡𝑒 (%) =  
𝑀𝑒𝑡ℎ𝑎𝑛𝑒 𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠

𝑀𝑒𝑡ℎ𝑎𝑛𝑒 𝑖𝑛 𝑃𝑟𝑜𝑑𝑢𝑐𝑒𝑑 𝑁𝑎𝑡𝑢𝑟𝑎𝑙 𝐺𝑎𝑠
 

 

(S10) 

The second metric, referred to as NGSI methane intensity, follows a standardized 1003 
protocol developed by the Natural Gas Sustainability IniƟaƟve. This approach allocates a porƟon 1004 
of the total methane emissions to natural gas producƟon based on its share of total energy 1005 
produced across all hydrocarbons (e.g., oil and condensate). This allocaƟon is made on an 1006 
energy basis and is represented by the gas raƟo term in the equaƟon below. This metric 1007 
provides a beƩer comparaƟve metric across different types of oil and gas basins relaƟve to the 1008 
methane loss rate.  1009 
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𝑁𝐺𝑆𝐼 𝑀𝑒𝑡ℎ𝑎𝑛𝑒 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 (%) =  
𝑀𝑒𝑡ℎ𝑎𝑛𝑒 𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠 ∗ 𝐺𝑎𝑠 𝑅𝑎𝑡𝑖𝑜

𝑀𝑒𝑡ℎ𝑎𝑛𝑒 𝑖𝑛 𝑃𝑟𝑜𝑑𝑢𝑐𝑒𝑑 𝑁𝑎𝑡𝑢𝑟𝑎𝑙 𝐺𝑎𝑠
 

 
(S11) 

The third metric, the methane emission factor13, is the mass of emiƩed methane per 1010 
marketed energy. Normalizing by energy output enables straighƞorward comparisons across 1011 
basins, though it is reported in g CH4 MJ-1 rather than a percentage, which is generally easier to 1012 
interpret.  1013 

𝑀𝑒𝑡ℎ𝑎𝑛𝑒 𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛 𝐹𝑎𝑐𝑡𝑜𝑟 ൬
𝑔

𝑀𝐽
൰ =  

𝑀𝑒𝑡ℎ𝑎𝑛𝑒 𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠

𝑃𝑟𝑜𝑑𝑢𝑐𝑒𝑑 𝐸𝑛𝑒𝑟𝑔𝑦
 

 
(S12) 

AssumpƟons regarding the methane content of produced natural gas and energy conversion 1014 
factors are required to calculate methane intensity. Natural gas composiƟon can vary widely, 1015 
with methane content typically ranging from 70% to 98% by volume. For this analysis, we 1016 
assume a conservaƟve methane fracƟon of 90% for natural gas produced in the Permian Basin, 1017 
consistent with assumpƟons made in the recent inventory developed by 9. Note that if the 1018 
actual methane fracƟon is lower than this assumpƟon, the resulƟng methane intensity would 1019 
be higher. The following conversion factors are used to convert oil and gas producƟon volumes 1020 
to an energy basis: 1021 

 Methane Density: 0.0192 metric tons per Mscf 14 1022 

 Natural Gas: 1.02 MMBtu per Mscf 15 1023 

 Crude Oil: 5.8 MMBtu per barrel 15 1024 
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