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Abstract. Reducing methane emissions from the oil and gas (oil–gas) sector has been identified as a critically
important global strategy for reducing near-term climate warming. Recent measurements, especially by satellite
and aerial remote sensing, underscore the importance of targeting the small number of facilities emitting methane
at high rates (i.e., “super-emitters”) for measurement and mitigation. However, the contributions from individual
oil–gas facilities emitting at low emission rates that are often undetected are poorly understood, especially in the
context of total national- and regional-level estimates. In this work, we compile empirical measurements gathered
using methods with low limits of detection to develop facility-level estimates of total methane emissions from
the continental United States (CONUS) midstream and upstream oil–gas sector for 2021. We find that of the total
14.6 (12.7–16.8) Tgyr−1 oil–gas methane emissions in the CONUS for the year 2021, 70 % (95 % confidence
intervals: 61 %–81 %) originate from facilities emitting< 100kgh−1 and 30 % (26 %–34 %) and∼ 80% (68 %–
90 %) originate from facilities emitting< 10 and< 200kgh−1, respectively. While there is variability among the
emission distribution curves for different oil–gas production basins, facilities with low emissions are consistently
found to account for the majority of total basin emissions (i.e., range of 60 %–86 % of total basin emissions from
facilities emitting < 100kgh−1). We estimate that production well sites were responsible for 70 % of regional
oil–gas methane emissions, from which we find that the well sites that accounted for only 10 % of national
oil and gas production in 2021 disproportionately accounted for 67 %–90 % of the total well site emissions. Our
results are also in broad agreement with data obtained from several independent aerial remote sensing campaigns
(e.g., MethaneAIR, Bridger Gas Mapping LiDAR, AVIRIS-NG (Airborne Visible/Infrared Imaging System –
Next Generation), and Global Airborne Observatory) across five to eight major oil–gas basins. Our findings
highlight the importance of accounting for the significant contribution of small emission sources to total oil–
gas methane emissions. While reducing emissions from high-emitting facilities is important, it is not sufficient
for the overall mitigation of methane emissions from the oil and gas sector which according to this study is
dominated by small emission sources across the US. Tracking changes in emissions over time and designing
effective mitigation policies should consider the large contribution of small methane sources to total emissions.
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1 Introduction

Methane is a short-lived but powerful greenhouse gas with a
global warming potential more than 80 times stronger than
carbon dioxide (CO2) over 20 years (AR6 Synthesis Report,
Climate Change 2023, 2024). Therefore, the reduction of
methane emissions has become a key goal to achieving rapid
climate mitigation in the short term (Ocko et al., 2021). In
North America, one of the largest sources of methane emis-
sions originates from the oil and gas (oil–gas) sector, with
most emissions originating from the production (i.e., up-
stream) and transportation–storage (i.e., midstream) sectors
(Alvarez et al., 2018). Multiple studies, especially over the
past decade, have focused on the quantification of methane
sources from the oil–gas sector, with particular emphasis on
the continental United States (CONUS) (Alvarez et al., 2018;
de Gouw et al., 2020; Omara et al., 2018; Lu et al., 2022;
Zhang et al., 2020; Shen et al., 2022; Cusworth et al., 2022;
Nesser et al., 2024; Brandt et al., 2016; Duren et al., 2019;
Maasakkers et al., 2021; Lu et al., 2023; Worden et al., 2022).
Several studies have recognized the importance of a small
percentage of high-emitting sites (i.e., “super-emitters”) and
reported them as accounting for a large fraction of total
methane emissions (Brandt et al., 2016; Cusworth et al.,
2022; Duren et al., 2019; Sherwin et al., 2024). The emission
rate thresholds that characterize these super-emitting facil-
ities are critical information for methane measurement plat-
forms, especially remote sensing technologies focused on de-
tecting high-emitting point sources. Aerial and satellite re-
mote sensing technologies have enabled more frequent mon-
itoring of emissions from oil and gas sites and rapid mapping
of large areas, although they face limitations in detection sen-
sitivity. Despite the improved ability to locate and quantify
emissions from high-emitting sites, there has been a consid-
erable lack of understanding about the characteristics of low-
methane-emitting facilities, especially those emitting at rates
below the limit of detection (LOD) of most point source de-
tection remote sensing platforms, and their contributions to
total oil–gas methane emissions.

While some studies offer important yet limited insights
into the contributions of different lower-emitting infrastruc-
ture from the CONUS oil–gas sector, there is a lack of un-
derstanding about their overall contribution to the total sec-
toral regional- and national-scale emissions. A recent study
by Xia et al. (2024) combined aerial remote sensing data
from Bridger Gas Mapping LiDAR (Bridger GML) in four
oil–gas basins supplemented with component-level model-
ing for facilities emitting below the Bridger GML LOD
and found significantly more emission sources in the 1–
10 kgh−1 range when compared to the emission distribu-
tion used by the Environmental Protection Agency (EPA)
(Xia et al., 2024). In a study focused on production well
sites in the CONUS, the main source of methane emis-
sions from the oil–gas sector (Alvarez et al., 2018; Omara
et al., 2018; Rutherford et al., 2021), Omara et al. (2018)

found that 90 % of total methane emissions from producing
well sites came from those emitting at rates < 100kgh−1.
A follow-up study by Omara et al. (2022) highlights that
the total methane emissions from low-producing well sites
producing less than 15 boed−1 (i.e., 1 Mcf= 1000 ft3 natu-
ral gas= 19.2 kg methane at 15.6 °C and 1 atm; 1 boe (bar-
rel of oil equivalent)= 6 Mcf; assumed methane content in
natural gas of 80 %), which comprise 80 % of all producing
well sites in the CONUS, were responsible for nearly half
of all methane emissions from the oil–gas production sec-
tor. Kunkel et al. (2023) observed that the use of the Bridger
GML remote sensing platform with an LOD of 3 kgh−1,
combined with prior Carbon Mapper detections in a sec-
tion of the Permian basin, showed a significant contribu-
tion from sources below the listed LOD of Carbon Map-
per of 10 kgh−1. Cusworth et al. (2022) found that 35 %
of total methane emissions (including non-oil and non-gas
sources) from several major oil- and gas-producing basins
(other than the Appalachian basin) in the CONUS come from
facilities emitting > 10kgh−1, indicating that 65 % of emis-
sions come from facilities emitting < 10kgh−1. Although
these studies using independent measurement platforms pro-
vide new emerging insights about the importance of low-
methane-emitting oil–gas facilities, there generally remains
a lack of quantitative assessment of the relative fractions of
emissions originating from different emission rate thresholds
aggregated over individual oil–gas basins as well as at a na-
tional scale.

There are a variety of different methane quantification
methods that differ in terms of their spatial resolution of
sources, logistical constraints, costs of implementation, and
LODs. Measurement method sensitivities and LODs have
important policy implications. For example, the Environ-
mental Protection Agency (EPA) recently finalized regula-
tions that define a super-emitter event as an emission rate
threshold of 100 kgh−1 or greater (Standards of Performance
for New, Reconstructed, and Modified Sources and Emis-
sions Guidelines for Existing Sources: Oil and Natural Gas
Sector Climate Review, 2024), albeit without clear infor-
mation on what percentage of total regional emissions are
captured within this definition. Satellite and aerial remote
sensing methods have point source LODs that range any-
where from 1–3 kgh−1 for Bridger’s airborne GML (John-
son et al., 2021; Kunkel et al., 2023; Thorpe et al., 2024;
Xia et al., 2024) to∼ 200kgh−1 for GHGSat (Sherwin et al.,
2023). In contrast, ground-based measurement methods such
as OTM 33A (Other Test Method 33A) and tracer release
have LODs< 1kgh−1 (Fox et al., 2019). A study by Raviku-
mar et al. (2018) using the Fugitive Emissions Abatement
Simulation Toolkit (FEAST) suggests that a method with an
LOD of 0.1–1 kgh−1 would sufficiently capture all emissions
from the oil–gas sector, whereas the ability to quantify emis-
sions below this threshold would not lead to any significant
increases in mitigation. Ultimately, there is a need for clarifi-
cation in the total percentage contribution of emissions orig-
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inating from a given emission rate threshold, which requires
characterizing entire emission distributions, not only the high
emitters.

In this work, we create and analyze measurement-based
methane emission rate distributions of US upstream and mid-
stream oil–gas facilities to determine the percentage contri-
butions of different emission rate thresholds to total methane
emissions. First, we use empirical measurements gathered
from ground-based sampling platforms to develop a bottom-
up facility-based model to estimate methane emissions for
upstream and midstream facilities in the continental US
(CONUS) for 2021. Next, we aggregate our facility-level,
population-based data to determine the national- and basin-
level contributions of methane emissions originating from fa-
cilities emitting at different emission rate thresholds, in ad-
dition to comparisons to aerial remote sensing platforms. Fi-
nally, we break down the emission distribution curves by fa-
cility category to analyze how the percentage contributions
of total emissions vary across facility types.

2 Materials and methods

2.1 Empirical measurements

We compile 1901 facility-level methane emission rate mea-
surements from 16 studies (Brantley et al., 2014; Caulton
et al., 2019; Deighton et al., 2020; Goetz et al., 2015; Lan
et al., 2015; Mitchell et al., 2015; Omara et al., 2016, 2018;
Rella et al., 2015; Riddick et al., 2019; Robertson et al.,
2017, 2020; Subramanian et al., 2015; Yacovitch et al., 2015;
Zhou et al., 2021; Zimmerle et al., 2020) that use ground-
based site-/facility-level and source-/component-level mea-
surement methods with low LODs of ∼ 0.1kgh−1. Most
(i.e., 85 %) of empirical measurements we use in this work
were gathered using ground-based mobile laboratories that
quantified methane emissions at the site/facility level us-
ing either tracer-based releases, the EPA Other Test Method
(OTM 33A), or Gaussian plume transport modeling (Fox
et al., 2019) (Table S2 in the Supplement). The remaining
15 % of empirical measurements we use (Deighton et al.,
2020; Riddick et al., 2019; Zimmerle et al., 2020) are ground-
based methods that aggregated source-/component-level Hi-
Flow sampling or static/dynamic chamber measurements,
which could mean that other on-site emission sources were
not quantified during measurement and overall emission rate
estimates are conservative. Only one study was excluded
from our analysis (ERG, 2011) due to a combination of age
and a focus on component-level measurements.

The compiled empirical measurements target a variety
of production well sites and/or midstream facilities across
at least nine oil- and gas-producing basins in the CONUS
(Table S3 in the Supplement). For all facility categories
(i.e., production well sites, gathering and boosting compres-
sor stations, transmission and storage compressor stations,
and processing plants), we prioritize datasets of randomly

sampled sites that include measurements below the method’s
LOD or reported as zero emissions, except for measurements
from two studies (Brantley et al., 2014; Lan et al., 2015)
which we discuss later in Sect. 2.3. Additionally, for pro-
duction well site measurements, we focus only on data that
provide facility-level gas production data for the date/month
of measurement. Our compiled dataset of measurements in-
cludes both routine intentional (e.g., venting from pneumatic
devices) and non-intentional (e.g., malfunctioning equipment
and/or leaks from valves, connectors, and flanges) emissions,
and while we remove any measurements attributed to high-
emitting intermittent events such as flowbacks and liquid un-
loadings if that information is present, we cannot fully dis-
count that emissions from these high-emitting intermittent
sources are included in our compiled dataset. Furthermore,
we remove any empirical measurement data associated with
flaring emissions, which are treated separately as discussed
below, if that information is provided in the empirical data.

We categorize the empirical measurements by facility
category as production well sites, gathering and boosting
(G&B) compressor stations, transmission and storage com-
pressor (T&S) stations, or processing plants. We group the
empirical measurements from production well sites into six
production bins based on gross average daily gas production
as reported in individual studies. We use gross daily average
gas production data instead of oil and gas production data for
two reasons: (1) the limited availability of facility-level oil
production data provided from empirical measurement stud-
ies and (2) the established relationship between gas produc-
tion and emission rates observed in previous work (Omara
et al., 2018, 2022, 2024). The gas production ranges of the
production bins (Fig. 1) are chosen to evenly distribute em-
pirical measurements above the method LOD to all six pro-
duction bins. This categorization creates nine distinct facility
categories: G&B compressors, T&S compressors, process-
ing plants, and six groups of production well sites. We fur-
ther classify the nine distinct facility categories into five pri-
mary facility categories: low-producing well sites which pro-
duce combined oil and gas < 15boed−1 (i.e., production of
0.13 kt methane yr−1), non-low-producing well sites which
produce ≥ 15boed−1, processing plants, G&B compressors,
and T&S compressors. In addition to these facility catego-
rizations, we also include Visible Infrared Imaging Radiome-
ter Suite (VIIRS) flare detections and flared-gas volume es-
timates in our analysis, which are treated as an independent
methane source since flares can be located on multiple fa-
cility categories across the upstream and midstream oil–gas
sectors.

2.2 Activity data

We use activity data (i.e., number of facilities and spatial
locations) for actively producing wells in 2021 provided
by Enverus for the CONUS. We calculate both the aver-
age annual daily gross gas production and oil and gas pro-
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Figure 1. Facility-level empirical measurement data distributed by different distinct facility categories for (a) production well sites and
(b) midstream facilities . Individual measurements are shown for each boxplot and colored according to their emission rate status for that
facility category, where blue points are considered non-detectable emissions below an emission rate threshold of ≤ 0.1kgh−1 per facility,
which is the method LOD we use; black points are measurements above our method LOD but below the top 5 % emitter category; and red
points are the top 5 % of empirical emission rates or loss rates for that facility category. The number of empirical measurements available for
each facility category is denoted at the top of each boxplot. The estimated mean frequency of finding a facility emitting below the method
LOD is shown in inset red text at the bottom of each boxplot. We show absolute emission rates (kgh−1) rather than normalized loss rates
(%) for the lowest cohort of production well sites due to the reasoning presented in Sect. 2.3. Unit conversions: 1 Mcf= 1000 ft3 natural
gas= 19.2 kg methane at 15.6 °C and 1 atm; 1 boe (barrel of oil equivalent)= 6 Mcf; assumed methane content in natural gas of 80 %.

duction for each producing well using the number of pro-
ducing days and total annual oil and gas production data
provided by Enverus. We convert production wells to pro-
duction well sites by spatially aggregating individual wells
within 25 m (vertical wells) or 50 m (horizontal wells) dis-
tances from each other and separately merging their com-
bined oil and gas production and gas production and con-
verting these production values to a mass equivalent produc-
tion rate in kgh−1 of methane (i.e., 1 Mcf= 1000 ft3 natural
gas= 19.2 kg methane at 15.6 °C and 1 atm; 1 boe (barrel of
oil equivalent)= 6 Mcf; assumed methane content in natural
gas of 80 %), similar to previous approaches (Omara et al.,
2018).

We acquire activity data for operational transmission and
storage (T&S) and gathering and boosting (G&B) compres-
sor stations and processing plants from Enverus for 2021
for the CONUS, which were further supplemented by ad-
ditional data from the Oil and Gas Infrastructure Mapping
(OGIM) database published in Omara et al. (2023). We fil-
ter data for these midstream facilities to include only ac-
tive facilities in the year 2021. For VIIRS flare detections,
we use the 2021 flared-natural-gas volume estimates based
on detections of natural gas flaring provided by the VIIRS
instruments installed aboard satellite platforms, which have
a 750m× 750m source resolution (NOAA-20 and Suomi
National Polar-orbiting Partnership) (Elvidge et al., 2016).
In terms of potential double counting between the VIIRS

flare detections and the empirical measurements we use in
this work, the majority of VIIRS detections are in the Per-
mian, Bakken, and Eagle Ford oil–gas basins (i.e., 86 % of
total VIIRS detections), corresponding to a small number
of our empirical measurement data (Table S3) (Plant et al.,
2022). However, the limited availability of spatial coordi-
nates for our empirical measurements restricts our ability to
perform a direct comparison to exclude overlapping/proxi-
mal VIIRS detections and our facility-level empirical mea-
surements. Therefore, we do acknowledge that there is a pos-
sibility of double counting between our empirical measure-
ment data and the VIIRS flare detections, but we expect the
degree of overlap to be low.

2.3 Facility-level methane emission inventory

We calculate annual methane emissions from all facility cate-
gories (i.e., six production bins of production well sites, T&S
compressor stations, G&B compressor stations, processing
plants, and VIIRS flare detections) using a multi-step prob-
abilistic modeling approach adapted from multiple studies
(Omara et al., 2018, 2022; Plant et al., 2022) (Fig. 2). Briefly,
for each individual facility and VIIRS flare detection in the
CONUS for 2021, we estimate an annually averaged methane
emission rate using empirical measurement data and, con-
sequently, the cumulative distribution of methane emission
rates from the aggregation of these individual emission rates.
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Each emission rate estimate is indexed according to the cor-
responding replicate (n= 500), and we use these repetitions
to determine uncertainty for the cumulative methane emis-
sion distribution curves. The detailed steps of this process
for all facility categories and VIIRS flare detections are de-
scribed below.

For the highest five gas production bins of producing well
sites ranging from 29 to > 3908Mcfd−1 (production of 0.2
to> 27 kt methane yr−1, Fig. 1), we use gross gas production
normalized loss rates to model the distributions used to cal-
culate methane emission rates from Eq. (1), where the loss
rate is the fraction of emitted gas relative to gas production;
the emission rate is the rate of methane emitted from a fa-
cility in kilograms per hour; σCH4 is the methane content of
the emitted gas, which we assume to be 80 %; and the gas
production is the mass equivalent of natural gas produced in
kilograms per hour at 1 atm and 15.6 °C (1 Mcf= 1000 ft3

natural gas= 19.2 kg methane at 15.6 °C and 1 atm; 1 boe
(barrel of oil equivalent)= 6 Mcf). For the lowest-producing
well site gas bin of 0 to 29 Mcfd−1 (i.e., production of 0 to
0.2 kt methane yr−1) and midstream facilities, we use the em-
pirical absolute methane emission rate data as is. This ap-
proach is partly based on the methods used by Omara et al.
(2022) for the low-producing well site category, which ex-
ploits a weak relationship between gross gas production data
(which are most accessible in empirical measurement stud-
ies) and absolute emission rates to better extrapolate emis-
sions to the entire population of production well sites in the
CONUS:

loss rate=
emission rate (kgh−1)

σCH4 × gas production (kgh−1)
. (1)

For our estimation of facility-level emission rates, we break
down the modeling process into two separate steps: the first
determines whether a randomly selected facility is emitting
methane above our method LOD of ≤ 0.1kgh−1 per facil-
ity, and the second determines the associated methane emis-
sion rate for that individual facility. To test the sensitivity
of our method to the selection of the method LOD, we also
perform an additional sensitivity analysis for other method
LODs (Fig. S8 in the Supplement). The processes outlined
below are all specific to each of our nine facility categories.
Brantley et al. (2014) and Lan et al. (2015) are excluded
from this first step since they do not include measurements
below the method LOD but include valuable data on well
site emission rates with associated well site production data.
To determine whether a facility is emitting methane above
the method LOD threshold in our estimates, we first use
bootstrapping with replacement (n= 1000) of our empiri-
cal measurement data to simulate the frequency of finding
an individual facility emitting methane above the method
LOD (i.e., ≤ 0.1kg h−1 per facility), which we call an “emit-
ting facility” or “emitter” herein (Fig. 2). The results of the
bootstrapping procedure represent a normal probability dis-
tribution from which we estimate the frequency of finding

an emitting facility (i.e., above the method LOD) with as-
sociated uncertainty bounds. Next, we remove the empirical
measurements below the LOD and use bootstrapping with
replacement (n= 1000) on the above-LOD empirical mea-
surements to determine the probability of an emitting facility
being in the top 5 % (i.e., 95th percentile or above of empir-
ical measurement data) or bottom 95 % (i.e., 95th percentile
or below the empirical measurement data) of emitters, ex-
cept for processing plants and T&S compressors which had
too few measurements (n= 20 and n= 50, respectively) to
distinguish between the top 5 % and bottom 95 % of emis-
sion or loss rates. Similar to the process of determining the
frequency of finding an emitting facility, we use the results
of the bootstrapping to develop a normal probability dis-
tribution that classifies an emitting facility as either a top
5 % or bottom 95 % emitter. This pseudo-random selection
of a top 5 % emitter within each facility category accounts
for the functional definition of abnormally large emissions
(i.e., super-emitters) that can be observed in all facility cat-
egories (including well sites in different production bins)
(Zavala-Araiza et al., 2015; Brandt et al., 2016). We fit the
results of the bootstrapping to two normal distributions: one
for the top 5 % of emitters and one for the bottom 95 % of
emitters. We use the associated parameters of each normal
distribution to randomly determine whether a facility is emit-
ting in the top 5 % or bottom 95 % of emitters. These steps
are repeated for each facility for each facility category in the
CONUS.

At the end of the first step of this facility-level modeling
process, all facilities in the CONUS are classified as either a
bottom 95 % emitter, a top 5 % emitter, or below the method
LOD. Loss rates are used to calculate emission rates for the
top five highest-producing bins of well sites, whereas we di-
rectly estimate methane emission rates for the well sites in
the lower-producing cohort (Fig. 1), and for midstream facil-
ities excluding VIIRS flare detections. For facilities classified
as the top 5 % and bottom 95 % of emitters, we estimate their
methane emissions by first fitting a lognormal distribution
to the empirical measurement data, including measurements
from Brantley et al. (2014) and Lan et al. (2015), of either
the gas production normalized loss rates or methane emis-
sion rates (Eq. 1), depending on the facility category. Next,
we use the parameters of the modeled distributions to ran-
domly assign either an emission or loss rate to a randomly
selected facility (n= 500), depending on its emitter status
and facility category. We test each estimated methane emis-
sion distribution to the associated empirical measurements
and find a good fit for all facility categories (Table S6 in
the Supplement). To account for facilities emitting below the
method LOD, we randomly assign an emission rate from re-
sampling our dataset of empirical measurements below the
method LOD for that facility category. Finally, once all facil-
ities are assigned an emission rate, we compile the ensemble
of emission distributions to develop facility-level emission
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Figure 2. Flowchart describing the facility-level estimates, with
steps colored according to the specific process and data being used.
We note that methane emission rates for flares are calculated us-
ing a separate approach from that of production well sites and mid-
stream facilities. Processing plants and T&S compressors are ex-
cluded from the determination of whether a facility is a top 5 %
emitter due to a lack of available empirical measurement data. µ
and σ denote the mean and standard deviation of a probability dis-
tribution, and U indicates the random resampling of a variable.

distribution curves and total regional oil–gas methane emis-
sions for the CONUS in 2021.

For all VIIRS flare detections, we use the total reported
volumes of gas flared for 2021 from flares detected using the
VIIRS instrument (Elvidge et al., 2016) multiplied by the ob-
served flare destruction efficiencies and percentage of unlit
flares from Plant et al. (2022) to calculate annual methane
emission rates from this source. As previously stated, our
empirical measurements are largely located outside of oil–
gas basins where the majority of VIIRS flare detections are
located (i.e., Permian, Eagle Ford, and Bakken), but we can-
not discount the possibility that there are instances of dou-
ble counting flares measured via our ground-based empirical
data and those detected by VIIRS. For each VIIRS flare de-
tection, we randomly determine whether it is an unlit or lit
flare based on the basin-specific percentages of unlit flares
reported by Plant et al. (2022). If a flare is determined to be
lit, we use the corresponding basin-specific observed destruc-
tion removal efficiencies as reported by Plant et al. (2022)
multiplied by the corresponding annual total volume of gas
flared and convert to an emission rate. The basin-specific ob-
served destruction removal efficiencies are estimated through
a fitted normal distribution using the mean and standard devi-
ations modeled from the 95 % confidence intervals presented
in Plant et al. (2022). If a flare is determined to be unlit, we
use a destruction removal efficiency of 0 %. For VIIRS flare
detections located outside of the Bakken, Eagle Ford, and
Permian basins, we used the total CONUS-averaged destruc-

tion removal efficiencies of 95.2 % (95 % confidence inter-
val: 94.3 %–95.9 %) and percentage of unlit flares of 4.1 %
as reported by Plant et al. (2022).

2.4 Extrapolation to smaller spatial boundaries

We perform several comparisons of our estimated emission
distribution curves and total aggregated emissions to esti-
mates from aerial and satellite remote sensing studies. To
perform these comparisons, we restrict our estimates and the
results from other aerial/satellite studies to spatial domains
of interest (e.g., an oil–gas basin boundary or the overflown
domain from an aerial sampling campaign) and to specifi-
cally compare estimates of oil–gas methane emissions from
the facility categories we are investigating in this work. For
comparisons to satellite remote sensing studies, we priori-
tize national-level satellite inversions that estimate methane
emissions from the CONUS that include spatially explicit
maps of methane emission inversions specifically for oil–
gas sources. We join the spatially explicit satellite inver-
sions of methane emissions to the top 12 producing oil–gas
basin boundaries in the CONUS, in addition to their national-
level inversions which we also use for national comparisons.
Since our facility-level model includes geolocated activity
data (i.e., facility coordinates), we can estimate facility-level
methane emission distributions and estimate total methane
emissions for any spatial boundary in the CONUS by spa-
tially joining facilities within a target boundary. Spatial vari-
ability in our facility-level estimates is driven by two main
factors: counts of facilities and facility types and average an-
nual production characteristics. Due to constraints on data
availability, we do not constrain our available empirical mea-
surement data to the specific regions where they were gath-
ered (Table S3). We tested the sensitivity of excluding em-
pirical measurements gathered from specific oil–gas data on
the national emission distribution curves and total national
methane emissions and found no significant variation (Fig. ).
Due to a lack of data availability, we do not have sufficient
spatial information from empirical measurements of G&B
compressors, T&S compressors, and processing plants to test
for basin-level differences in empirical measurement data.

For comparisons to aerial remote sensing studies/results,
we prioritize studies that include measured point sources
(i.e., oil–gas methane sources that are above the LOD of the
aerial remote sensing measurement platform), estimates of
total regional oil–gas emissions, and descriptions/outlines of
the surveyed spatial domains which are required for these
comparisons. Based on these criteria, we compare our esti-
mated emissions to those from peer-reviewed studies (Cus-
worth et al., 2022; Kunkel et al., 2023; Xia et al., 2024)
and the results of research flights from MethaneAIR in the
Permian and Uinta oil–gas basins (Omara et al., 2024; Chan
Miller et al., 2024; Chulakadabba et al., 2023; MethaneAIR,
2024), with discussion in later sections on a recent study
by Sherwin et al. (2024). In all cases, we estimate facility-
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level methane emissions within the spatial domains out-
lined by the aerial remote sensing studies to estimate region-
specific methane emission distribution curves, use the rele-
vant method limits of detection to characterize emission rate
thresholds valid for comparison, and subtract any emission
that is unrelated to the facility types we characterize (Chen
et al., 2024). In the case of Cusworth et al. (2022), we in-
fer the spatial domains by georeferencing figures from their
studies using the georeferencer tool QGIS (v3.34.2 Prizren).
We compare our spatially joined facility-level emission dis-
tributions to the percentage of emissions contributed from fa-
cilities emitting below discrete methane emission rate thresh-
olds for all four aerial remote sensing studies and to the
continuous cumulative methane emission distribution curves
from Bridger GML surveys (Kunkel et al., 2023; Xia et al.,
2024).

Each aerial remote sensing campaign utilizes indepen-
dent methods to estimate their percentage contributions from
small methane sources, which in some cases requires addi-
tional analysis of the aerial remote sensing results. For our
analysis of continuous methane emission distribution curves
from the Bridger GML campaigns (Kunkel et al., 2023; Xia
et al., 2024), we restrict our analysis to estimated emis-
sion rates > 3kgh−1, which is the approximate LOD of the
Bridger GML remote sensing platform. For MethaneAIR,
we use the percentage of area emissions (i.e., diffuse area
methane sources) relative to the total methane emissions
for the spatial boundary, which roughly corresponds to all
emissions < 200kg h−1 (i.e., effectively those emissions be-
low the point source detection limit of MethaneAIR that
flew in multiple campaigns in the US at 12 200 m above
ground level, Chulakadabba et al., 2023). MethaneAIR char-
acterizes the total regional emissions including the spatial-
area emissions at high resolution using a geostatistical in-
verse modeling framework (Miller et al., 2013) while ingest-
ing high-emitting point source information in the inversion
(Chulakadabba et al., 2023; Omara et al., 2024). For Cus-
worth et al. (2022), we analyze all campaigns by subtract-
ing both aerially detected pipeline emissions and all non-oil
and non-gas emissions (e.g., wastewater, landfills, agricul-
ture), since our study is focused solely on upstream and mid-
stream oil–gas sources. In addition, we subtract emissions
from pipelines and non-oil and non-gas sources emitting be-
low aerial detection limits (i.e., TROPOMI (TROPOspheric
Monitoring Instrument) inversions subtracted from aerially
detected emissions) by estimating the relative fractions of
pipeline and non-oil and non-gas sources from the aerial de-
tections, with the assumption that these fractions are repre-
sentative (Table S4). However, this process can introduce ad-
ditional uncertainties in our comparisons, especially for cam-
paigns where 50 % or more of aerially detected emissions
were from pipelines or non-oil and non-gas sources.

We account for the intermittency of detected methane
sources with fewer than three overpasses in Cusworth et al.
(2022) by resampling with replacement (n= 1000) the

source persistence of methane sources with more thane three
overpasses for the same campaign, which is consistent with
their methodology. We calculate the percentage contribu-
tions of low-emitting sources in Cusworth et al. (2022) using
Eq. (2):

%E[<x] = 1−
P[>x]

T
, (2)

where %E[<x] is the percentage of total oil–gas methane
emissions below an emission rate threshold x (kgh−1), T
is the total area emissions measured via TROPOMI inver-
sions (kgh−1), and P[>x] is the sum of point source emis-
sions above the emission rate threshold x (kgh−1).

2.5 Uncertainty calculations

Our emission distributions based on facility-level estimates
incorporate uncertainty through several steps, such as the
probabilistic distributions of a select facility being a top
5 % emitter, bottom 95 % emitter, or facility emitting below
the LOD; emission rate and loss rate distributions produced
from facility-level empirical measurements; and flaring com-
bustion efficiencies. In addition, we incorporate uncertain-
ties from the empirical measurements into our facility-level
model by simulating new empirical emission rates based on
the associated method uncertainties. At the beginning of each
of the 500 model iterations, we use the reported empirical
methane emission rate data and estimate a new emission rate
using a normal distribution with the mean as the initial re-
ported emission rate and the standard deviation as a per-
centage of the mean value. These measurement uncertain-
ties (i.e., 1σ ) are chosen based on the measurement method-
ology using the lower percentage uncertainty ranges pro-
vided by Fox et al. (2019) for facilities measured via the
OTM 33A (±25%), Gaussian plume dispersion (±50%),
and tracer release (±20%) methods. For Hi-Flow sampler
measurements, we use an uncertainty range of ±16 % (Rid-
dick et al., 2022), and for chamber-based measurements, we
use ±14% (Williams et al., 2023). Therefore, each model
iteration incorporates a unique suite of empirical measure-
ment data based on the initially reported emissions and their
associated uncertainties, which in turn impacts the proba-
bilistic modeling of the chance of a facility emitting below
the method LOD, the empirical data used to determine the
parameters of the lognormal distributions of loss rates and
emission rates, and the ranges of the production bins. To cal-
culate the cumulative uncertainty of our facility-level model
estimates, we estimate 500 methane emission distributions
and aggregate the 2.5th and 97.5th percentiles of our pri-
mary facility categories (i.e., low- and non-low-producing
well sites, G&B compressors, T&S compressors, and pro-
cessing plants), which include lit and unlit VIIRS flare detec-
tion emissions to determine our 95 % confidence intervals.
This process is repeated for all simulations at the national,
basin, and aerial remote sensing boundary levels. For uncer-
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Figure 3. Results from 500 estimated facility-level emission distri-
butions showing the cumulative percentages of total methane emis-
sions contributed from facilities emitting below methane emission
rate thresholds. For example, facilities emitting< 100kgh−1 ac-
count for 70 % (61 %–81 %) of total methane emissions. The in-
set table on the upper left displays the total percentage of methane
emissions contributed from several discrete emission rate thresholds
with 95 % confidence intervals shown in parentheses.

tainty calculations in satellite and aerial remote sensing stud-
ies we use for comparisons, we present the reported 95 %
confidence intervals, if available.

3 Results

3.1 Distribution of emission rates at the national scale

Based on the results from our facility-level model estimates,
we estimate that 70 % (95 % confidence interval: 61 %–81 %)
of total methane emissions from the upstream–midstream
sector in the CONUS for 2021 originate from facilities
emitting methane at rates < 100kgh−1 (Fig. 3). For other
emission rate thresholds, we find that 30 % (26 %–34 %) of
total emissions come from facilities emitting < 10kgh−1,
which corresponds to the lower thresholds of aircraft-based
aerial remote sensing studies (Cusworth et al., 2022; John-
son et al., 2021; Kunkel et al., 2023; Thorpe et al., 2024;
Xia et al., 2024) and 79 % (68 %–90 %) of total emissions
come from facilities emitting < 200kgh−1. We find that the
emission rate threshold corresponding to 50 % of cumula-
tive methane emissions from upstream–midstream facilities
in the CONUS for year 2021 is 25 kgh−1 (19–33 kgh−1).
These results suggest that a large majority of oil–gas emis-
sions in the CONUS are not detectable by existing satellite
remote sensing point source imagers (Sherwin et al., 2023).

The distribution for our national-level methane emissions
follows an S-shaped curve, noting that the x axis (i.e.,

facility-level methane emission rates) is presented in the
log10 scale. From 0.1 to 1 kgh−1, we observe a plateau in the
distribution curve, indicating that increasing emission rates
within this range does not significantly increase the percent-
age contribution to total regional emissions (Fig. 3), simi-
lar to the findings in Ravikumar et al. (2018). From 1 to
100 kgh−1, we see a sharper rise in the emission distribution,
indicating that increasing emission rates at this range lead to
a more substantial contribution to total methane emissions
and account for 68 % (60 %–75 %) of total methane emis-
sions (Fig. 3 and Table S4 in the Supplement). Above an
emission rate threshold of 100 kgh−1, we see an exponen-
tial decline in the percentage contributions of total emission
with increasing emission rates, with total methane emissions
in this range amounting to 28 % (18 %–37 %) of the total
oil–gas emissions. Facilities emitting at the 1–10 kgh−1 and
100–1000 kgh−1 ranges contribute a similar cumulative per-
centage at 26 % (23 %–29 %) and 22 % (18 %–26 %), respec-
tively. Similar percentage contributions are also observed be-
tween the 0.1–1 kgh−1 and > 1000kgh−1 ranges at 4.5 %
(4.0 %–5.1 %) and 6.1 % (2.6 %–13 %), respectively. Over-
all, we find that the highest contribution to total national
CONUS methane emissions occurs from facilities emitting
in the 10–100 kgh−1 range at 42 % (37 %–46 %). In terms
of facility counts, from the 673 940 total active oil–gas facil-
ities we estimate in the CONUS for 2021, we estimate that
essentially all (i.e.,∼ 99.9%) of these facilities emit methane
below 100 kgh−1.

Our facility-level model estimates total methane emis-
sions from US upstream–midstream oil–gas emissions for
2021 to be 14.6 (12.7–16.8) Tgyr−1 or 1 668 000 (1 453 000–
1 921 000) kgh−1 (Fig. 4), which corresponds to a gross gas
production normalized loss rate of 2.4 %, assuming a uni-
form 80 % methane content in natural gas across oil- and
gas-producing regions in the CONUS. This national emis-
sion total of 14.6 (12.7–16.8) Tgyr−1 is more than double
the EPA greenhouse gas inventory report for natural gas
and petroleum systems in 2021, excluding post-meter and
distribution methane emissions (Inventory of U.S. Green-
house Gas Emissions and Sinks, 2024). We compare our to-
tal national estimates to previous estimates by seven stud-
ies that predominantly utilize satellite-based remote sens-
ing platforms such as GOSAT (Greenhouse gases Observ-
ing SATellite) and TROPOMI inversions (Lu et al., 2022,
2023; Maasakkers et al., 2021; Shen et al., 2022; Worden
et al., 2022), except for Alvarez et al. (2018) and Omara
et al. (2024), who developed unique facility-based model-
ing approaches using empirical measurement data collected
from multiple oil–gas basins in the CONUS (Fig. 4). Our es-
timate of national methane emissions overlaps with six out
of seven other national estimates of oil–gas methane emis-
sions for the US, with a combined average of 13.1 (ranging
from 11.1–15.7) Tgyr−1. We do not estimate methane emis-
sions from gathering, transmission, or distribution pipelines;
post-meter emissions; abandoned oil and gas wells; and re-
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Figure 4. Comparison of total CONUS oil–gas emissions for 2021
from this facility-level measurement-based inventory compared to
empirical estimates from other studies. Bars are colored according
to the methodology used to derive the total national estimates, and
the years within the bars represent the corresponding time periods
for the estimates. Black inset lines represent 95 % confidence in-
tervals. Our total estimates for “This work” do not include emis-
sions from other oil–gas methane sources such as abandoned oil and
gas wells; transmission, gathering, or distribution pipelines; post-
meter emissions; and refineries. Emission estimates from Omara
et al. (2024) do not include methane emissions from abandoned
oil and gas wells. We assume that the remote sensing estimates
(i.e., GOSAT and TROPOMI) include all oil–gas methane sources,
including downstream emissions.

fineries due to the scarcity of measurement-based data for
these sources. Total methane emissions from these sources
emit ∼ 2Tgyr−1 in methane emissions based on other stud-
ies (Williams et al., 2021; Alvarez et al., 2018; Omara
et al., 2024; Weller et al., 2020; Inventory of U.S. Green-
house Gas Emissions and Sinks, 2024). Overall, our total
national estimate of CONUS methane emissions for 2021
shows good agreement with multiple independent and recent
measurement-based estimates.

3.2 Distribution of emission rates at the basin-level scale

Among the top nine emitting oil–gas basins in the CONUS,
we observe variations among the different basins in terms
of the methane emission distributions, especially at higher
emission rate thresholds (Fig. 5). The majority of the top nine
emitting oil–gas basins in Fig. 5 show higher percentage con-
tributions from facilities emitting < 100kgh−1 when com-
pared to our national estimate of 70 % (61 %–81 %) (Fig. 3).
These percentage contributions vary from ∼ 80% in the Per-
mian, Appalachian, and Eagle Ford basins up to ∼ 90%
in the oil-dominant San Joaquin basin. Only the Anadarko
and Bakken basins have notably lower contributions to to-
tal emissions at the 100 kgh−1 threshold at ∼ 60% com-
pared to the national level, which is still a significant ma-
jority of total methane emissions. Despite these variations,
our facility-level model estimates that the majority of to-
tal national oil–gas emissions are consistently contributed

from facilities emitting < 100kgh−1 for the top nine emit-
ting basins.

Our estimated facility-level emission distributions for the
top nine emitting oil–gas basins all follow an S-shaped curve
(Fig. 5) like the national distribution (Fig. 3), albeit with cer-
tain variations. For all basins, the initial plateau in the emis-
sion distribution curves ends at around 1 kgh−1 before be-
ginning to rise more steeply. For the Appalachian and San
Joaquin basins, the second plateau is at the 20–50 kgh−1

emission rate threshold (Fig. 5). For the remaining basins,
the rise in the emission distribution curves plateaus gradu-
ally, indicating a more consistent relationship of emission
rate thresholds to their contribution to total emissions. The
variability displayed among the 500 basin-level simulations
differs among the oil–gas basins, with less spread in the
500 estimated methane emission distributions for the Ap-
palachian, Anadarko, and Permian basins compared to the
Uinta, Denver–Julesburg, and San Joaquin basins (Figs. 5
and S6). These variations are likely caused in part by the
overall total basin-level methane emissions, where an ex-
tremely high estimated methane emission rate would have
a greater impact on the percentage contribution to the total
for basins with lower overall emissions (e.g., the apparent
outliers for the Greater Green River and Bakken basins in
Fig. 5). We discuss below other plausible causes for basin-
to-basin variability in the estimated methane emission distri-
butions.

In terms of total methane emissions, the top two emit-
ting oil–gas basins are the Permian and Appalachian basins,
which collectively account for 5.2 (4.4–6.3) Tgyr−1 (Fig. S1
in the Supplement) or 37 % of total upstream and mid-
stream oil–gas methane emissions. This exceeds the cumu-
lative contribution from the other seven highest-emitting
oil–gas basins which collectively account for 3.7 (2.9–
5.0) Tgyr−1. Notably, we find that the highest emissions in
the CONUS occur from regions outside of any basin bound-
ary at 4.3 (1.2–6.3) Tgyr−1. Our estimates for basin-level
total emissions also show good agreement with satellite-
based remote sensing observations (Fig. S1), except for the
Appalachian, Bakken, Greater Green River, and Denver–
Julesburg basins, where our results are consistently more
than double those from the remote sensing studies that used
a prior-emission-based inversion result (Lu et al., 2023; Shen
et al., 2022). These four basins are in regions with relatively
low TROPOMI observation counts and densities compared
to other regions in the CONUS (Shen et al., 2022), in addi-
tion to other factors that could influence satellite-based in-
versions such as the presence of many non-oil and non-gas
sources such as coal, livestock, and landfills. Overall, our
estimates of total basin-level emissions are consistent with
satellite-based observations.
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Figure 5. Results from 500 model simulations showing the cumulative methane emission distribution curves for total upstream–midstream
oil–gas methane emissions for the top nine emitting oil–gas basins in the CONUS for 2021. The model averages for each basin are shown in
solid black lines. Inset dashed lines represent the percentage contributions of total emission from sources emitting< 100kgh−1. Emission
distribution curves for the remaining 11 oil–gas basins in the CONUS are shown in Fig. S6 in the Supplement, and a map of the spatial
boundaries used for the different oil–gas basins is shown in Fig. S10 in the Supplement.

3.3 Distribution of emission rates by facility category

We find significant variations in the methane emission rate
distribution curves among the different facility categories
(Fig. 6a). Over 50 % of total methane emissions from low
(i.e., < 15boed−1 or production of < 0.13 kt methane yr−1)
and non-low-producing well sites, lit flares, and G&B com-
pressor stations occur from facilities emitting < 100kgh−1

(Fig. 6a). In contrast, only 17 % (15 %–18 %) of emissions
from processing plants, 19 % (18 %–20 %) of emissions from
T&S compressor stations, and 9 % (7 %–12 %) of emis-
sions from unlit flares are contributed from emission sources
< 100kgh−1. Similar variability is also observed at other
emission rate thresholds, such as only 1 % (0 %–2 %) of
total emissions for T&S compressor stations, unlit flares,
and processing plants originating from facilities emitting at
rates< 10kgh−1, compared to 50 % (43 %–58 %) from low-
producing well sites and 30 % (24 %–35 %) from non-low-
producing well sites (Fig. 6a). At higher emission rate thresh-
olds, we find that 33 % (20 %–45 %) of total emissions from
T&S compressors and processing plants are emitted from fa-
cilities < 200kgh−1, compared to 84 % (68 %–93 %) from
non-low-producing well sites (> 15boed−1 of combined oil
and gas), 86 % (83 %–88 %) from VIIRS flare detections,
78 % (70 %–86 %) from G&B compressor stations, and es-
sentially 100 % of emissions from low-producing well sites.

A breakdown of the 673 940 total facilities in our model
has 541 970 as low-producing well sites, followed by 121 824
non-low-producing well sites, 4431 G&B compressor sta-
tions, 2093 T&S compressor stations, 919 processing plants,
and 3153 total VIIRS flare detections. Of these 673 940 to-
tal facilities, 99.5 % (99.4 %–99.6 %) emit methane at rates
< 100kgh−1 (Fig. S11 in the Supplement) and, in turn, con-
tribute 70 % of total methane emissions (Fig. 3). Overall,
we estimate that 68 % of total CONUS oil–gas methane
emissions for 2021 come from production well sites, of
which 44 % are from low-producing well sites with com-
bined oil–gas production < 15boed−1 (i.e., production of <
0.13 kt methane yr−1), with the remaining 24 % coming from
non-low-producing well sites (i.e., > 15boed−1) (Fig. 6b).
Midstream facilities contribute 29 % of total methane emis-
sions, with 13 % from T&S compressors, 8 % from process-
ing plants, and 7 % from G&B compressor stations. The re-
maining 4 % from VIIRS flare detections are evenly split
with 2 % each from lit and unlit flares, respectively. Based
on the population counts for each facility category and their
corresponding total methane emissions, the average methane
emission rate per facility category is the highest for process-
ing plants at 146 (115–283) kgh−1, followed by 106 (89–
129) kgh−1 for T&S compressor stations, 27 (25–29) kgh−1

for G&B compressor stations, 3.3 (2.9–3.8) kgh−1 for non-
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low-producing well sites, and 1.3 (1.2–1.5) kgh−1 for low-
producing well sites. For VIIRS flare detections, we find a
large difference in average emissions between lit flares at 11
(9.2–13) kgh−1 and unlit flares at 205 (132–294) kgh−1.

Production well sites constitute the bulk of total methane
emissions among the facility categories we considered, with
most of these emissions contributed from low-producing well
sites. Overall, we find that 67 %–90 % of well site emis-
sions originated from only 10 % of national oil and gas
production in 2021 (Fig. S7 in the Supplement), highlight-
ing a disproportionately large fraction of emissions rela-
tive to production. In terms of individual well site-level
production values, the same 67 %–90 % of total cumulative
methane emissions were contributed from well sites produc-
ing> 50boed−1 (i.e., production of 0.43 kt methane yr−1) or
less. For well sites producing 15 boed−1 (i.e., production of
0.13 kt methane yr−1) or less, which is the production thresh-
old used to define a well site as being marginally producing in
previous work (Deighton et al., 2020; Omara et al., 2022), we
find that these low-producing well sites accounted for 50 %–
75 % of total well site emissions or 4.7–6.8 Tgyr−1.

3.4 Comparisons to aerial remote sensing studies

We perform comparisons of the percentage contributions
of methane emissions from facilities emitting below dis-
crete emission rate thresholds between seven aerial remote
sensing campaigns across four distinct regions and our esti-
mated facility-level results (Fig. 7). The aerial remote sens-
ing technologies include data from Bridger GML measure-
ments (Kunkel et al., 2023; Xia et al., 2024); MethaneAIR
(Omara et al., 2024; Miller et al., 2023); and the results
from the Global Airborne Observatory and Airborne Visi-
ble/Infrared Imaging Spectrometer – Next Generation cam-
paigns (Cusworth et al., 2022), which are also included in
the aerial detections used by Sherwin et al. (2024). In com-
paring the percentage contributions to total emissions from
low-emitting sources between our facility-level estimates and
the aerial remote sensing campaigns, we find that emission
contributions agree well across aerial remote sensing cam-
paigns for the total percentage of methane emissions from
facilities emitting, as seen in Fig. 7 for both less than 100
and 200 kgh−1.

For the Bridger GML remote sensing campaigns (Kunkel
et al., 2023; Xia et al., 2024), we find good agreement in
the percentage of total emissions contributed from facilities
emitting < 200 and < 100kgh−1 compared to our facility-
level model estimates (Fig. 7). A comparison of continuous
emission distribution curves between our facility-level emis-
sion distributions and two Bridger GML aerial remote sens-
ing campaigns (Kunkel et al., 2023; Xia et al., 2024) tar-
geting four oil–gas basins is shown in Fig. S3 in the Sup-
plement. The Bridger GML aerial sampling platform has
the lowest LOD among the aerial campaigns we analyze in
this work and a source resolution (i.e., 30 m) similar to our

facility-level model (i.e., 50 m), allowing for a more detailed
comparison of continuous emission distribution curves due
to the higher number of detected methane sources at low
emission rates provided by Bridger GML surveys. We find
close agreement between our facility-level methane emission
distribution curves and the observed emissions by Bridger
GML in the four-basin aggregate provided by Xia et al.
(2024) (Fig. S3A), which includes the Anadarko, Bakken,
Eagle Ford, and Permian basins (individual basin data are
not currently available in Xia et al., 2024), as well as sepa-
rately for the Permian remote sampling campaign (Fig. S3B)
by Kunkel et al. (2023), with the measured emissions from
the Bridger GML surveys overlapping with our facility-level
model simulations throughout the continuous distribution of
methane emission rates.

For the multiple aerial remote sensing campaigns per-
formed by Cusworth et al. (2022), we generally find good
agreement with all of our estimates statistically overlap-
ping for discrete emission rate thresholds of < 100 and
< 200kgh−1 for the Permian and Uinta oil–gas basins
(Fig. 7). For the San Joaquin and Denver–Julesburg oil–gas
basins, we see good agreement at the emission rate threshold
of < 200 and at < 100kgh−1 (i.e., overlapping uncertainty
bounds). For the Appalachian basin, we find broad agreement
at both emission rate thresholds of < 100 and < 200kgh−1,
with our results consistently showing a 20 %–30 % greater
contribution from emission sources below the discrete emis-
sion rate thresholds (Fig. 7). We find the closest agreement in
the Permian and Uinta oil–gas basins, where the differences
in the average percentage contributions vary from −9 % to
+4% across the three discrete emission rate thresholds of
< 100 and < 200kgh−1 (Fig. 7). In the Denver–Julesburg
and Appalachian basins, the differences are observed to be
larger, compared to other basins, where the differences in av-
erage percentage contributions across the discrete emission
thresholds vary from −30 % to +18%; however, they are
within our estimated uncertainty bounds. The detected point
sources by Cusworth et al. (2022) in the Denver–Julesburg
and Appalachian basins contain many non-oil and non-gas
point sources (Table S4), which may lead to additional un-
certainty in the comparisons for these basins since we use the
relative proportions of point sources to subtract an estimated
contribution of non-oil and non-gas point sources from the
TROPOMI estimates to provide a more direct comparison
between our estimates (since our study only focuses on up-
stream and midstream oil and gas sectors) and those of Cus-
worth et al. (2022). Notably, the Appalachian basin contains
the highest percentage contribution of non-oil and non-gas
point sources at 67 % (Table S4). In contrast, we note that
all of the detected point sources by Cusworth et al. (2022) in
the Permian and Uinta basins were attributed to oil–gas point
sources (Table S4).

Our comparisons to the available flight results from
MethaneAIR, which quantifies both total regional methane
emissions and high-emitting point sources > 200kgh−1
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Figure 6. (a) Results from an ensemble of 500 estimated methane emission distributions showing the percentage of total methane emissions
among facility categories contributed from facilities emitting at rates below an emission rate threshold. The inset table on the bottom right
displays the discrete percentage contributions to total methane emissions contributed from facilities emitting < 100kgh−1. (b) Breakdown
of total annual methane emissions contributed from all emitting facility categories and those emitting at rates < 100kgh−1.

from the same aerial platform (Chulakadabba et al., 2023),
show close agreement between our facility-level estimates
and the available aerial campaigns in the Uinta and Per-
mian basins for facilities emitting < 200kgh−1 (Fig. 7b).
For the MethaneAIR flight in the Uinta basin, we estimate
that 92 % (46 %–100 %) of total oil–gas methane emissions
are from sources emitting < 200kgh−1 compared to 88 %
from MethaneAIR (Fig. 7b). For the available flight in the
Permian basin from MethaneAIR, we estimate total contri-
butions from sources emitting < 200kgh−1 at 77 % (59 %–
90 %) compared to 71 % estimated by MethaneAIR (Fig. 7b).

Overall, our findings show that our facility-level estimates
closely agree with the results from multiple aerial remote
sensing campaigns from different regions and using various
measurement methods.

4 Discussion

Understanding how facilities with different magnitudes of
emissions contribute to total regional emissions has direct
policy implications for methane quantification and mitiga-
tion, such as the selection of measurement/screening meth-
ods with the appropriate detection sensitivities (Ravikumar
et al., 2018). Our main finding is that 70 % of total oil–
gas methane emissions from the upstream–midstream sectors
come from facilities emitting at rates < 100kgh−1, which
is the emission rate threshold above which point source
emissions are referred to as a super-emitting oil–gas source
by the EPA (Standards of Performance for New, Recon-
structed, and Modified Sources and Emissions Guidelines
for Existing Sources: Oil and Natural Gas Sector Climate

Review, 2024). While detecting and mitigating emissions
from super-emitters are important (Cusworth et al., 2022;
Duren et al., 2019; Sherwin et al., 2024), our results un-
derscore the need to account for oil–gas methane sources
emitting at lower rates, as the cumulative contribution of
lower-emitting sites accounts for a large majority of emis-
sions across US oil–gas basins. Facility-level, measurement-
based data collected in other countries present a similar story.
From a sample of sites (n= 302) measured via the Bridger
GML remote sensing platform in British Columbia, Canada
(Tyner and Johnson, 2021), roughly 60 % of the total quanti-
fied oil–gas site-level emissions originate from sites emitting
< 32kgh−1. In Romania, a site-level measurement-based in-
ventory (Stavropoulou et al., 2023) using 178 measurements
finds that oil production facilities emitting< 100kgh−1 con-
tribute 78 % of total oil–gas methane emissions in the stud-
ied region. In short, the high percentage contribution from
lower-emitting (< 100kgh−1) oil–gas facilities that account
for a large majority of total emissions is not unique to the
US and is likely present in other countries as well. A combi-
nation of approaches that characterize entire emission distri-
butions across populations of sites (i.e., not just focusing on
measuring super-emitters) and quantify regional-level emis-
sions is needed in other countries to quantify the relative
contributions of low-emitting sources that in aggregate can
be significant sources of overall oil–gas methane emissions.
Most of our analysis centers around quantifying the percent-
age contributions of oil–gas methane sources emitting below
one discrete emission rate threshold (i.e., < 100kgh−1, per
the EPA’s definition of a super-emitter). We estimate that over
99 % of the total oil–gas facilities that we analyze in this
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Figure 7. Comparisons of the cumulative percentage of oil–
gas methane emissions from all oil–gas facilities emitting (a) <
100 kgh−1 and (b) < 200kgh−1 between our facility-level empir-
ical emission estimates and aerial remote sensing campaigns. Bars
are colored according to the study and grouped according to the
target oil–gas basin(s). All results from the facility-level simula-
tions (i.e., this work) are constrained to the spatial boundaries of the
aerial campaigns for direct comparisons (note that for a given basin,
spatial boundaries might be slightly different). Uncertainty bars for
the facility-level simulations are the 2.5th and 97.5th percentiles of
500 simulations. Maps of all spatial boundaries used for compar-
isons are provided in Fig. S2 in the Supplement. Comparisons to
MethaneAIR are not performed at the < 100kgh−1 threshold be-
cause MethaneAIR detections are not available for point sources
below this emission rate threshold.

work emit below 100 kgh−1 (Fig. S11), in turn contribut-
ing 70 % (61 %–81 %) of total methane emissions (Fig. 3).
The emission rate threshold of 100 kgh−1 is relevant to US
policy decisions (EPA’s Final Rule for Oil and Natural Gas
Operations Will Sharply Reduce Methane and Other Harm-
ful Pollution, 2024), but we also illustrate the importance of a
complete characterization of emissions, which gains impor-
tance as newer methane monitoring technologies have differ-
ent LODs. For example, the effective LOD at high probabili-
ties of detection for available point source imaging satellites
of ∼ 200kgh−1 (Jacob et al., 2022) would only be able to
quantify 21 % (10 %–32 %) of all oil–gas point sources in the
CONUS if the full oil–gas sector was mapped in its entirety,
based on our facility-level results. When considering the re-
lationship of facility-level emission rates to total cumulative
methane emissions, we find that oil–gas methane emissions
in the CONUS are dominated by many low-emitting facil-
ities, which relates directly to methane measurement tech-
nologies.

Point-source-focused remote sensing platforms offer the
advantage of rapidly surveying large areas (i.e., hundreds to
thousands of square kilometers), which facilitates the detec-
tion and quantification of high-emitting point sources (Cus-
worth et al., 2022; Duren et al., 2019; Sherwin et al., 2024).
In contrast, logistical constraints often limit the sample sizes
for ground-based vehicle sampling platforms; however, these

limitations can be overcome with stratified random, represen-
tative sampling and statistical analysis approaches like this
work. Ground-based measurement platforms provide much
lower LODs (i.e., < 1kgh−1) when compared to remote
sensing platforms, which are necessary to quantify emissions
from the large number of small methane sources we find
that contribute roughly three-quarters of total regional oil–
gas emissions in the CONUS and will only improve as ad-
ditional ground-based measurements are gathered. Overall,
our main findings highlight the importance of methods that
can rapidly locate the small number of high-emitting point
sources we estimate, but our findings emphasize the need
to account for the disproportionately large majority percent-
age of total regional oil–gas emissions that are emitted from
smaller diffuse methane sources.

When extrapolating our facility-level model results to the
basin level we see variations among the emission distribu-
tion curves for different oil–gas basins but still find that
most methane emissions come from facilities emitting <

100kgh−1. The variations in the emission distribution curves
for different basins are driven by many factors, such as the
production characteristics, number, and density of facilities;
different types and relative counts of facility categories; the
availability of empirical measurement data used to model
emissions; and the total oil–gas methane emissions (i.e., the
denominator). For example, the Appalachian basin is dom-
inated by a high number of older low-producing well sites
(Deighton et al., 2020; Riddick et al., 2019; Enverus, 2024)
with fewer midstream facilities such as processing plants
and G&B compressors, which contrasts with the Bakken
basin where we find a high number of midstream facili-
ties, high-producing well sites, and VIIRS flare detections
(Elvidge et al., 2016; Enverus, 2024). When comparing the
emission distribution curves for the Bakken and Appalachian
basins (Fig. 5), we observe higher contributions from lower-
emitting facilities for the Appalachian basin compared to the
Bakken basin. An example of differences in basin-level pro-
duction is shown in Figs. S4 and S5 in the Supplement, where
we see variable profiles among the different oil- and gas-
producing basins in terms of well site production character-
istics, which are the main source of total methane emissions
in this work (Fig. 6). We also observe the influence of to-
tal basin-level emissions on the variability among our emis-
sion distribution curves, where large emitting sources in the
San Joaquin basin can lead to high variability among the esti-
mated emission distribution curves compared to the Permian
basin which has roughly 10 times the total emissions com-
pared to the San Joaquin basin (Fig. 5). We note that a di-
rect comparison of our model results with aerial remote sens-
ing methods may be limited, in part, by methodological dif-
ferences in methane quantification approaches (and underly-
ing uncertainties). The remote sensing observations assessed
here as snapshots may capture facility-level emission distri-
butions that are not well represented in annually averaged
methane emission distributions, as we estimate here. Nev-
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ertheless, we find broad agreement with these independent
aerial remote sensing estimates at the basin scale and across
smaller spatial domains, as discussed. Ultimately, as many
characteristics will influence methane emission distribution
curves among different oil- and gas-producing regions in the
CONUS, mitigation strategies will need to be structured ac-
cording to the region they are targeting.

Our results find that over half of cumulative methane emis-
sions from three different facility categories come from fa-
cilities emitting < 100kgh−1, including methane emissions
from lit and unlit flares. We show how the large contribu-
tions from small methane sources to total regional emissions
are not unique to any one facility category, but it is impor-
tant to contextualize our emission distribution curves with
the corresponding total regional emissions. Our facility-level
estimates find that the main source of oil–gas methane emis-
sions in the CONUS are oil–gas production well sites, of
which the low-producing category is responsible for 44 %
(39 %–49 %) of the total estimated oil–gas methane emis-
sions in the CONUS in 2021. Low-producing well sites, also
known as “marginal wells”, have been shown in previous
work to be a significant source of methane emissions, espe-
cially relative to their contribution to overall oil–gas produc-
tion (Deighton et al., 2020; Omara et al., 2022). Omara et al.
(2022) found that marginal wells contributed anywhere from
37 %–75 % of total methane emissions from production well
sites, which is like our estimates (i.e., 50 %–75 %). Despite
low-producing well sites having a lower mean emission rate
compared to other facility categories, the large facility counts
result in significant aggregate total emissions of methane.
This implies that detection and mitigation strategies to reduce
methane emissions from these and other low-emitting oil and
gas infrastructure (e.g., abandoned oil–gas wells) would re-
quire alternative mitigation and detection approaches com-
pared to those for the small number of super-emitting emis-
sion sources. For detection, measurement methods that can
measure emission rates between 0.1–100 kgh−1 are required,
since this range makes up 70 % of total methane emissions
(Fig. 3 and Table S1 in the Supplement) as modeled herein.
In terms of methane mitigation policy, financial incentives,
like the USD 4.7 billion from the Biden Bipartisan Infras-
tructure Law for abandoned wells, could be used to priori-
tize the repair of old and leak-prone production well sites, as
these low-producing well sites only account for a small frac-
tion (i.e., 5.6 % in 2019) of total oil–gas production (Omara
et al., 2022).

We see good agreement between our facility-level results
and a majority of aerial remote sensing studies, which are
expected to capture a wide range of high-emitting facili-
ties in the survey region. For example, when comparing our
model results to Kunkel et al. (2023) and Xia et al. (2024)
we find that our estimated methane emissions closely match
the distribution of methane emissions measured in Bridger
GML surveys (Fig. S3). We also find good agreement with
satellite remote sensing estimates of emissions, such as

our basin-level (Fig. S1) and national-level comparison to
satellite inversions (Fig. 3) and other aerial remote sens-
ing study regions (Table S2). Our comparisons of the con-
tributions of low-emitting sources below discrete emission
rate thresholds also agree closely with recent MethaneAIR,
Kairos Aerospace, GAO, and AVIRIS-NG (Airborne Visi-
ble/Infrared Imaging System – Next Generation) aerial sur-
veys, whose results also highlight the importance of small
methane sources to overall oil–gas methane emissions. Re-
cently, Sherwin et al. (2024) suggested that a majority of to-
tal emissions originate from a small fraction of high-emitting
sites. Notably, most of the aerial measurements that are used
in Sherwin et al. (2024) are obtained from the Cusworth et al.
(2022) study, with which we see good agreement (Fig. 7).
Sherwin et al. (2024) perform an analysis different than Cus-
worth et al. (2022) for aerially measured sources with more
than three overpasses and assume that sources with one or
two overpasses emit at their observed intermittency of 100 %,
50 %, or 0 % of the time. This difference in analytical ap-
proaches produces higher contributions from aerial emis-
sions in Sherwin et al. (2024) by 31 % on average for seven
aerial campaigns compared to Cusworth et al. (2022) (Ta-
ble S7 in the Supplement), who use a resampling approach
described earlier in Sect. 2.4. In addition, emissions from
Sherwin et al. (2024) that are below aerial detection limits are
estimated using a combination of an equipment-level bottom-
up model presented in Rutherford et al. (2021) for production
well sites and emission factors from the U.S. greenhouse gas
inventory (GHGI; Inventory of U.S. Greenhouse Gas Emis-
sions and Sinks, 2024) for midstream facilities, producing
52 % lower emissions on average for seven aerial campaigns
(Table S7). Therefore, the aerially measured emissions in
Sherwin et al. (2024) are higher and the emissions below
aerial detection limits are lower, leading to a higher contribu-
tion to total methane emissions from high-emitting facilities
(Table S7). Ultimately, the broad agreement we find across
multiple disparate measurement techniques and platforms
across Bridger GML aerial campaigns (Kunkel et al., 2023;
Xia et al., 2024), MethaneAIR measurements (MethaneAIR
L4 Area Sources 2021, Earth Engine Data Catalog, 2024;
Omara et al., 2024), and multiple surveyed regions presented
in Cusworth et al. (2022) provides collective evidence about
the large contribution of smaller emission sources to total re-
gional emissions.

Given the variability in methane detection technologies, a
range of approaches can be taken to estimate methane emis-
sion rate distributions, each providing unique advantages and
disadvantages. MethaneAIR provides a novel remote sens-
ing approach where high-emitting point sources, distributed
area sources, and total regional emissions are quantified us-
ing the same aerial platform, providing the ability to directly
measure high-emitting point source and diffuse area contri-
butions to total regional estimates. Xia et al. (2024) com-
bine measurements from Bridger GML across four oil–gas
basins and use component-level simulations to account for
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facilities emitting below the 3 kgh−1 LOD of Bridger GML.
Other approaches also exist, such as those of Cusworth et al.
(2022), who combine TROPOMI inversions to estimate to-
tal regional methane emissions with point source emissions
quantified from their aerial detection platforms (i.e., GAO,
AVIRIS-NG). Similarly, Sherwin et al. (2024) combine point
source emissions measured via aerial remote sensing with
site-/facility-level emission rates estimates calculated from
a combination of an equipment-level bottom-up model for
production well sites (Rutherford et al., 2021) and emis-
sion factors from the 2023 GHGI for midstream facilities
(Inventory of U.S. Greenhouse Gas Emissions and Sinks,
2024) for facilities emitting below aerial detection limits.
Remote sensing studies have key advantages over ground-
based sampling platforms, such as rapidly surveying wide
areas and capturing higher-emitting point sources, but have
variable LODs depending on the target region, topography,
measurement technology, presence of co-located non-oil and
non-gas methane sources (i.e., source attribution), weather
conditions, infrastructure density, and infrastructure type(s).
These variables pose additional challenges when quantifying
the contributions from facilities emitting above/below spe-
cific emission rate thresholds, which are critical informa-
tion to inform mitigation policy. Performance assessment,
tracking mitigation, and accurate reporting require building
a comprehensive picture of emissions by characterizing all
emitters big and small and reconciling with total basin-/sub-
basin-level emissions. Ultimately, the key seems to be merg-
ing the best data from both approaches to build a hybrid
inventory, ideally using a multi-tiered system with multiple
methods that span a range of LODs that allow for gathering
empirical measurements from facilities emitting at all parts
of the methane emission distribution curve. Our study is a
step in that direction considering measurement-based data
while presenting a robust comparison with available inde-
pendent remote sensing measurements. At the same time,
large-area-aggregated emission data obtained from wide-area
remote sensing mapping or mass balance surveys can bet-
ter constrain total regional emissions (e.g., Cusworth et al.,
2022; Omara et al., 2024) for a more empirically robust de-
nominator in characterizing the relative contributions of low-
emission and high-emission sources to total emissions.

We show that our facility-level emission models produce
national- and basin-level methane emission estimates that
are in good agreement with other independent measurement-
based studies. However, we note the following limitations/bi-
ases that could be improved with future data collection ef-
forts. The empirical measurements that we use in our model
are representative of the year and time they were measured
(i.e., 2010–2020), meaning that they would not reflect any
updates in regulatory practices or changes in facility opera-
tional and emission management practices. In addition, there
are variations in the number of production well site empiri-
cal measurements among oil–gas basins (Table S3), although
a sensitivity analysis shows that excluding data from indi-

vidual oil–gas basins does not significantly impact our re-
sults (Fig. S9 in the Supplement). Furthermore, there are
several oil–gas methane emission sources that we do not ac-
count for in our estimates, which include gathering, trans-
mission, or distribution pipelines; oil refining and transporta-
tion; abandoned oil–gas wells; offshore oil–gas infrastruc-
ture; post-meter sources; and oil–gas distribution infrastruc-
ture in urban areas. For some sources omitted in this work
such as abandoned oil–gas wells, their inclusion would likely
lead to a higher contribution from low-emitting facilities,
since the highest-recorded emission rate from an abandoned
oil–gas well is 76 kgh−1 (Riddick et al., 2024). For oth-
ers such as oil refineries, their inclusion would likely lead
to a lower contribution from small methane sources given
their low facility counts and high per-site emissions (Duren
et al., 2019). Despite their omissions, total methane emis-
sions from these sources are currently estimated to account
for 5 %–10 % (Alvarez et al., 2018; Riddick et al., 2024; In-
ventory of U.S. Greenhouse Gas Emissions and Sinks, 2024;
Williams et al., 2021) of total oil–gas sectoral emissions. Our
estimates also utilize empirically measured emission rates
from ground-based sampling platforms which are limited in
number, especially in the case of processing plants (n= 20)
and T&S compressor stations (n= 50) (Table S2). The em-
pirical data used in our analysis include a smaller sample
of super-emitting facilities relative to those captured by re-
mote sensing platforms (Duren et al., 2019; Sherwin et al.,
2024), but our use of production-normalized loss rates and
lognormal distributions to estimate facility-level methane
emission rates anticipates and accounts for the possibility
of finding low-probability, high-magnitude emissions that
occur at rates beyond those that appear in our dataset of
empirical observations. For example, our highest empirical
emission rate is 1360 kgh−1 for a T&S compressor station,
whereas our maximum estimated facility-level emission rate
across all 500 facility-level emission distribution curves aver-
ages 7500 kgh−1 (3000–21 000 kgh−1). Finally, we include
a small number (i.e., 5 % of total empirical data used in
the model) of measurements for production well sites gath-
ered using ground-based component-/source-level sampling
methods from two studies (Deighton et al., 2020; Riddick
et al., 2019). All measurements from these two studies tar-
geted the lowest-producing cohort of production well sites
and exhibited statistically lower emission rates than those
gathered using facility-level ground-based methods for the
same well site production cohort, meaning that any bias in-
troduced by the inclusion of these measurements would lead
towards the underestimation of total emissions and/or the
percentage contributions from low-emitting sources. Despite
these limitations, we have shown that our results are broadly
in agreement with satellite- and aerial-based remote sensing
studies at national, basin, or local scales and other facility-
level estimates.

Going forward, several approaches can be used to bet-
ter understand the percentage contributions from facilities
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emitting at different leak rate thresholds and ultimately im-
prove our understanding of oil–gas methane emissions in
the CONUS and around the world. A combination of multi-
ple satellite and aerial remote sensing approaches and syn-
thesis of their data by bringing in point source detections
at multiple thresholds at the same time characterizing to-
tal regional emissions as demonstrated using a compilation
of multi-scale measurements seems to be a viable pathway
towards building a more complete picture of the overall
methane emissions. Combining aerial and satellite remote
sensing measurements with ground-based site-/facility-level
estimates presents itself as an effective next step, as im-
plemented/suggested by prior studies (Allen, 2014; Alvarez
et al., 2018). Aerial or satellite remote sensing platforms fo-
cused on point source detection offer the ability to rapidly
locate the small number of the highest-emitting facilities that
contribute a disproportionate fraction of emissions, offering
valuable data on specific facility locations that allow for rapid
mitigation. However, more direct observational approaches
are needed to acquire total emission data which according to
this study are dominated by small emitting sources that are
undetected by high-emitting point source detection systems.
Facility-level population-based approaches can account for
the lower-emitting facilities that contribute the most total
oil–gas methane emissions, which are needed for accurate
emission reporting and understanding the contributions of
total emissions above/below emission rate thresholds. The
ground-based estimates can be further constrained by large-
area-aggregated emission quantification provided by regional
remote sensing or mass balance mapping approaches (Shen
et al., 2022; Omara et al., 2024; Jacob et al., 2022) for pro-
ducing a more robust overall emission quantification.

5 Conclusions

In conclusion, our work highlights several key aspects of oil–
gas methane emission rate distribution curves in the CONUS
for 2021, which include the following:

1. A large majority (70 %) of total national continental oil–
gas methane emissions in the US originate from lower-
emitting facilities (< 100kgh−1).

2. Emission rate distributions vary among different oil–
gas basins, but among the top nine producing basins we
consistently find that most methane emissions (60 %–
86 %) originate from oil–gas facilities emitting at rates
< 100kgh−1.

3. Production well sites were found to be responsible
for 70 % of regional oil–gas methane emissions, from
which the sites that accounted for only 10 % of national
oil and gas production in 2021 disproportionately ac-
counted for 67 %–90 % of the total well site emissions.

4. Our results were consistently found to be in close agree-
ment with those from independent aerial/satellite re-

mote sensing estimates, both in comparing contribu-
tions from discrete emission rate thresholds and con-
tinuous emission distribution curves, emphasizing the
importance of the large majority contribution of small
emitting methane sources to total oil–gas methane emis-
sions.

Our results highlight and quantify the significant contribu-
tions of the large number of low-emitting oil–gas facilities to
total regional, basin, or local oil–gas methane emissions in
the CONUS for 2021. In addition to the CONUS, the small
oil–gas methane sources are likely a significant component
of total regional emissions in other countries as well, as re-
cent data suggest from Romania and Canada (Stavropoulou
et al., 2023; Tyner and Johnson, 2021); this would need to be
further investigated to build a comprehensive assessment of
small emitting methane emissions and their relative contribu-
tions to total oil–gas methane emissions globally. This work
emphasizes the need for multi-scale approaches to quantify
total regional oil–gas methane emissions and at the same
time to characterize and account for the large contribution
from small emission sources dispersed across a wide area, in
addition to incorporating data on high-emitting point sources
for producing overall robust methane emission quantifica-
tion.

Code availability. The R code used to create the methane emis-
sion distribution curves and figures is available upon reasonable re-
quest.

Data availability. All 500 full emission rate distributions
at the national level are available to download from Zenodo
(https://doi.org/10.5281/zenodo.13314532, Williams, 2024). All
estimated methane emission rate distributions at the basin or small
target scale are available upon request. Empirical measurement data
used in the estimation of the methane emission distribution curves
are available from the references listed in Table S2. MethaneAIR
area emissions (https://developers.google.com/earth-engine/
datasets/catalog/EDF_MethaneSAT_MethaneAIR_L4area, Earth
Engine Data Catalog, 2024a) and point source emissions
(https://developers.google.com/earth-engine/datasets/catalog/
EDF_MethaneSAT_MethaneAIR_L4point, Earth Engine Data
Catalog, 2024b) can be accessed from the Google Earth Engine
Data Catalog.

Supplement. The supplement related to this article is available
online at: https://doi.org/10.5194/acp-25-1513-2025-supplement.

Author contributions. JPW and RG designed this study. JPW
created the code used to produce all results, with input from MO,
KM, DZA, and AH. The MethaneAIR analysis was provided by JB,
MS, and SCW. The multi-sensor airborne intercomparison was per-

Atmos. Chem. Phys., 25, 1513–1532, 2025 https://doi.org/10.5194/acp-25-1513-2025

https://doi.org/10.5281/zenodo.13314532
https://developers.google.com/earth-engine/datasets/catalog/EDF_MethaneSAT_MethaneAIR_L4area
https://developers.google.com/earth-engine/datasets/catalog/EDF_MethaneSAT_MethaneAIR_L4area
https://developers.google.com/earth-engine/datasets/catalog/EDF_MethaneSAT_MethaneAIR_L4point
https://developers.google.com/earth-engine/datasets/catalog/EDF_MethaneSAT_MethaneAIR_L4point
https://doi.org/10.5194/acp-25-1513-2025-supplement


J. P. Williams et al.: Small sources account for majority of US oil–gas emissions 1529

formed by JPW and RG. JPW prepared the manuscript with input
from all co-authors.

Competing interests. The contact author has declared that none
of the authors has any competing interests.

Disclaimer. Publisher’s note: Copernicus Publications remains
neutral with regard to jurisdictional claims made in the text, pub-
lished maps, institutional affiliations, or any other geographical rep-
resentation in this paper. While Copernicus Publications makes ev-
ery effort to include appropriate place names, the final responsibility
lies with the authors.

Acknowledgements. We would like to thank Jack Warren and
Luis Guanter for their valuable efforts in analyzing point source
emissions from MethaneAIR aerial campaigns.

Financial support. Funding for MethaneSAT and MethaneAIR
activities was provided in part by anonymous donors, Arnold Ven-
tures, The Audacious Project, the Ballmer Group, the Bezos Earth
Fund, The Children’s Investment Fund Foundation, the Heising–
Simons Family Fund, King Philanthropies, the Robertson Founda-
tion, the Skyline Foundation, and the Valhalla Foundation. For a
more complete list of funders, please visit https://www.methanesat.
org/ (last access: 15 December 2024).

Review statement. This paper was edited by Manvendra Krishna
Dubey and reviewed by three anonymous referees.

References

Allen, D. T.: Methane emissions from natural gas pro-
duction and use: reconciling bottom-up and top-down
measurements, Curr. Opin. Chem. Eng., 5, 78–83,
https://doi.org/10.1016/j.coche.2014.05.004, 2014.

Alvarez, R. A., Zavala-Araiza, D., Lyon, D. R., Allen, D. T.,
Barkley, Z. R., Brandt, A. R., Davis, K. J., Herndon, S. C.,
Jacob, D. J., Karion, A., Kort, E. A., Lamb, B. K., Lau-
vaux, T., Maasakkers, J. D., Marchese, A. J., Omara, M.,
Pacala, S. W., Peischl, J., Robinson, A. L., Shepson, P. B.,
Sweeney, C., Townsend-Small, A., Wofsy, S. C., and
Hamburg, S. P.: Assessment of methane emissions from
the U. S. oil and gas supply chain, Science, 361, 186–188,
https://doi.org/10.1126/science.aar7204, 2018.

AR6 Synthesis Report: Climate Change 2023: https://www.ipcc.ch/
report/ar6/syr/ (last access: 6 March 2024), 2024.

Brandt, A. R., Heath, G. A., and Cooley, D.: Methane
Leaks from Natural Gas Systems Follow Extreme Dis-
tributions, Environ. Sci. Technol., 50, 12512–12520,
https://doi.org/10.1021/acs.est.6b04303, 2016.

Brantley, H. L., Thoma, E. D., Squier, W. C., Guven, B. B.,
and Lyon, D.: Assessment of Methane Emissions from Oil and
Gas Production Pads using Mobile Measurements, Environ. Sci.

Technol., 48, 14508–14515, https://doi.org/10.1021/es503070q,
2014.

Caulton, D. R., Lu, J. M., Lane, H. M., Buchholz, B.,
Fitts, J. P., Golston, L. M., Guo, X., Li, Q., McSpiritt, J.,
Pan, D., Wendt, L., Bou-Zeid, E., and Zondlo, M. A.: Im-
portance of Superemitter Natural Gas Well Pads in the
Marcellus Shale, Environ. Sci. Technol., 53, 4747–4754,
https://doi.org/10.1021/acs.est.8b06965, 2019.

Chan Miller, C., Roche, S., Wilzewski, J. S., Liu, X., Chance, K.,
Souri, A. H., Conway, E., Luo, B., Samra, J., Hawthorne, J.,
Sun, K., Staebell, C., Chulakadabba, A., Sargent, M., Benmer-
gui, J. S., Franklin, J. E., Daube, B. C., Li, Y., Laughner, J. L.,
Baier, B. C., Gautam, R., Omara, M., and Wofsy, S. C.: Methane
retrieval from MethaneAIR using the CO2 proxy approach:
a demonstration for the upcoming MethaneSAT mission, At-
mos. Meas. Tech., 17, 5429–5454, https://doi.org/10.5194/amt-
17-5429-2024, 2024.

Chen, Y., Sherwin, E. D., Wetherley, E. B., Yakovlev, P. V.,
Berman, E. S. F., Jones, B. B., Hmiel, B., Lyon, D. R.,
Duren, R., Cusworth, D. H., and Brandt, A. R.: Recon-
ciling ultra-emitter detections from two aerial hyperspectral
imaging surveys in the Permian Basin, EarthArXiv [preprint],
https://doi.org/10.31223/X5G68V, 2024.

Chulakadabba, A., Sargent, M., Lauvaux, T., Benmergui, J. S.,
Franklin, J. E., Chan Miller, C., Wilzewski, J. S., Roche, S., Con-
way, E., Souri, A. H., Sun, K., Luo, B., Hawthrone, J., Samra, J.,
Daube, B. C., Liu, X., Chance, K., Li, Y., Gautam, R., Omara, M.,
Rutherford, J. S., Sherwin, E. D., Brandt, A., and Wofsy, S. C.:
Methane point source quantification using MethaneAIR: a new
airborne imaging spectrometer, Atmos. Meas. Tech., 16, 5771–
5785, https://doi.org/10.5194/amt-16-5771-2023, 2023.

Cusworth, D. H., Thorpe, A. K., Ayasse, A. K., Stepp, D., Heck-
ler, J., Asner, G. P., Miller, C. E., Yadav, V., Chapman, J. W.,
Eastwood, M. L., Green, R. O., Hmiel, B., Lyon, D. R., and
Duren, R. M.: Strong methane point sources contribute a dispro-
portionate fraction of total emissions across multiple basins in
the United States, P. Natl. Acad. Sci. USA, 119, e2202338119,
https://doi.org/10.1073/pnas.2202338119, 2022.

de Gouw, J. A., Veefkind, J. P., Roosenbrand, E., Dix, B., Lin, J. C.,
Landgraf, J., and Levelt, P. F.: Daily Satellite Observations of
Methane from Oil and Gas Production Regions in the United
States, Sci. Rep.-UK, 10, 1379, https://doi.org/10.1038/s41598-
020-57678-4, 2020.

Deighton, J. A., Townsend-Small, A., Sturmer, S. J., Hoschouer, J.,
and Heldman, L.: Measurements show that marginal
wells are a disproportionate source of methane relative
to production, JAPCA J. Air Waste Ma., 70, 1030–1042,
https://doi.org/10.1080/10962247.2020.1808115, 2020.

Duren, R. M., Thorpe, A. K., Foster, K. T., Rafiq, T., Hop-
kins, F. M., Yadav, V., Bue, B. D., Thompson, D. R., Con-
ley, S., Colombi, N. K., Frankenberg, C., McCubbin, I. B., East-
wood, M. L., Falk, M., Herner, J. D., Croes, B. E., Green, R. O.,
and Miller, C. E.: California’s methane super-emitters, Na-
ture, 575, 180–184, https://doi.org/10.1038/s41586-019-1720-3,
2019.

Earth Engine Data Catalog: MethaneAIR L4 Area
Sources 2021: Earth Engine Data Catalog [data set],
https://developers.google.com/earth-engine/datasets/catalog/

https://doi.org/10.5194/acp-25-1513-2025 Atmos. Chem. Phys., 25, 1513–1532, 2025

https://www.methanesat.org/
https://www.methanesat.org/
https://doi.org/10.1016/j.coche.2014.05.004
https://doi.org/10.1126/science.aar7204
https://www.ipcc.ch/report/ar6/syr/
https://www.ipcc.ch/report/ar6/syr/
https://doi.org/10.1021/acs.est.6b04303
https://doi.org/10.1021/es503070q
https://doi.org/10.1021/acs.est.8b06965
https://doi.org/10.5194/amt-17-5429-2024
https://doi.org/10.5194/amt-17-5429-2024
https://doi.org/10.31223/X5G68V
https://doi.org/10.5194/amt-16-5771-2023
https://doi.org/10.1073/pnas.2202338119
https://doi.org/10.1038/s41598-020-57678-4
https://doi.org/10.1038/s41598-020-57678-4
https://doi.org/10.1080/10962247.2020.1808115
https://doi.org/10.1038/s41586-019-1720-3
https://developers.google.com/earth-engine/datasets/catalog/EDF_MethaneSAT_MethaneAIR_L4area


1530 J. P. Williams et al.: Small sources account for majority of US oil–gas emissions

EDF_MethaneSAT_MethaneAIR_L4area (last access: 27 March
2024), 2024a.

Earth Engine Data Catalog: MethaneAIR L4 Point
Sources v1, Earth Engine Data Catalog [data set],
https://developers.google.com/earth-engine/datasets/catalog/
EDF_MethaneSAT_MethaneAIR_L4point (last access: 14
January 2025), 2024b.

Elvidge, C. D., Zhizhin, M., Baugh, K., Hsu, F.-C., and Ghosh, T.:
Methods for Global Survey of Natural Gas Flaring from Vis-
ible Infrared Imaging Radiometer Suite Data, Energies, 9, 14,
https://doi.org/10.3390/en9010014, 2016.

Enverus: Creating the future of energy together, https://www.
enverus.com/ (last access: 25 March 2024), 2024.

EPA’s Final Rule for Oil and Natural Gas Operations Will Sharply
Reduce Methane and Other Harmful Pollution: https://www.epa.
gov/controlling-air-pollution-oil-and-natural-gas-operations/
epas-final-rule-oil-and-natural-gas (last access: 5 March 2024),
2024.

ERG: City of Fort Worth Natural Gas Air Quality Study, Final
Report, Eastern Research Group, Inc. (ERG), https://www.
fortworthtexas.gov/files/assets/public/v/2/development-services/
documents/gaswells/air-quality-study-final.pdf (last access: 10
September 2024), 2011.

Fox, T. A., Barchyn, T. E., Risk, D., Ravikumar, A. P., and
Hugenholtz, C. H.: A review of close-range and screen-
ing technologies for mitigating fugitive methane emissions
in upstream oil and gas, Environ. Res. Lett., 14, 053002,
https://doi.org/10.1088/1748-9326/ab0cc3, 2019.

Goetz, J. D., Floerchinger, C., Fortner, E. C., Wormhoudt, J.,
Massoli, P., Knighton, W. B., Herndon, S. C., Kolb, C. E.,
Knipping, E., Shaw, S. L., and DeCarlo, P. F.: Atmospheric
Emission Characterization of Marcellus Shale Natural Gas
Development Sites, Environ. Sci. Technol., 49, 7012–7020,
https://doi.org/10.1021/acs.est.5b00452, 2015.

Inventory of U. S. Greenhouse Gas Emissions
and Sinks: https://www.epa.gov/ghgemissions/
inventory-us-greenhouse-gas-emissions-and-sinks (last ac-
cess: 6 March 2024), 2024.

Jacob, D. J., Varon, D. J., Cusworth, D. H., Dennison, P. E.,
Frankenberg, C., Gautam, R., Guanter, L., Kelley, J., McK-
eever, J., Ott, L. E., Poulter, B., Qu, Z., Thorpe, A. K., Wor-
den, J. R., and Duren, R. M.: Quantifying methane emissions
from the global scale down to point sources using satellite obser-
vations of atmospheric methane, Atmos. Chem. Phys., 22, 9617–
9646, https://doi.org/10.5194/acp-22-9617-2022, 2022.

Johnson, M. R., Tyner, D. R., and Szekeres, A. J.: Blinded eval-
uation of airborne methane source detection using Bridger
Photonics LiDAR, Remote Sens. Environ., 259, 112418,
https://doi.org/10.1016/j.rse.2021.112418, 2021.

Kunkel, W. M., Carre-Burritt, A. E., Aivazian, G. S., Snow, N. C.,
Harris, J. T., Mueller, T. S., Roos, P. A., and Thorpe, M. J.:
Extension of Methane Emission Rate Distribution for Per-
mian Basin Oil and Gas Production Infrastructure by
Aerial LiDAR, Environ. Sci. Technol., 57, 12234–12241,
https://doi.org/10.1021/acs.est.3c00229, 2023.

Lan, X., Talbot, R., Laine, P., and Torres, A.: Characterizing
Fugitive Methane Emissions in the Barnett Shale Area Using
a Mobile Laboratory, Environ. Sci. Technol., 49, 8139–8146,
https://doi.org/10.1021/es5063055, 2015.

Lu, X., Jacob, D. J., Wang, H., Maasakkers, J. D., Zhang, Y.,
Scarpelli, T. R., Shen, L., Qu, Z., Sulprizio, M. P., Nesser, H.,
Bloom, A. A., Ma, S., Worden, J. R., Fan, S., Parker, R. J.,
Boesch, H., Gautam, R., Gordon, D., Moran, M. D., Reuland, F.,
Villasana, C. A. O., and Andrews, A.: Methane emissions in
the United States, Canada, and Mexico: evaluation of national
methane emission inventories and 2010–2017 sectoral trends
by inverse analysis of in situ (GLOBALVIEWplus CH4 Ob-
sPack) and satellite (GOSAT) atmospheric observations, Atmos.
Chem. Phys., 22, 395–418, https://doi.org/10.5194/acp-22-395-
2022, 2022.

Lu, X., Jacob, D. J., Zhang, Y., Shen, L., Sulprizio, M. P.,
Maasakkers, J. D., Varon, D. J., Qu, Z., Chen, Z., Hmiel, B.,
Parker, R. J., Boesch, H., Wang, H., He, C., and Fan, S.:
Observation-derived 2010–2019 trends in methane emissions
and intensities from US oil and gas fields tied to activ-
ity metrics, P. Natl. Acad. Sci. USA, 120, e2217900120,
https://doi.org/10.1073/pnas.2217900120, 2023.

Maasakkers, J. D., Jacob, D. J., Sulprizio, M. P., Scarpelli, T. R.,
Nesser, H., Sheng, J., Zhang, Y., Lu, X., Bloom, A. A., Bow-
man, K. W., Worden, J. R., and Parker, R. J.: 2010–2015
North American methane emissions, sectoral contributions, and
trends: a high-resolution inversion of GOSAT observations of
atmospheric methane, Atmos. Chem. Phys., 21, 4339–4356,
https://doi.org/10.5194/acp-21-4339-2021, 2021.

Miller, S. M., Wofsy, S. C., Michalak, A. M., Kort, E. A.,
Andrews, A. E., Biraud, S. C., Dlugokencky, E. J.,
Eluszkiewicz, J., Fischer, M. L., Janssens-Maenhout, G.,
Miller, B. R., Miller, J. B., Montzka, S. A., Nehrkorn, T.,
and Sweeney, C.: Anthropogenic emissions of methane in the
United States, P. Natl. Acad. Sci. USA, 110, 20018–20022,
https://doi.org/10.1073/pnas.1314392110, 2013.

Mitchell, A. L., Tkacik, D. S., Roscioli, J. R., Herndon, S. C., Ya-
covitch, T. I., Martinez, D. M., Vaughn, T. L., Williams, L. L.,
Sullivan, M. R., Floerchinger, C., Omara, M., Subramanian, R.,
Zimmerle, D., Marchese, A. J., and Robinson, A. L.: Measure-
ments of Methane Emissions from Natural Gas Gathering Facil-
ities and Processing Plants: Measurement Results, Environ. Sci.
Technol., 49, 3219–3227, https://doi.org/10.1021/es5052809,
2015.

Nesser, H., Jacob, D. J., Maasakkers, J. D., Lorente, A., Chen, Z.,
Lu, X., Shen, L., Qu, Z., Sulprizio, M. P., Winter, M., Ma, S.,
Bloom, A. A., Worden, J. R., Stavins, R. N., and Randles, C. A.:
High-resolution US methane emissions inferred from an inver-
sion of 2019 TROPOMI satellite data: contributions from indi-
vidual states, urban areas, and landfills, Atmos. Chem. Phys., 24,
5069–5091, https://doi.org/10.5194/acp-24-5069-2024, 2024.

Ocko, I. B., Sun, T., Shindell, D., Oppenheimer, M., Hristov, A. N.,
Pacala, S. W., Mauzerall, D. L., Xu, Y., and Hamburg, S. P.:
Acting rapidly to deploy readily available methane mitiga-
tion measures by sector can immediately slow global warming,
Environ. Res. Lett., 16, 054042, https://doi.org/10.1088/1748-
9326/abf9c8, 2021.

Omara, M., Sullivan, M. R., Li, X., Subramanian, R., Robin-
son, A. L., and Presto, A. A.: Methane Emissions from Conven-
tional and Unconventional Natural Gas Production Sites in the
Marcellus Shale Basin, Environ. Sci. Technol., 50, 2099–2107,
https://doi.org/10.1021/acs.est.5b05503, 2016.

Atmos. Chem. Phys., 25, 1513–1532, 2025 https://doi.org/10.5194/acp-25-1513-2025

https://developers.google.com/earth-engine/datasets/catalog/EDF_MethaneSAT_MethaneAIR_L4area
https://developers.google.com/earth-engine/datasets/catalog/EDF_MethaneSAT_MethaneAIR_L4point
https://developers.google.com/earth-engine/datasets/catalog/EDF_MethaneSAT_MethaneAIR_L4point
https://doi.org/10.3390/en9010014
https://www.enverus.com/
https://www.enverus.com/
https://www.epa.gov/controlling-air-pollution-oil-and-natural-gas-operations/epas-final-rule-oil-and-natural-gas
https://www.epa.gov/controlling-air-pollution-oil-and-natural-gas-operations/epas-final-rule-oil-and-natural-gas
https://www.epa.gov/controlling-air-pollution-oil-and-natural-gas-operations/epas-final-rule-oil-and-natural-gas
https://www.fortworthtexas.gov/files/assets/public/v/2/development-services/documents/gaswells/air-quality-study-final.pdf
https://www.fortworthtexas.gov/files/assets/public/v/2/development-services/documents/gaswells/air-quality-study-final.pdf
https://www.fortworthtexas.gov/files/assets/public/v/2/development-services/documents/gaswells/air-quality-study-final.pdf
https://doi.org/10.1088/1748-9326/ab0cc3
https://doi.org/10.1021/acs.est.5b00452
https://www.epa.gov/ghgemissions/inventory-us-greenhouse-gas-emissions-and-sinks
https://www.epa.gov/ghgemissions/inventory-us-greenhouse-gas-emissions-and-sinks
https://doi.org/10.5194/acp-22-9617-2022
https://doi.org/10.1016/j.rse.2021.112418
https://doi.org/10.1021/acs.est.3c00229
https://doi.org/10.1021/es5063055
https://doi.org/10.5194/acp-22-395-2022
https://doi.org/10.5194/acp-22-395-2022
https://doi.org/10.1073/pnas.2217900120
https://doi.org/10.5194/acp-21-4339-2021
https://doi.org/10.1073/pnas.1314392110
https://doi.org/10.1021/es5052809
https://doi.org/10.5194/acp-24-5069-2024
https://doi.org/10.1088/1748-9326/abf9c8
https://doi.org/10.1088/1748-9326/abf9c8
https://doi.org/10.1021/acs.est.5b05503


J. P. Williams et al.: Small sources account for majority of US oil–gas emissions 1531

Omara, M., Zimmerman, N., Sullivan, M. R., Li, X., El-
lis, A., Cesa, R., Subramanian, R., Presto, A. A., and Robin-
son, A. L.: Methane Emissions from Natural Gas Produc-
tion Sites in the United States: Data Synthesis and Na-
tional Estimate, Environ. Sci. Technol., 52, 12915–12925,
https://doi.org/10.1021/acs.est.8b03535, 2018.

Omara, M., Zavala-Araiza, D., Lyon, D. R., Hmiel, B.,
Roberts, K. A., and Hamburg, S. P.: Methane emissions from US
low production oil and natural gas well sites, Nat. Commun., 13,
2085, https://doi.org/10.1038/s41467-022-29709-3, 2022.

Omara, M., Gautam, R., O’Brien, M. A., Himmelberger, A.,
Franco, A., Meisenhelder, K., Hauser, G., Lyon, D. R., Chu-
lakadabba, A., Miller, C. C., Franklin, J., Wofsy, S. C., and
Hamburg, S. P.: Developing a spatially explicit global oil and
gas infrastructure database for characterizing methane emission
sources at high resolution, Earth Syst. Sci. Data, 15, 3761–3790,
https://doi.org/10.5194/essd-15-3761-2023, 2023.

Omara, M., Himmelberger, A., MacKay, K., Williams, J. P., Ben-
mergui, J., Sargent, M., Wofsy, S. C., and Gautam, R.: Con-
structing a measurement-based spatially explicit inventory of US
oil and gas methane emissions (2021), Earth Syst. Sci. Data, 16,
3973–3991, https://doi.org/10.5194/essd-16-3973-2024, 2024.

Plant, G., Kort, E. A., Brandt, A. R., Chen, Y., Fordice, G.,
Gorchov Negron, A. M., Schwietzke, S., Smith, M., and
Zavala-Araiza, D.: Inefficient and unlit natural gas flares both
emit large quantities of methane, Science, 377, 1566–1571,
https://doi.org/10.1126/science.abq0385, 2022.

Ravikumar, A. P., Wang, J., McGuire, M., Bell, C. S., Zimmerle, D.,
and Brandt, A. R.: “Good versus Good Enough?” Empirical
Tests of Methane Leak Detection Sensitivity of a Commer-
cial Infrared Camera, Environ. Sci. Technol., 52, 2368–2374,
https://doi.org/10.1021/acs.est.7b04945, 2018.

Rella, C. W., Hoffnagle, J., He, Y., and Tajima, S.: Local- and
regional-scale measurements of CH4, δ13CH4, and C2H6 in the
Uintah Basin using a mobile stable isotope analyzer, Atmos.
Meas. Tech., 8, 4539–4559, https://doi.org/10.5194/amt-8-4539-
2015, 2015.

Riddick, S. N., Mauzerall, D. L., Celia, M. A., Kang, M.,
Bressler, K., Chu, C., and Gum, C. D.: Measuring methane
emissions from abandoned and active oil and gas wells
in West Virginia, Sci. Total Environ., 651, 1849–1856,
https://doi.org/10.1016/j.scitotenv.2018.10.082, 2019.

Riddick, S. N., Ancona, R., Mbua, M., Bell, C. S., Dug-
gan, A., Vaughn, T. L., Bennett, K., and Zimmerle, D. J.: A
quantitative comparison of methods used to measure smaller
methane emissions typically observed from superannuated oil
and gas infrastructure, Atmos. Meas. Tech., 15, 6285–6296,
https://doi.org/10.5194/amt-15-6285-2022, 2022.

Riddick, S. N., Mbua, M., Santos, A., Emerson, E. W., Chep-
tonui, F., Houlihan, C., Hodshire, A. L., Anand, A., Hartzell, W.,
and Zimmerle, D. J.: Methane emissions from abandoned oil
and gas wells in Colorado, Sci. Total Environ., 922, 170990,
https://doi.org/10.1016/j.scitotenv.2024.170990, 2024.

Robertson, A. M., Edie, R., Snare, D., Soltis, J., Field, R. A.,
Burkhart, M. D., Bell, C. S., Zimmerle, D., and Murphy, S. M.:
Variation in Methane Emission Rates from Well Pads in
Four Oil and Gas Basins with Contrasting Production Vol-
umes and Compositions, Environ. Sci. Technol., 51, 8832–8840,
https://doi.org/10.1021/acs.est.7b00571, 2017.

Robertson, A. M., Edie, R., Field, R. A., Lyon, D., Mc-
Vay, R., Omara, M., Zavala-Araiza, D., and Murphy, S. M.:
New Mexico Permian Basin Measured Well Pad Methane
Emissions Are a Factor of 5–9 Times Higher Than U. S.
EPA Estimates, Environ. Sci. Technol., 54, 13926–13934,
https://doi.org/10.1021/acs.est.0c02927, 2020.

Rutherford, J. S., Sherwin, E. D., Ravikumar, A. P., Heath, G. A.,
Englander, J., Cooley, D., Lyon, D., Omara, M., Langfitt, Q., and
Brandt, A. R.: Closing the methane gap in US oil and natural
gas production emissions inventories, Nat Commun, 12, 4715,
https://doi.org/10.1038/s41467-021-25017-4, 2021.

Shen, L., Gautam, R., Omara, M., Zavala-Araiza, D.,
Maasakkers, J. D., Scarpelli, T. R., Lorente, A., Lyon, D.,
Sheng, J., Varon, D. J., Nesser, H., Qu, Z., Lu, X., Sul-
prizio, M. P., Hamburg, S. P., and Jacob, D. J.: Satellite quantifi-
cation of oil and natural gas methane emissions in the US and
Canada including contributions from individual basins, Atmos.
Chem. Phys., 22, 11203–11215, https://doi.org/10.5194/acp-22-
11203-2022, 2022.

Sherwin, E. D., Rutherford, J. S., Chen, Y., Aminfard, S.,
Kort, E. A., Jackson, R. B., and Brandt, A. R.: Single-blind
validation of space-based point-source detection and quantifi-
cation of onshore methane emissions, Sci. Rep.-UK, 13, 3836,
https://doi.org/10.1038/s41598-023-30761-2, 2023.

Sherwin, E. D., Rutherford, J. S., Zhang, Z., Chen, Y., Wether-
ley, E. B., Yakovlev, P. V., Berman, E. S. F., Jones, B. B., Cus-
worth, D. H., Thorpe, A. K., Ayasse, A. K., Duren, R. M., and
Brandt, A. R.: US oil and gas system emissions from nearly
one million aerial site measurements, Nature, 627, 328–334,
https://doi.org/10.1038/s41586-024-07117-5, 2024.

Standards of Performance for New, Reconstructed, and
Modified Sources and Emissions Guidelines for Exist-
ing Sources: Oil and Natural Gas Sector Climate Review:
https://www.federalregister.gov/documents/2024/03/08/2024-
00366/standards-of-performance-for-new-reconstructed-and-
modified-sources-and-emissions-guidelines-for (last access: 22
July 2024), 2024.

Subramanian, R., Williams, L. L., Vaughn, T. L., Zimmerle, D.,
Roscioli, J. R., Herndon, S. C., Yacovitch, T. I., Floerchinger,
C., Tkacik, D. S., Mitchell, A. L., Sullivan, M. R., Dallmann, T.
R., and Robinson, A. L.: Methane Emissions from Natural Gas
Compressor Stations in the Transmission and Storage Sector:
Measurements and Comparisons with the EPA Greenhouse Gas
Reporting Program Protocol, Environ. Sci. Technol., 49, 3252–
3261, https://doi.org/10.1021/es5060258, 2015.
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