11

12
13

14

15

This is a non-peer reviewed preprint submitted to EarthArXiv.

Challenges with Developing a Measurement-Based
Basin Methane Intensity Estimate: A Case Study

from the Haynesville

Kristian D. Hajny' Bailey K. Fosdick!, Zachary Weller!, Ella Martinez', Hon Xing Wong',

Abigail Corbett!, Christopher Moore® *
' GTI Energy

*Christopher Moore — GTI Energy, 1700 S Mount Prospect Rd., Des Plaines, IL, 60018; Email:

cmoore@gti.energy

KEYWORDS

Methane, methane intensity, measurement-based inventory, greenhouse gas inventory, oil and gas,

Haynesville Basin

SYNOPSIS

We present methane emissions and emissions intensity estimates for upstream and midstream oil
and gas activities in the Haynesville Basin in 2024 and demonstrate how key methodological

decisions that are not standardized across reporting frameworks influence these calculations.
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ABSTRACT

Methane intensity, the emissions relative to production, has been a focus in global regulations on
oil and gas production and imports, given the climate benefits of methane emission reductions.
Methodological frameworks to create annual measurement-based emissions inventory estimates
and calculate methane intensity using snapshot measurements have been developed. However,
there are still multiple decision points within these frameworks whose impact may be
underappreciated. These include uncertainty in the underlying facility population and associated
production in purview. In this work, we discuss the development of a comprehensive
measurement-based inventory for the dry gas Haynesville Basin located in the U.S. States of Texas
and Louisiana using Bridger Photonics LiDAR data. From a measurement dataset covering 8% of
all facilities, we estimate annual basin total methane emissions of 760 [610, 940] Gg/year and a
methane intensity of 0.79% [0.63%, 0.98%] (95% confidence intervals), in agreement with
previous measurement-based studies in the region. We then show that different methodological
choices can result in a difference of more than a factor of two in the estimated methane intensity
for the subset of choices considered in this work. As such, this work demonstrates the importance

of considering all aspects of the methodology to produce comparable methane intensity estimates.

1. Introduction
Oil and gas (O&GQG) production activities are estimated to represent 18% of United States (U.S.)

methane (CH4) emissions in 2022,' and reducing these emissions has been discussed as a cost-
effective means to mitigate climate impacts, especially in the short term. This is because CH4 has
a high global warming potential and short lifetime relative to that of carbon dioxide (CO>).> There
has been significant research activity focused on accurately quantifying emissions to better

understand emission reduction progress and identify opportunities for further emissions
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mitigation.>”” Alongside this research is a growing body of international regulations and
commitments that support O&G operators’ actions to mitigate emissions.®>'? CHy4 is often
quantified by the O&G industry not only in terms of emissions, but also as a CH4 intensity—the
emissions normalized by production.!*!® This metric enables more useful comparisons across time
and space and is often a target for regulations as it accounts for energy production. For example,
CHs intensity has been used to understand the comparative performance across sectors (e.g.,
production, transmission)!® and as part of lifecycle analyses, which incorporate CH4 intensity
).20-22

estimates for production, to compare different fuels (e.g., natural gas, coal

Within the O&G sector in recent years, CH4 intensity has played an increasing role in

8- 15-17,23

international regulations,® ! academic studies, voluntary reporting, and reduction targets.
Voluntary reporting or certification frameworks assist operators in producing reliable CH4
emissions and CHa intensity estimates (e.g., ONE Future!>, MiQ!7, Veritas'®, Oil and Gas Methane
Partnership (OGMP) 2.0?%). Frameworks can focus on absolute emissions reduction goals, CHy4
intensity thresholds, or both. Research on lifecycle emissions, including CH4 intensity data, also
recently influenced U.S. policy regarding liquified natural gas.?’?%**2> Recent legislation from the
European Union (EU) imposes CH4 intensity requirements for domestic and imported natural gas
using methods akin to OGMP 2.0 Level 5 reporting®, requiring independent measurements,
starting in 2030.'® However, enforcement of such requirements may be difficult, particularly in the
U.S. where natural gas is comingled across many operators between the point of production and
point of sale. Given the comingling of natural gas across operators within a single basin, CH4

intensity estimates for the entire basin allow operators to perform important benchmarking

comparisons to the basin-wide intensity estimate. Calculating accurate and transparent CHs
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intensities is critical given the metric’s importance; however, both the CH4 emissions estimate and
production inputs present several challenges.

While methane emission estimates were traditionally developed using emission factor-based
approaches, there are now widespread efforts to use measurements for this purpose. There are
several approaches for using measurements to create emission estimates, and these approaches
have been applied at different spatial scales (e.g., operator level, basin level, national level).
Numerous recent studies discuss how to develop emissions inventories, extrapolating
measurements to appropriately account for unmeasured sites, emissions too small to have been
detected, and across time to an annual estimate.>**° These approaches must also account for the
potential impact of short-lived, large emission events that can strongly skew the emission
distribution.>%3132 While previous studies have discussed the complex process of extrapolating
measured emissions to represent an annual inventory at the basin scale and the potential
uncertainties associated with this process,>2% 3 there is no standard approach for developing these
estimates.

Adding to the estimation challenges are the multiple definitions of CH4 intensity. Some
methodologies weight the emissions to account for emissions due to co-produced oil while others
use only the CH4 content of produced natural gas as the divisor. Furthermore, production can be
defined in several ways.>!*3373¢ CH, intensity is sometimes referred to as a leak rate, a CHs loss
rate, or an energy intensity when expressed in energy units (e.g., g/MJ), though these may represent
somewhat different metrics depending on the calculation method used.**-*® While many reporting
frameworks are explicit about their calculation method, the large overlap in units and terminology

across methods can still lead to confusion.?3:¢
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Further complicating this metric, a CHs4 intensity can be calculated at various spatial scales (e.g.,
facility, operator, basin, national), and the population of facilities within a given geographic area
or spatial target scope may not be clearly defined. Sherwin et al.?” discussed the impact of spatial
scale by calculating a Permian Basin CHy intensity of 4.6% [4.4%, 4.9%] (95% confidence
interval), but showing that the Delaware and Midland sub-basins were markedly different at 3.4%
[3.2%, 3.6%] and 8.5% [7.8%, 9.4%], respectively. The lack of standardization across these
complexities is consequential for the scientific community, reporting frameworks, operators, and
regulators, as it makes inappropriate comparisons far more likely. Decision makers require
consistent, directly comparable CH4 intensity estimates to effectively support their emissions
reduction efforts.

While several studies have examined the impacts of individual methodological decision points
when calculating methane intensity, we for the first time provide a study examining the combined
effects of these inputs at the basin scale and recommend how the impact can be mitigated. We
accomplish this using a large dataset collected by Bridger Photonics Inc. (Bridger) to develop a
comprehensive measurement-based inventory for the Haynesville Basin in 2024. We refer to the
inventory as 1) measurement-based, as it relies exclusively on Bridger measurement data, and 2)
comprehensive, as we use extrapolation methods to ensure the inventory reflects emissions of all
sizes across the entire basin for the year 2024. Similar extrapolation methods have been discussed
in a recent companion paper,*’ so we instead focus here on other aspects of the methodology that
can influence the resulting CHs intensity estimate. As CHs intensity is being considered in

regulations, 83

it is especially important that these differences be understood and accounted for.
We present an initial estimate of both total CH4 emissions and CHjy intensity for the basin that can

be directly compared to values in the literature, then discuss the impacts that basin definition,
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activity data, calculation method, and production data can have in subsequent analyses. We
conclude with a summary of the methodological details we believe could significantly affect a CH4
intensity estimate and therefore should be provided along with a CH4 intensity for improved

transparency and comparability.

2. Methods

2.1. Study Area
The Haynesville Basin is a U.S. dry gas basin encompassing parts of northeast Texas and

northwest Louisiana. According to the Energy Information Administration (EIA), it marketed 12.4
billion cubic feet per day (BCF/d) in 2024, making it the third most productive U.S. natural gas
basin, behind only the Permian and Marcellus basins.*® In the initial analysis, we define the
Haynesville Basin as the 18 counties in the EIA 2022 county code master list, as shown in Figure
1 and listed in Supporting Information (SI) Table S1.*° In secondary analyses, we also considered

™41 in the “play" variable of the wells dataset, which

the Haynesville play as provided by Enverus
is defined using Enverus-defined shapefiles and location, date, trajectory, and formation criteria to

determine the likely geological formation a well is accessing.
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Figure 1. Map*? with the Haynesville Basin outline according to the EIA-based boundary shown

in red and the boundary according to the Enverus definition shown as a blue hatched area.

2.2. Measurement and Population Data
Bridger conducted aerial surveys to obtain emissions measurements from a subset of facilities

in the basin. Bridger’s Gas Mapping LiDAR (GML) combines LiDAR topography and path-
integrated CH4 concentration measurements with navigation and photographic data to create geo-
registered plume imagery, emission source location estimates, snapshot emission rate estimates,
and labels for major pieces of equipment within each facility. They deploy GML from a small,

human-piloted aircraft, and their method has been thoroughly described and characterized in the
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literature.**~*® They reported an average 90% Probability of Detection (POD) emission rate of 1.27
kg/h in 2023 using a model developed with controlled release data using a combination of gas
concentration noise and wind speed to estimate POD.* While recent work has suggested that POD
models developed from controlled release tests may underestimate small emissions in field
conditions and underestimate the impact of wind speed, no alternative method to estimate POD is
currently available.*’

We collaborated with Bridger to develop a sampling plan to build a comprehensive
measurement-based inventory for the basin, including all production and non-pipeline midstream
sources within the basin boundaries. Though Bridger can measure at the source-level, all data in
this work were provided at the facility level. This work also did not include measurements of

pipeline emissions, which Sherwin et al.?’

observed represented up to 33% of total emissions
across their campaigns. Facilities were stratified into compressor stations, gas processing plants,
non-producing facilities, and well sites. Well sites were further stratified into those with marginal
(0-15 barrels of oil equivalent per day, BOED), standard (15 - 300 BOED), and high (=300 BOED)
production, as previous literature has reported a correlation, albeit weak, between CH4 emissions
and natural gas production.**>! Bridger estimated the population count of non-producing facilities
was 5.2% of producing facilities based on previous measurements that they made in the
Haynesville Basin. Non-producing facilities tend to have non-well equipment and do not clearly
belong to other strata, e.g., tank batteries.

Table 1 lists the facility population counts for each stratum in the initial analysis using values
provided by Bridger, who relied partly on data from Rextag™2. Table S2 provides equivalent

information based on the Enverus population data used in secondary analyses. As both Enverus

and Rextag are commercial products, their detailed methods are not publicly available and may
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change over time. As such, we cannot detail why these products differ but still use them as two
example datasets to demonstrate the issue of inconsistent/uncertain population data. There are also
other datasets, such as state reports or operator records, that could be used and likely also differ.
All Enverus data was filtered to include only active facilities with production in 2024. As Enverus
only provides well data, while Rextag also includes gas processing plants and compressor stations,
Bridger population data is always used for these strata.

Table 1. Sampled and population counts across strata for the EIA-based definition of the

Haynesville Basin.

Fraction of Survey Bridger Fraction
Stratum Surveyed Facility 8 Sampled
o os Population Count
Emitting Counts
MaI:g.II.lal Producing Well 30% 1,090 22.834 50
Facilities
Stagdqrd Producing Well 37% 275 4317 6%
Facilities
High Producing Well 62% 289 1,250 23%
Facilities
Compressor Stations 78% 176 274 64%
Gas Processing Plants 71% 131 168 78%
Non-Producing 43% 218 1,476 15%
No Equipment’ NA 204 NA NA
TOTAL 39% 2,383 30,319 8%

“Facilities labeled “no equipment” are those included in sample planning that were found to have
no equipment when surveyed.

The sample was drawn using stratified random sampling. Using past measurements from the
Haynesville Basin to estimate the within-strata emission rate variability, a Neyman allocation was

used to determine stratum sample sizes. This method prioritizes sampling strata whose emissions
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distributions have the largest variance. Although operator, age, state, and production method were
not explicitly used as stratification variables during the sampling process, we conducted post-
sampling checks to ensure representativeness. These checks included direct comparisons of the
sample and population distributions for production levels and facility age, as well as spatial
distribution assessments using heatmaps.

Bridger executed the survey design and collected ~2,500 facility scans across ~2,400 unique
facilities during a five-week campaign over the Haynesville basin in late summer 2024. About
34% of these scans indicated emissions. This includes ~100 scans that are repeat measurements at
facilities and another ~100 for which an emission source was detected, but the rate could not be
quantified. These measurements cover 8% of all facilities in the Haynesville basin based on
Bridger population estimates. Source-level Bridger emissions data were filtered to a snapshot
emissions distribution (i.e., first fly over) and then aggregated to the facility-level to produce a
facility-level emission rate distribution. The dataset was then anonymized by Bridger to ensure
that individual emission events cannot be externally traced back to specific facilities or operators.
This anonymization resulted in a facility-level dataset without georeference that identified the

facility strata and, if present, the total site emissions.

2.3. Extrapolation
Extrapolation is needed to create a comprehensive annual, basin level emissions inventory, as

available measurements cover only a subset of facilities at a snapshot in time and are likely to have
missed very small emissions sources. The methods used to perform these extrapolations are briefly
described here, as they were derived from those published previously*® and are further described
in SI Section S1. While extrapolation allows us to obtain an annual basin level emissions inventory
estimate, this estimate is based on only instantaneous measurements from a subset of facilities

collected over less than one month. An assumption underlying the methods here is that the average

10



192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

This is a non-peer reviewed preprint submitted to EarthArXiv.

emission rate across multiple facilities in a stratum at a snapshot in time is representative of the
time-averaged, facility-normalized emissions for the entire population in that stratum.>® This
inherently implies the stationarity of emission rate distributions (i.e., emission profiles of
ensembles of facilities are consistent over time). We extrapolate first to account for small
undetected emissions, then temporally extrapolate, and then spatially extrapolate.

We account for small undetected emissions in the Bridger survey using published emissions data
and a Bayesian analysis approach. We rely on the emission rate distribution from production
facilities reported by Omara et al.”*! to characterize small undetected emissions. Omara et al.
synthesized over 1,500 site-level production sector emissions estimates across 8 production basins
in the U.S. from numerous studies relying on highly sensitive technologies, such as the
Environmental Protection Agency’s (EPA) Other Test Method 33A, which can detect and measure
lower emission rates than Bridger, including some quantified emission rates < 0.1 kg/h. To better
represent Haynesville, we filter this dataset to the 1,163 facilities in dry gas basins, including the
Marcellus, Fayetteville, and Barnett basins. If emissions were detected at a facility, we assume all
emissions were captured. Emissions imputation is limited to the three production strata—high-
producing, standard-producing, and marginal-producing well facilities—since we are not aware of
any emissions distributions in the literature for the other facility types from a more sensitive
technology. All non-detects in the non-production strata are treated as non-emitting in the analysis.

We use a full detection limit from the Bridger campaign and a Bayesian imputation approach to
infer emissions below the full detection limit. We define the full detection limit as the emission
rate at which Bridger’s published POD curve indicates a 99% probability of detection, given the
average wind speed and raster gas concentration noise during the 2024 Haynesville Basin

campaign.*® This calculated threshold is 1.6 kg/h, and we assume that any emission above this

11
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threshold was detected. We assume the Omara et al.”*! distribution reasonably represents our data
so that we can use it to estimate the percentage of sites with undetected emissions. For those sites
we apply a Bayesian approach that utilizes Bridger’s POD function and a log-normal parametric
fit to the filtered Omara et al. data to assign the small non-zero emission rates. This process is
described in more detail in SI section S1.

Facility-level emissions are temporally and spatially extrapolated according to Equations 1 and
2. The temporal extrapolation constituted multiplying the measured emission rate in per hour units
by the number of hours per year. This results in an unbiased estimate of total emissions for the
sampled units within each stratum and is mathematically equivalent to estimating the average
emission rate for each stratum and scaling that average by the number of sampled facilities.
Emissions are spatially extrapolated to include non-sampled facilities by scaling the temporally
extrapolated total for a strata by the inverse of the fraction sampled in that strata, separately for
each stratum. The uncertainties calculated for this work are based on a bootstrap analysis with
100,000 iterations that accounts only for the uncertainty associated with the emissions sampling
and extrapolation. Measurement uncertainty is not incorporated here because algorithms to
estimate Bridger’s measurement uncertainty had not yet been fully developed at the time of
measurement.>*

Annual Facility Emissions (AFE) = Mean Measured Emission Rate X 8760 Eq. 1

.. N siteSs¢rata
Annual Total Emissions = (AF E X s ) Eq. 2
Zall strata strata N measured sitesseratq q

2.4. CH4 Intensity Calculation
Part of the ambiguity in CH4 intensity stems from how production is defined. Natural gas gross

withdrawals (i.e., produced) are defined by the EIA as the total well-stream volume of produced

natural gas, excluding condensate, whereas marketed natural gas (i.e., marketed) excludes all

12
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natural gas vented, flared, reinjected, or used as fuel on facility.>> Importantly, this means
emissions are included in the numerator and denominator of CH4 intensity when using produced
gas. Note both values still include condensates, liquids, and nonhydrocarbon gases removed from
the gas stream during processing. While neither value is inappropriate, they will result in different
CHs intensities, and therefore any ambiguity in which is used can lead to misinterpretation or
inappropriate comparison of CHs4 intensities. Additionally, production datasets may only provide
one measure of production. We present two commonly used calculation methods in this work,
using both produced and marketed gas for each, for a total of four methods. More thorough

discussions of the various methods are available in recent articles.>3-°

First, we calculate what was termed in Johnson et al.*¢

as a Methane Intensity that represents the
true loss rate (MILr) , as shown in Equation 3. MILr represents the percentage of produced or
marketed natural gas emitted. The initial analysis uses the MILr with produced gas. We assume
the gas composition is 90% CHa, as discussed as a national average in Alvarez et al.® and specific

for the Haynesville Basin in Peischl et al.’>’ based on United States Geological Survey data.

Formally,

CH4 EmissionSyoiume

MILR =

Eq.3

CH,4 content of natural gasypiume

The Oil and Gas Climate Initiative (OGCI) defines a second common CHj4 intensity, which is
used by many operators targeting the 0.2% CHs intensity goal stated in OGMP 2.0.>* According
to the OGCI framework,** this CHs intensity is defined as shown in Equation 4, which was termed
in Johnson et al.*® as a Methane to Whole Gas Ratio (MGRwg). We calculate MGRwg for

secondary analyses,

CH4 EMisSionSygiume

natural gasyoume

13
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All relevant conversion factors and example calculations are provided in SI Section S3. There
are several additional CHy intensity calculation methods not shown here that have been discussed
in recent research, some of which can be easily interconverted between, while others represent
distinct quantities.>**® While no method is incorrect, they are not all directly comparable and may
appear more favorable in different conditions. As discussed in Seymour et al.,>* the MGRwg for a
basin with natural gas that is 50% CH4 would be half as much as it would be if the denominator
were the methane content rather than whole gas, making it difficult to compare across basins. As
recommended by some reporting programs like the Natural Gas Sustainability Initiative,'® we also
account for mixed O&G production when calculating the CH4 intensity. This involves weighting
emissions by the fraction of total energy produced from natural gas. As the Haynesville Basin is a
dry gas basin, this is a minimal adjustment. According to Enverus production data, only 0.86%
and 0.02% of energy produced in the Haynesville Basin comes from oil for the EIA-based and
Enverus basin definitions, respectively, though this type of correction can have a significant impact

for production regions with both oil and natural gas production.

3. Results and Discussion

3.1. Emission Inventory and Intensity
For the initial analysis, the comprehensive emissions inventory estimate for the Haynesville

Basin is 760 [610, 940] Gg/year (95% confidence interval). Imputed emission rates below the
Bridger full detection limit account for 0.3% of this total. This fraction is smaller than estimates
from studies that scale facility emissions to basin emissions using similar methods, but this may

1.48

be due to the large variability across basins. Thorpe et al.” estimated imputed emissions of 5% in

the Permian Basin and 15% in the Eagle Ford Basin using Bridger data, while Sherwin et al.’’

estimated imputed emissions from 5% to over 85% across multiple basins with an instrument

14
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focused on larger emissions than that used in this work (i.e., a system that would have more
imputed emissions).

We provide the average emissions per stratum and the fraction of the basin's total emissions from
each stratum in SI Section S2. Bridger detected emissions on 34% of their scans across all facilities
and the average emission rate at facilities with emissions was 28 kg/h. As has been reported
previously, we see an increase in emissions with increasing production.**>!® The average
estimated emissions and the fraction of basin-total emissions for each stratum in this study also
show good agreement with Williams et al.*® and Chen et al.%

Recent research has shown evidence of diurnal and seasonal patterns in emissions from oil and
gas production.®!"®* If these findings are representative of the sector then common assumptions
used when extrapolating measurement data will need to be reconsidered as the understanding
progresses for the entire field. More frequent measurements can be used to capture this seasonal
cycle in emissions so it could be accounted for directly when extrapolating, once the data and
understanding advance for the field. This could be done at the facility scale or using regional
satellite estimates of the seasonal cycle for incorporation into extrapolation methods.%!%> Point
sensor network or tall tower regional measurements of diurnal patterns could similarly be
incorporated.®* Additional data on the persistence of these patterns over time and how they may
vary regionally or across asset types (e.g., upstream as opposed to midstream) is suggested for
future research.

Our Haynesville Basin estimate, as well as those from previous studies that have focused on the
Haynesville Basin for comparison, are provided in Figure 2. This production data is from Enverus,
though the exact spatial extent may vary between studies as values provided in the literature are

used. This study’s emissions inventory is higher than previously reported values, though within

15
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1‘64

uncertainties. Importantly, all estimates in Figure 2, other than those from Shen et al.”, represent

1.5 showed that basin total emissions estimates from the

snapshot measurements. Schwietzke et a
Fayetteville Basin varied by over 20% on consecutive flight days, demonstrating the potential
variability in emission estimates over time. The Haynesville Basin has generally increased
production over time as shown in Figure 2B and research has often shown a weak positive

correlation between production and emissions.>>%37:48:30

16
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methods. See SI Table S9 for details concerning these studies.
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CHg; intensity is a more useful metric than emissions for comparing across regions, basins, and
years because it normalizes by production and can account for co-produced oil.>*3¢ Figure 2C
shows that while this work estimates a higher CH4 emission inventory than most previous works,

the MILr of 0.79% [0.63%, 0.98%] is in line with previous estimates. Note that some of the

56,57,68

presented values were calculated for a measured subset of the Haynesville Basin (> 85%),

and researchers have shown that MILr can vary significantly at the sub-basin scale.?”:
Figure 3 provides relevant estimates of MILr from the literature across basins. As researchers

generally find that more productive and drier basins have lower MIpg,’%!¢

we only compare the
estimates from this study to reported values from similar dry gas basins and national estimates.
We present only studies that include clear details of the MILr calculation, including production
data, to ensure an appropriate comparison. These values are provided solely as context for the
Haynesville Basin MI_r estimate presented in this work, as previous works have more thoroughly

compared estimates across basins.>37->7-3.70
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Figure 3. Reported MILr values across studies using a variety of emissions estimation methods
for the U.S.*79864 and for U.S. dry gas basins, including the Barnett,®”-3>3757:64 Fayetteville,*®646°

7:56.57.64.66-68 and Marcellus.”>76467.7972 Some studies focused on only northeastern

Haynesville,
(NE) or southwestern (SW) Pennsylvania (PA), given the large extent of the Marcellus Basin.
Studies grouped together in grey backgrounds are based on the same measurement data using

different methods. The CH4 composition used across studies ranges from 80% to 97%. See SI

Table S9 for details concerning these studies.

3.2. Impact of Methodological Variations
Methodological choices for estimating emissions and emissions intensity can have notable

impacts on the resulting estimates, as demonstrated in this section. The sampling method for this
study used Bridger facility count estimates and the EIA-based definition of the Haynesville Basin.
The initial analysis was performed utilizing this information. The secondary analyses presented in
this section illustrate the impact some methodological choices can have on analysis results. Note

that the comparisons we make in this section are used to illustrate how methodological choices
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affect the resulting emissions intensities derived from the same underlying measurement data but
would be inappropriate in practice. These comparisons illustrate the risks associated with
disregarding, or not transparently disclosing, the methods with a reported CH4 intensity, making it
difficult to avoid such inappropriate comparisons over time or across basins.

Table 2 presents the results from all variations mentioned in Section 2. The most notable
discrepancy is between the Enverus and EIA-based definitions of the Haynesville Basin. As
described in Section 2.1, the EIA-based definition is an 18-county outline, while Enverus assigns
the basin for all wells using a combination of Enverus-defined shapefiles and the likely geological
formation.

Table 2. CH4 emissions, natural gas production, and CHs intensity across variations considered.

The initial analysis is in bold font.

Basin Definition EIA-based Enverus
Facility Population Data Bridger” Enverus Enverus
.. 760 700 430
CHy emissions (Gg/year) [610, 940] [560, 860] [350, 520]
Enverus produced gas (BCF/d) 14.45 14.45 13.45
EIA marketed gas (BCF/d) 12.35 12.35 NAS
0.79 0.73 0.49
Ml from produced gas [0.63, 0.98] [0.59, 0.90] [0.39, 0.59]
0.71 0.66 0.44
MGRwg from produced gas [0.57, 0.85] [0.53, 0.81] [0.35, 0.53]
MIr from marketed gas [0 7(‘)"913 0 [0 6%'815 05] NAS
MGRwg from marketed gas [0 6(;'8]3 03] [0 6%7(3 95] NA$S

*Bridger population counts were only provided based on the EIA-based definition of the basin
SEIA marketed production is only available for the EIA-based definition of the basin
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First, we can consider the last two columns, which both use Enverus facility population data,
differing only in the definition of the basin. This changes the emissions, as the population used to
extrapolate emissions and the breakdown by strata change, as detailed in SI Table S2. As it includes
far fewer facilities, the emission inventory based on the Enverus definition of the Haynesville
Basin is 39% smaller than that based on the EIA-based definition. However, as the number of high
and standard producing wells is reduced far less than that of marginal wells, the total production
is only reduced by 7%. As such, the MIyr is 34% smaller than what was reported when using the
same Enverus facility population data, but the EIA-based definition of the Haynesville Basin. This
stresses the significant impact of spatial scope for CH4 intensity, as has been noted in some recent
literature.3””> While both approaches might be used to characterize emissions, the estimates
represent somewhat different areas and sets of facilities. Without careful qualification, both spatial
extents could reasonably be referred to as the Haynesville Basin, despite their differences.

Secondly, we can compare the first two data columns, which both rely on the EIA-based basin
definition but different facility population data. Switching from Bridger to Enverus facility
population data results in an ~8% reduction in calculated emissions and MILr compared to the
initial analysis. This has a much smaller impact than changing basin definition as changing the
population data reduces the well site counts by ~23% while changing the basin definition reduces
the well site counts by ~70%. Additionally, when changing population data, some strata counts
increase while others decrease. Changing the basin definition causes all strata counts to decrease,
particularly marginal producing well sites. Table S2 in the SI provides all population count
estimates. It is important to note that we are using the same population data for non-production
strata across all variations, given Enverus only provides well counts. Therefore, the difference

between the emission estimates and MIrr is solely due to changes in production facility counts.
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We can consider this an uncertainty estimate in the underlying facility population data, though
additional datasets exist that may differ from both of those used here (e.g., operator records, state
datasets).

Thirdly, we can see the impact of using produced or marketed natural gas. The MIrr from the
initial analysis is 0.79 [0.63, 0.98] % and the MILr marketed for the same column is 0.93 [0.74,
1.11] %, a 17% increase. This difference is due to the annual produced natural gas metric from
Enverus (14.45 BCF/day) being 17% larger than the EIA marketed amount (12.35 BCF/day).
However, the difference between these is variable over time and across basins. Looking at June
2013, the timeframe of Peischl et al.,’® gross withdrawals in the Haynesville Basin according to
Enverus*' (7.4 BCF/day) and EIA*® (7.9 BCF/day) were about 48% larger than marketed natural
gas, according to the EIA* (5.2 BCF/day). This changes their MI g from 1.26 [0.35, 2.18] using
produced gas to 1.87 [0.52, 3.23] % using marketed.

Lastly, we can see the impact of accounting for the gas composition by comparing MIir to
MGRweg. The initial analysis resulted in a MILr of 0.79 [0.63, 0.98] % as compared to an MGRwg
for the same column of 0.71 [0.57, 0.85] %, a 10% reduction. MIyr is calculated using the lower
volume of methane produced rather than the volume of natural gas produced. For the Haynesville,
we use a composition of 90% CHa,>%7 but it is important to stress that this composition can also

1.>7 showed that the CH,4 content of the natural gas

vary regionally and over time. Peischl et a
produced in six regions ranged from 47% to 90% based on previously published literature and
United States Geological Survey data. As discussed in Seymour et al.,>® this means there are

regions with a 50% CH4 composition that would see a 50% reduction in the estimated CH4 intensity

due solely to this effect.
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3.3. Implications
This study highlights important decision points that can influence a calculated CH4 intensity.

The selection of statistical extrapolation methods for estimating annual basin-scale emissions from
snapshots was discussed in previous work.>® Therefore, we focus on the definition of the basin, the
source of population infrastructure information, and the method used to calculate the denominator
of the intensity. While it is not always clear how to define each of these CH4 intensity calculation
inputs, each of them has the potential to meaningfully impact the result. For example, in this study,
changing the basin definition led to a large change in CH4 intensity, whereas uncertainty in the
facility population had a small impact. The combined impacts of methodological changes
considered in this work changed the estimated CH4 intensity from 0.93% for the MILr using
marketed gas with Bridger data for the EIA basin definition to 0.44% for the MGRwg using
produced gas with Enverus data for the Enverus basin definition. We have also provided examples
to discuss that many of the methodological decisions varied in this work can result in more
substantial differences than seen here. Though some of these methodological decisions have been
discussed individually in other works, this is the first study examining the combined effect these
inputs can have at the basin scale.

Critically, none of these differences make a value incorrect, but each CH4 intensity represents
something slightly different and is therefore not directly comparable, despite the fact that each CH4
intensity in Table 2 can reasonably be described as a Haynesville Basin CH4 intensity estimate.
Appropriately considering this is critical both for benchmarking an operator’s intensity within a
basin relative to the basin as a whole and to making meaningful comparisons of results across
basins or time. Ultimately, this work highlights some of the complexities that need to be
considered in incentives and regulations based on CH4 intensity, such as those suggested by the

EU.18
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There is no clear justification for recommending specific methodological choices from this work.
The impact these choices have on the calculated CH4 intensity emphasizes the importance of more
transparency and methodological detail whenever discussing a CH4 intensity. As each entity (e.g.,
operator, regulator, researcher) that calculates a methane intensity may have different goals and
limitations (e.g., lack of access to commercial databases), we do not believe a single pathway is
necessarily the best approach to addressing this concern. To ensure the repeatability,
comparability, and value of the CH4 intensity metric, we recommend transparently providing
methodological detail. We provide a list of key information necessary to properly understand,
compare, and calculate a CH4 intensity in Table 3. This builds on recent work that walked through
the process of reconciling divergent emission and CHy intensity estimates between two O&G
studies.” They detailed the impact of differences in instrumentation, measurement, and processing
methods. Additional recent works have also discussed the importance of providing the details
underlying the CHy intensity calculation method, stressing such information can enable conversion
from one method to another for some cases and certain calculation methods.>**® Our
recommendation is that information listed in Table 3 should always be clearly provided when
presenting a CHy intensity estimate. This information can also be incorporated into voluntary
reporting frameworks and regulations that would use CHs intensity to compare across
operators/basins. If these details are provided, then CHy intensities can be better understood such
that any methodological differences can be accounted for as much as possible to improve the

comparability and value of the CHs intensity metric.
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Table 3. Aspects of a CHs intensity calculation that must be provided to ensure transparency,

repeatability, and comparability.

Attribute

Description

Time period

Temporal boundary for emissions and production (e.g.,
annual)

Spatial scope

Spatial boundary for emissions and production

Facilities or natural gas industry segment (i.e., upstream,
midstream) covered

Data sources

Datasets used for production and, if used, facility
population (e.g., EIA, Enverus)

CH, intensity calculation method

The production with clear units

The estimated emissions with clear units

The method used to account for oil, if applied

The type of production data (i.e., produced, marketed)

Equation used with clear units (e.g., natural gas, CHy
content of natural gas, Joules)

Any other relevant variables used in the calculation
(CHj4 fraction, CH4 density, heating values, etc.)

Emissions measurement technology and estimation
method

Relevant methods used to estimate emissions inventory
from measurements (e.g., extrapolation methods used to
scale facility measurements to basin total)

Relevant instrument performance metrics such as POD

Measurement/survey approach

Notes

The authors declare no competing financial interest.
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A full list of the counties used to define the Haynesville Basin using the EIA-based definition
(Table S1); Population data for the Haynesville Basin across variations considered (Table S2);
Probabilities used to impute emissions for marginal, standard, and high production facilities
(Tables S3 — S5); Average emissions by strata (Table S6); Proportion of basin total emissions from
each strata (Table S7); Oil and gas production for both basin definitions (Table S8); Details of the
literature referenced in Figures 2 and 3 (Table S9); Detailed description of the extrapolation
method used to account for undetected emissions (Text S1); Emissions by strata and comparison
to literature (Text S2); Detailed description of how CHjs intensity is calculated, including examples

(Text S3); Probability distribution functions used to impute emissions (Figure S1 — S3) (PDF).

Anonymized data and processing code wused in this work is available at
(https://github.com/yroell-gti/haynesvillebasin_mii_extrapolations).
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Supporting Information
Table S1. List of all counties in the EIA-based definition of the Haynesville Basin.

BIENVILLE, LA 7 SABINE, LA 13 | NACOGDOCHES, TX
BOSSIER, LA 8 WEBSTER, LA 14 PANOLA, TX
CADDO, LA 9 ANGELINA, TX 15 RUSK, TX
DE SOTO, LA 10 GREGG, TX 16 SABINE, TX
NATCHITOCHES, LA | 11 HARRISON, TX 17 | SAN AUGUSTINE, TX
RED RIVER, LA 12 MARION, TX 18 SHELBY, TX
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Table S2. Population counts across production strata for both the EIA-based and Haynesville

definition of the Haynesville Basin using the Enverus and Bridger population data. Bridger

population estimates were not provided for the Enverus definition of the Haynesville Basin.

Enverus data includes only production sites. Given this, Bridger population counts were used for

other strata even when using Enverus activity data.

Survey | Bridger Population | Enverus Population [Enverus Population
Stratum Facility | Count (EIA-based | Count (EIA-based | Count (Enverus
Counts domain) domain) domain)
Marginal
Producing Well 1,090 22,834 14,449 1,375
Sites
Standard
Producing Well 275 4,317 5,471 3,136
Sites
High Producing
Well Sites 289 1,250 2,045 1,974
(Compressor 176 274 NA NA
Stations
Gas Processing 131 168 NA NA
Plants
Non-Producing 218 1,476 NA NA
INo Equipment 204 NA NA NA
TOTAL 1,654 30,319 21,965 6,485
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S1. Accounting for Emissions Below the Full Detection Limit
Our measurement-based methane emissions inventory for the Haynesville Basin was developed

using two sources of methane emissions data: measurements collected by Bridger as described in
main text Section 2.2, and upstream facility emissions from Omara et al.!> Omara et al. synthesized
methane emissions measurements from multiple studies focused on onshore, U.S. natural gas
production sites. The aggregated studies used ground-based measurements to estimate methane
emissions across multiple natural gas-producing basins. The ground-based measurements are from
highly sensitive technologies that enable quantification of emission rates as small as 0.06 kg/hr
and include Hi-Flow, downwind tracer flux, and downwind methane plume modeling.® Thus, we
expect these data contain a greater proportion of small emission rates than collected during the
Bridger aerial survey. For this analysis, we assume the Omara emissions data are the “truth” and
that no emissions below Bridger’s full detection limit for this specific campaign were undetected.

The Omara emissions data were filtered to include only measurements from basins with
characteristics like the Haynesville Basin (e.g., dry gas). Based on feedback from our operator
partners, measurements from the Marcellus, Fayetteville, and Barnett basins were kept for our

analysis. This filtering resulted in 1,163 facility-level emissions measurements.

S1.1 Calculating the probabilities of a non-detect and a non-zero emission
Before conducting spatial and temporal extrapolations, we first finalized the emissions dataset

to be used. This required imputing small emissions from the Omara et al. data to replace some
non-detects in the Bridger data. A “non-detect” is any case where Bridger measured zero
emissions. The initial step in this process was to infer Bridger’s full detection limit specific to this
campaign. We define the full detection limit as the emission rate at which Bridger’s probability of

detection (POD) curve indicates a 99% probability of detection, given the average wind speed and
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raster gas concentration noise (GCN) during the campaign. For the 2024 survey, this threshold was
calculated to be 1.6 kg/hr. Accordingly, we assumed that any emission above this threshold was
detected, and any imputed emission must be less than or equal to 1.6 kg/hr. Note that the Bridger
POD model was developed for source-level estimates, and using it at the facility level as done here
assumes facilities have no sources or only one source. 46% of emitting facilities had only one
source.

We assumed that some non-detects from the Bridger aerial campaign represented emissions
below the full detection limit, while others were truly non-emitting sites. To estimate the
proportion of each, we used relative distributions from the Omara et al. data. Specifically, we
applied these proportions to the basin-level aerial data to distinguish between non-emitting
facilities and those with emissions below the 1.6 kg/hr threshold. We use Table S3 focused on
marginal-producing sites as an example, but the process is also applied to standard- and high-
producing sites, shown in Tables S4 and S5, respectively.

In Tables S3-S5, we categorize facilities into four groups: (1) non-emitting, (2) 0-1.6 kg/hr
(undetected), (3) 0-1.6 kg/hr (detected), and (4) >1.6 kg/hr (detected). For the Omara et al. data,
we know the fractions of facilities that are non-emitting, have detected emissions between 0 and
1.6 kg/hr, and have detected emissions greater than 1.6 kg/hr. Since we assume that all emissions
in the 0-1.6 kg/hr range are detected in the Omara et al. data, there is no category for undetected
emissions in that range.

For marginal-producing facilities in the Omara et al. data, the distribution is as follows: 19% are
non-emitting, 45% have detected emissions between 0 and 1.6 kg/hr, and 36% have detected
emissions >1.6 kg/hr. In contrast, the Bridger aerial data provides the following distribution for

marginal-producing facilities: 75% are either non-emitting or have undetected emissions below
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1.6 kg/hr, 11% have detected emissions between 0 and 1.6 kg/hr, and 14% have detected emissions
>1.6 kg/hr.

To align the ratio of facilities with emissions between 0 and 1.6 kg/hr (detected or undetected)
to those with emissions greater than 1.6 kg/hr between the two datasets, we apply a scaling factor.
Specifically, we multiply the 14% of Bridger facilities with >1.6 kg/hr emissions by the ratio of
45% to 36% from the Omara et al. data. This yields an adjusted estimate of 17.5% of Bridger data
facilities with emissions between 0 and 1.6 kg/hr (detected or undetected). Subtracting the known
11% with detected emissions in this range gives 6.5% as the estimated proportion with undetected
emissions. Finally, subtracting this 6.5% from the combined 75% of non-emitting and undetected
facilities yields an estimated 68.5% of facilities that are truly non-emitting in the Bridger data.

The estimated probabilities that a non-detect corresponds to either a truly non-emitting facility
or one with non-zero emissions below 1.6 kg/hr are derived from the proportions calculated earlier.
For marginal-producing facilities, the probability that a non-detect is truly non-emitting is 0.91.
This is calculated by dividing the estimated proportion of non-emitting facilities (68.5%) by the
total proportion of facilities that are either non-emitting or have undetected emissions below 1.6
kg/hr (75%). Consequently, the probability that a non-detect is a facility with non-zero emissions
below 1.6 kg/hr is 0.09 (i.e., 1 — 0.91). This same approach is applied to standard- and high-
producing facilities. It is important to note that this approach was not used for the compressor
station and gas processing plant strata due to differences in emissions characteristics between
midstream and upstream facilities. The proportion of facilities in these two strata with emissions
greater than the 1.6 kg/hr threshold was so large that the method outlined above failed, resulting

in a negative proportion of emissions allocated to non-emitting facilities. This suggests the
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emission distribution of the Omara et al. production site dataset differs too significantly from our

measured emissions distribution from these sites.

S1.2 Using Bayes’ Theorem to impute non-zero emissions
Having estimated the probabilities of a non-detect corresponding to a truly non-emitting facility

(p=0.91) or a non-zero emission below 1.6 kg/hr (p = 0.09), the next step is to impute the missing
emission rates. For this we leverage Bayes’ Theorem, listed in Equation S1, which allows us to
calculate the probability distribution of emission rates given no emissions were detected. The prior
distribution, denoted P(emission rate), is derived from a parametric fit to the Omara et al. data.
This prior distribution is multiplied by the likelihood of a non-detection as a function of the
emission rate, based on Bridger’s POD and is denoted P(non-detect | emission rate). The resulting
normalized posterior distribution, denoted P(emission rate | non-detect), is the conditional
distribution of emission rates given it was a non-detect. Equation S1 specifies this conditional
distribution, assuming a finite set of possible emission rates below the full detection limit for
simplicity. We sample from this posterior distribution to impute emission rates for non-detects.
Here we are using the Bridger POD model for facility-level when it is designed for the facility-
level. Doing so assumes that facilities have no more than one source, which was only true for 46%
of emitting facilities in this dataset.

If a non-zero emission rate in the range (0, 1.6) is to be generated, the specific value is assigned
according to a probability function which is the convolution of two elements: Bridger’s probability
of non-detection function, defined as one minus Bridger’s POD function,* and a parametric
probability function fit to the Omara et al.!> emissions data within the range of 0 to 1.6 kg/hr. The
first component gives a higher probability that non-detections are smaller emissions since these
are more likely to be missed in an aerial survey and the second component represents the expected

emission distribution for those less than 1.6 kg/hr, reflecting the frequency at which emissions of
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various sizes are seen on production sites. Aligning with Bayes’ Theorem, we multiplied Bridger’s
probability of non-detection function by the parametric probability density function fit to the
Omara et al. data, then normalized. All functions were defined in the range from 0.01 kg/h to 1.6
kg/h in 0.01 kg/h increments. The final probability function is plotted in SI Figure S3.

The imputation process is quite simple once all of the necessary probabilities and probability
functions are computed. For each marginal-producing non-detect, the process begins with a binary
determination of the emission rate: there is a 91% probability that the assigned rate will be 0 kg/h,
and a 9% probability that a non-zero rate will be assigned. If a non-zero rate is selected, a value is
then sampled from the pre-defined probability function described above, where possible values
range from 0.01 kg/h to 1.6 kg/h in 0.01 kg/h increments, each weighted according to the given
probability distribution. Each facility non-detection is generated independently, ensuring that

outcomes for one facility do not affect future emission rate assignments.

P(non—detect|emission|)P(emission)
P(non—detect)

P(emission | non — detect|) = Eq. S1

Table S3. Table providing estimated fraction of marginal-producing facilities in different

emissions rate categories for the Omara and basin-level aerial data.

Omara Basin-Level Aerial Data
Non-emitting 26.6% 75.0% 64.7%**
0 - 1.6 kg/h (undetected) N/A ) 10.3%*
0 - 1.6 kg/h (detected) 44.5% 11.1%
>1.6 kg/h (detected) 28.9% 13.9%

*10.3% = 13.9% * (44.5% / 28.9%) - 11.1%; ** 64.7% = 75.0% - 10.3%
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Table S4. Table providing estimated fraction of standard-producing facilities in different

emissions rate categories for the Omara and basin-level aerial data.

Omara Basin-Level Aerial Data
Non-emitting 15.3% 67.3% 40.5%**
0 - 1.6 kg/h (undetected) N/A ) 26.8%*
0-1.6 kg/h (detected) 54.4% 11.4%
>1.6 kg/h (detected) 30.3% 21.3%

*26.8% =21.3% * (54.4% / 30.3%) - 11.4%; ** 40.5% = 67.3% - 26.8%

Table S5. Table providing estimated fraction of high-producing facilities in different emissions

rate categories for the Omara and basin-level aerial data.

Omara Basin-Level Aerial Data
Non-emitting 19.3% 40.2% 22.5%**
0 - 1.6 kg/h (undetected) N/A ' 17.7%*
0- 1.6 kg/h (detected) 35.8% 16.7%
>1.6 kg/h (detected) 44.9% 43.1%

*17.7% = 43.1% * (35.8% / 44.9%) - 16.7%; ** 22.5% = 40.2% - 17.7%

1.00

0.751

0.501

0.251

Probability of Non-Detection

0.001

0.0 0.5 1.0 15
Emission Rate (kg/hr)

Figure S1: Bridger's probability of non-detection, computed as one minus the probability of
detection. The Bridger POD model was developed for source level estimates and using it at the
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891 facility level as done here assumes facilities have no sources or only one source, which was the
892  case for 46% of emitting facilities.

893

r
1

Probability Density

0.0 0.5 10 15
894 Emission Rate (kg/hr)

895  Figure S2: A parametric probability density function (PDF) (red line) fit to the Omara et al.
896  emissions data < 1.6 kg/h (blue histogram).

897
0.04-
0.03
)
E
1]
8 0.02-
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0.0 0.5 10 15
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899  Figure S3. Probability function derived from Bridger’s POD and a parametric fit to the Omara et

900 al. data.

42



901

This is a non-peer reviewed preprint submitted to EarthArXiv.

43



902
903

904

905

906

907

908

909

910

911

912

913

914

915

916

917

This is a non-peer reviewed preprint submitted to EarthArXiv.

S2. Emissions by Facility Type

Table S6 presents the average emissions by strata. The average emissions for most strata
calculated in this study also agree well with Williams et al.,> who simulated national emissions
using a large suite of previously published facility-level measurement data. The most significant
difference is that the average emission rate from gas processing plants measured in this study is
considerably lower.

Table S6. Average emissions by strata including zeros for this and previous works in kg/h.

Stratum This work Williams et al.®

Production-standard and high 38 33

(> 15 BOED) [2.5,5.6] [2.9,3.8]
Production-marginal 13 13

(0— 15 BOED) (1.0, 1.8] [1.2,1.5]
Compressor stations 3 2'52?';‘2.1] [ 475,260]
Gas processing plants [50.76? '929.3] [1 1;??83]
Other [2.2?'15 6.9] NA

We also see general agreement with previous works regarding the relative contribution of
different strata to the basin inventory, as presented in Table S7. Table S7 shows the fraction of
facilities in each stratum for the region being considered, as different basins may have a different
mix of facility types. Chen et al.” used similar aerial surveys to measure emissions from the New
Mexican Permian Basin. This work shows a similar fraction of total emissions from production
facilities compared to these previous studies. The fraction of production emissions from marginal
wells in this work (58%) is also in good agreement with Williams et al.® (65%) and Omara et al.’

(54% [37%, 75%]). This means that a large fraction of total emissions from production facilities
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come from marginal wells producing little natural gas. However, Table S6 and Table S7 also show

that such wells have smaller emissions per facility. They represent a large fraction of total

emissions as the overwhelming majority (75%) of production facilities are marginal wells.

Table S7. The fraction of basin-total emissions and basin-total facility counts by strata for this and

previous work. The relative counts provided for this work are based on the Bridger population

counts from Table 1. The percentages of basin-total emissions for this work are based on these

Bridger population counts scaled by mean emission rates from the Bridger measurement campaign.

Stratum This work Chen et al.” Williams et al.®
Measurement year 2024 2018 —-2020 2021
Basin Haynesville New ngwan National
Permian
. . s 24% 24%
Production-non-marginal well facilities (18% of facilities) 520, (18% of facilities)
(57% of
. . o 34% facilities) 44%
Production-marginal well facilities (75% of facilities) (80% of facilities)
17%
0, 0,
Compressor station 16@ .. (12% of 20 A). ..
(1% of facilities) e (1% of facilities)
facilities)
0, 0 o
Gas processing plant 0 14%’. iy 0 2A). . o 8% e
(1% of facilities) (2% of facilities) (< 1% of facilities)
29%
13% 4%
Other 0 e (30% of N .
(5% of facilities) facilities) (< 1% of facilities)
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S3. Methane Intensity Calculation
We use a CHa density of 0.000714 MT /m? at 0°C and 1 atmosphere as listed in the OGCI reporting

framework® to convert between volume and mass of methane emissions. To convert produced
natural gas to CH4 we assume the composition of the gas is 90% CHa, as discussed as a national
average in Alvarez et al.” and specific for the Haynesville Basin in Peischl et al.!®!! based on
United States Geological Survey data. However, it is important to consider that the composition
of natural gas varies significantly regionally and can vary over time so the appropriate value for
the study area should be used.!>!3 Equations S2 — S4 provide the calculations used to convert
emissions and production data to like units for the initial analysis. The MILr marketed would then
be the result of Equation S2 over that of Equation S3 while the MIir produced would be the result
of Equation S2 over that of Equation S4. To calculate the corresponding MGRwg values the 0.9

composition term in Equations S3 and S4 is excluded.

756.9 Gg CH, emissions % 10°g  MT m3

X X = Eq. S2
year Gg 106g  0.000714MT
1.06 x 10°m3 of CH, emitted/year
12.35 marketed natural gas BCF _ 365d _ 10°c 0.028m3 0.9 CH.
= N x 2L X = Eq. S3
d year BCF cf natural gas
1.14 x 10* m3 marketed natural gas/year
14.45 gross withdrawals of natural gas BCF _ 365d __ 10°c 0.028m3 0.9 CH
g ! g x 3654 10 ¢S o X L = Eq. S4

d year BCF cf natural gas

1.33 x 1011 m3 of CH, produced from gross withdrawals/year

Lastly, we use the combined gas and oil production provided by Enverus in thousand cubic feet
equivalent (MCFE) and gas production in MCF to calculate the fraction of energy produced from
gas in the Haynesville Basin. As MCFE is calculated by converting all oil to its energy equivalent

volume of gas, the ratio of gas in MCF to gas and oil in MCFE is equivalent to the ratio of gas in
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950 joules (J) to gas and oil in J. The methane emission estimate, or equivalently the CH4 intensity, is
951  scaled by this gas to oil fraction. These fractions according to Enverus for the Haynesville Basin
952  are provided in Table S8.

953  Table S8. The produced gas, combined oil and gas, and the resulting gas fraction of produced

954  energy for the Haynesville Basin.

EIA-based basin definition | Enverus basin definition
Natural gas (MCF) 5.275x 10° 4910x 10°
Combined (MCFE) 5.321x 10° 4911x 10°
Gas Fraction (%) 99.14 99.98
955
956
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Table S9. Details regarding references used to create Figures 2 and 3.

Publication Meai;ler::nent Method CH4 Content Basin(s) Comments
Bottom up
synthesizing
Alvarez et al.’ 2015 many facility 90 National
level
measurements
Regional
.alrbor.ne Both inversion
nversion balance
Barkley et al.'* 2015 optimizing 95 NE PA and mass ba
. . estimates are
Intensity &
. ; used
regional airborne|
mass balance
Relies on the
same
measurements as
Peischl et al.!”
and Yuan et al.'®
Emissions were
converted to
Cui et al.15 2013 R.e gbional 0 1 subl‘:gé‘]c{irl:gy the
ui et al. airborne 9 Haynesville 1on-0&G
inversion .
emissions
provided in
Peischl et al.'”
and using the
production values
provided in
Alvarez et al.” for
Peischl et al.!”
Regional Using values
Karion et al.!” 2013 airborne mass 89 Barnett provided in
balance Alvarez et al.’
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Bottom u
synthesizillljg Natqral gas
Lyon et al.'® 2013 many facility 89 Barnett distribution
fevel emissions were
measurements removed
While other
basins were
MacKay et Airborne remote wrzfea Seir;i’dglg le
lgy 2023 sensing area 86 Haynesville .
al. measurements the percent of oil
and gas activity
measured was
<90%.
Bottom up
method
synthesizing National,
Omara et al.? 2021 facility level 80 Barnett,
measurements Haynesville,
and detailed Marcellus
infrastructure
data
Relies on the
same
Regional |97 (Fayetteville) Fayettev1‘11e, measuremelréts as
. 10 . . Haynesville, | Yuan et al.”® and
Peischl et al. 2013 airborne mass |90 (Haynesville) . 15
balance 95 (NE PA) NE PA, Cui et al.
W Arkoma | Using the values
provided in
Alvarez et al.’
Haynesville
production values
Bakken, were checked
Regional Barnett, | against Enverus
Peischl et al.!! 2015 airborne mass | o (Bamet) Denver- | to ensure gross
balance 90 (Haynesville)| Julesburg, rather than
Eagle Ford, | marketed values
Haynesville | were used and

they agreed
within 1%
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Table S7 Cont.
Regional
Ren et al.? 2015 airborne mass 88 SW PA
balance
. Regional
SCh“;lle %ke ot 2015 airborne mass 92 Fayetteville
' balance
The intensity was
recalculated
without
accounting for
Schneising et | )51 5g19 | TROPOMI 93 Marcellus | ¢0-Produced ol
al. inversion though this has
little effect given
oil was only ~2%
of all energy
produced
Emissions and
National — production values
including were converted to
Shen et al.?® | 2018 —2020 T.ROPO.MI 90 values for | VLR though this
mversion o may not be an
individual appropriat
basins ppropriate
composition for
some basins
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Sherwin et al.?*

2021

Airborne remote
sensing facility
measurements
extrapolated to
the Basin level

90

Barnett,
Denver-
Julesburg,
Marcellus,
Permian,
San Joaquin,
Uinta

We do not
include the
reported
Marcellus
estimate as the
paper states it did
not sample the
region
comprehensively
enough to
appropriately
scale to a basin
total

Yuan et al.'6

2013

Regional
airborne eddy
covariance

90 (Haynesville)
95 (Marcellus)

Haynesville,
Marcellus

Relies on the
same
measurements as
Peischl et al.'”
and Cui et al.’®
for the
Haynesville.
Emissions were
converted to
Mlir by
subtracting the
non-0&G
emissions
provided in
Peischl et al.!'”
and using the
production values
provided in
Alvarez et al.’ for|
Peischl et al.'”

Williams et al.°

2021

Bottom up
synthesizing
many facility
level
measurements

80

National
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