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Abstract:

Reducing methane emissions from oil and gas systems is a central component of US and
international climate policy. Leak detection and repair (LDAR) programs using optical gas
imaging (OGI) based surveys are routinely used to mitigate fugitive emissions or leaks.
Recently, new technologies and platforms such as planes, drones, and satellites promise more
cost-effective methane mitigation than existing approaches. To be approved for use in LDAR
programs, new technologies must demonstrate equivalent emissions mitigation to existing
approaches. In this work, we use the FEAST modeling tool to (a) identify cost vs. mitigation
trade-offs that arise from the use of new technologies, and (b) provide a framework for effective
design of alternative LDAR programs. We identify several critical insights. First, new
technologies and tiered LDAR programs can achieve equivalent emissions reductions at lower
cost as current OGI-based approaches by varying survey frequency. Second, low median
detection threshold technologies can trade sensitivity for speed without sacrificing mitigation
outcomes. Third, emissions mitigation from technologies with high median detection thresholds
have an effective upper bound independent of the survey frequency. Finally, vented emissions
play a critical role in the cost-effectiveness of tiered detection programs that direct ground crews
based on site-level emissions detection. The FEAST model will enable operators and regulators
to systematically evaluate the role of new technologies in next generation LDAR programs.
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1 Introduction

Methane emissions from petroleum and natural gas systems accounted for 28% of US methane
emissions in 2018, based on the Environmental Protection Agency’s (EPA) greenhouse gas
inventory (GHGI) [1]. Furthermore, several recent studies have shown that official GHGI
estimates likely underestimate methane emissions from natural gas systems [2—6]. Methane is the
primary constituent of natural gas and has a global warming potential 34 times greater than that
of carbon dioxide over 100 years [2]. Therefore, reducing methane emissions from oil and gas
operations is critical to realize GHG emissions benefits from recent coal-to-gas fuel switching in
the power sector [7]-[9]. In addition, addressing methane emissions reduces volatile organic
compounds co-emitted from natural gas production facilities, thereby improving local air quality
[10]. Most importantly, minimizing methane leakage is necessary to achieve long-term climate
targets. Gas production continues through 2040 in all pathways considered by the
Intergovernmental Panel on Climate Change (IPCC) Special Report on global warming of 1.5°C,
and persists at greater than 20% of the 2010 production rate in 75% of pathways [11], [12].
Regardless of whether the combustion emissions associated with this production can be
mitigated by carbon capture and storage, eliminating upstream methane emissions is necessary to
avoid the most severe effects of climate change.

State and federal governments throughout North America have enacted regulations in recent
years to address methane emissions from oil and gas activity. California, Colorado, Pennsylvania
and several other states now require periodic leak detection and repair (LDAR) programs at
upstream and midstream facilities to find and fix leaks [11-15]. Separately, some oil and gas
companies have also implemented voluntary LDAR programs to reduce methane leakage from
their operations [18]. The most common technologies approved by regulators and used in these
LDAR programs include EPA’s Method-21 and optical gas imaging (OGI) based infrared
cameras. Recent field work has shown that these OGI-based LDAR surveys have been effective
in reducing emissions over several years [18]. Despite this success, there are challenges in
scaling OGl-based LDAR to achieve rapid emission detection across vast geographic and
temporal scales.

OGlI surveys require an operator to manually inspect every potential leak source. Existing LDAR
requirements typically specify one to four OGI surveys per year. The efficacy of these programs
is limited by the probability that large unintended emissions (referred to as fugitive emissions or
leaks) will persist for many months before detection. Ensuring that large emitters are quickly
found and addressed therefore requires frequent LDAR surveys. However, frequent OGI-based
LDAR surveys across thousands of sites quickly become logistically challenging and cost
prohibitive.

Recently, several companies have developed novel approaches to methane leak detection that
address the survey frequency limitation of OGI surveys [19]. Based on publicly available
information, we can define three broad classes of new detection methods:
1. Novel component or equipment-level survey methods: OGI and EPA Method 21 surveys
inspect every component and identify the source of emissions as part of the inspection.
Drone- and some truck- and plane-based platforms provide similar specificity at
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potentially higher survey speed and lower cost. Technologies in this class were tested
during the Stanford/EDF mobile monitoring challenge [19].

2. Site level screening methods: Rapid site-level screening may be used to identify high
emitting sites that warrant component-level secondary follow up surveys. Site-level
screening techniques were also tested in the mobile monitoring challenge and deployed in
numerous academic studies [19], [20].

3. Continuous monitoring methods: Sensors are permanently installed in proximity to oil
and gas sites and trigger follow up surveys when they detect an anomalous emission.

Like site-level screening programs, continuous monitors allow rapid detection of large
emissions while reducing the number of components that must be inspected directly.

Regulators and operators require a method for comparing the emissions reduction effectiveness
of LDAR programs using continuous monitoring and site- or equipment-level screening methods
to that of conventional LDAR programs. For example, Colorado’s methane regulations require
periodic leak detection surveys using a handheld OGI camera or an equivalent technique [21].
However, the method for determining whether a technique is equivalent is not specified. This is
referred to as ‘technology equivalence’.

A recent framework on technology equivalence developed jointly by scientists, industry experts,
and regulators emphasizes the role of models in comparing the performance of different
technologies and methods [22]. These models help evaluate new LDAR programs without the
need for expensive, time-consuming, and concurrent field-trials with new technologies.

In this work, we explore the equivalence of novel LDAR programs to conventional OGI-based
LDAR programs, demonstrate a model-based equivalence analysis, and provide
recommendations for cost-effective emissions mitigation policies. We examine the trade-offs in
survey speed, spatial resolution, and emissions mitigation between site-level and component-
level surveys using the Fugitive Emissions Abatement Simulation Toolkit (FEAST) [23]. FEAST
represents dynamic emissions from a gas field through time and models the emissions mitigation
resulting from LDAR programs. The results demonstrate that a higher frequency site level
screening survey coupled with a component level survey for repair may result in greater emission
reductions than a lower frequency component level survey without increasing costs. Critically,
we show that there is no one-size-fits-all approach to technology choice: emissions mitigation is
strongly affected by survey frequency, leak occurrence rates, and emissions size distribution. Our
approach illustrates how FEAST can provide the modelling framework required to evaluate
equivalency between disparate LDAR programs [22]. All model code and associated
documentation is made publicly available as part of this publication for use by scientists,
operators, and regulatory agencies.

2 Methods

FEAST combines a stochastic model of methane emissions at upstream oil and gas facilities with
a model of leak detection and repair (LDAR) programs to estimate the efficacy and cost of
LDAR programs [23]. All simulation settings used in this work are further documented in the
supporting information (SI sections S2 and S3). A detailed description of the underlying model
construction can be found in [24].
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2.1 Facility Descriptions — Activity Factors

Effective representation of methane emissions from upstream facilities requires both activity
factors and emission characteristics corresponding to specific oil and gas basins. In this work, we
use publicly available data from the U.S. EPA Greenhouse Gas Reporting Program (GHGRP)
and the Colorado Oil and Gas Conservation Commission (COGCC) to create an activity model
representative of sites in the Denver-Julesburg (DJ) basin [24-25]. On average, there are 1.9
wells per site in the DJ-basin, with a range between 1 and 51 wells per site. Activity data for this
work also include component counts and frequency of unloading events (SI section S2).

2.2 Emissions Descriptions — Emissions Factors

FEAST simulates vents and fugitive emissions. Vents are emissions that occur by design, such as
emissions from gas-driven pneumatic devices, and pressure-release valves. We also model liquid
unloading events. For this work, unloading events are represented based on the total number of
events and emissions reported to the GHGRP [25], while all other vents are approximated by
drawing emission rates from an empirical distribution of observed emissions.

The fugitive emission model is characterized by an empirical emissions distribution and a leak
production rate. FEAST simulates new leaks as independent random events in a Poisson process.
The leak production rate is estimated based on the number of emissions found in repeated
surveys of production equipment including tanks, pneumatics, and fugitive equipment under
Colorado’s OGI survey regulations [16], [27]. The empirical emission dataset is compiled from
component level emission measurements from five recent publicly available studies [18], [28]—
[31]. The studies included here did not distinguish between vents and leaks. In this work we
assume that 46% of emissions simulated from the dataset are vents (see Sl section S4.4 for
additional detail). LDAR programs do not affect vented emissions in the simulation, but vents
can cause site level surveys to trigger follow up actions at sites without significant fugitive
emissions. The emission rate for each emission is drawn with replacement from the dataset. This
approach is preferred compared to standard EPA emission factors approach because of the
importance of super-emitters and skewed emissions distributions on the mitigation outcomes of
LDAR programs. Additional information describing the data is available in Sl section S2.

Several prior studies have demonstrated the highly skewed nature of methane emissions, with the
top 5% of sites contributing to between 20% and 70% of total emissions depending on the
geologic basin surveyed [35]-[38]. In a sensitivity analysis, we use a parametric emission size
distribution to vary the contribution of the largest emitters to total emissions to understand how
variability between basins will affect mitigation outcomes. The parametric distribution was
defined such that emissions from the 80" percentile and larger were drawn from a power law
distribution rather than the empirical distribution. The exponent characterizing the power law
was then adjusted to achieve a range of skews in the emissions distribution as observed in field
campaigns throughout North America. The parameterization maintains the median emission rate
while exploring the range of equivalency conditions under different emission distributions.

2.3. Model Simulation:

Every FEAST run simulates undirected inspection and maintenance (UDIM) activities in
addition to LDAR programs.. The UDIM model represents typical maintenance activities
undertaken by operators. The UDIM model causes the total number of emissions to equilibrate
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over time in the absence of an LDAR program as UDIM repairs offset the occurrence of new
fugitive emissions. The LDAR models simulate regulatory LDAR surveys that occur in addition
to UDIM activities. Comparing emissions in a UDIM-only scenario to an LDAR program helps
calibrate the model by comparing model derived emissions reduction from OGl-based LDAR
surveys to recent field data and regulatory models [18], [21]. The sensitivity of results to
variations in the assumed UDIM repair rate are explored in Sl section S4.

2.4. LDAR Programs:

In this study, we simulate two types of LDAR programs: component-level detection programs
and tiered detection programs. Component level detection programs evaluate every component
for emissions independently and identify the source of emissions at the time of detection. Tiered
detection methods take a hybrid approach to leak detection: an initial survey to perform site-level
screening, followed by a second component-level survey to identify components for repair at
high-emitting sites.

2.4.1. Component-level survey:

OGI camera surveys are an example of a component level survey. Different component level
survey methods are distinguished by their probability of detection (PoD) curves, survey speed,
and cost as shown in Table 1. The median detection limit is defined as the leak size at which the
probability of detection is 50%. Several recent empirical, peer-reviewed performance assessment
studies are used to parameterize and validate the PoD curves [19], [27], [32]. Leaks detected by a
component level survey are immediately passed to the repair process which eliminates the leak
one day later.

2.4.2. Tiered surveys:

Tiered detection programs use a screening method to identify production sites with high
emission rates, similar to several existing plane-based technologies [20]. Like the component-
level detection model, the probability of detection curve is modeled as a sigmoid based on
empirical observations in recent peer-reviewed studies (Sl section S3) [19]. For these
simulations, all sites with emissions that are detected by the screening method are flagged for
follow up by an OGI camera inspection to identify the source(s) of the emissions. Table 1 shows
the key parameters used in the OGIl-based (component-level) and plane-based (tiered) LDAR
programs.

Table 1 Key parameters used to specify detection methods.

Median detection limit Survey speed Cost

(kg/day) ($/site)
OGl 2 6 sites/day 600 $/site
Plane 94 222 sites/day 100 $/site

2.3 Simulation settings

Simulations represent emissions from 100 well-sites over three years. The simulations have a
time resolution of one hour and 300 Monte Carlo iterations were completed for every LDAR
program and emission scenario represented in this work.
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3 Results

The concept of technology equivalence is central to incorporating new technologies in regulatory
LDAR programs [22]. While definitions vary across jurisdictions, it is typically defined in terms
of mitigation outcomes — if two leak detection methods under separate LDAR program
parameters achieve similar emissions mitigation, they are said to be equivalent. We present a
series of results that evaluate equivalency between LDAR programs with increasing
degrees of freedom and implications for the cost-effectiveness of methane mitigation.

3.1 Emission mitigation under OGI and tiered LDAR programs

Figure 1 shows the result of FEAST simulations for an upstream O&G basin with 100 well-sites
under three different LDAR scenarios — UDIM, OGI survey, and a tiered program. The tiered
program consists of an aerial screening survey with OGI follow up referred to as Plane + OGI.
All surveys represented in Figure 1 are conducted semi-annually. The first of the two surveys
start on day one in these simulations.

Figure 1.A shows the first 30 days of emissions during a single Monte Carlo iteration of FEAST
for UDIM, OGI and Plane + OGI scenarios. Since LDAR programs only affect leaks, vented
emissions are identical across all three scenarios. Unloading events result in the short duration
spikes that drive the emission rate to over 20 kg/day per well. Figure 1.A shows that the rapid
survey speed of the tiered detection method allows emissions to be found more quickly than a
traditional OGI survey. However, the OGI method surpasses the Plane + OGI program by the
end of the thirty-day period due to the lower detection threshold of the OGI survey in
comparison to the preliminary aerial survey.

Figure 1.B extends the time series from Figure 1.A over the full three-year duration of the
simulation. The time series shows the daily average emission rates. With a higher detection
threshold than the OGI camera, the plane-based survey identifies fewer sites with emissions
compared to OGI. Thus, fewer sites are flagged for follow up repair, resulting in higher average
emissions when the two methods have the same survey frequency.

Figure 1.C shows the emissions mitigation achieved under both LDAR programs, relative to
emissions in the UDIM scenario. A semi-annual OGl-based LDAR survey results in fugitive
emissions mitigation of approximately 60%, similar to EPA’s assumptions in its methane
regulations [33]. By comparison, the Plane + OGI LDAR program achieves emissions mitigation
of about 33% less than the conventional OGI survey. In this scenario, the two LDAR programs
are not equivalent. The error bars represent variability from 300 Monte-Carlo iterations of the
LDAR programs. Although FEAST models detection as a probabilistic process, the uncertainty
range shown in Figure 1.C is driven by variability in the emission simulation rather than the
detection simulation (See Sl Figure S9). Therefore, the relative performance of the two
simulated LDAR programs to each other is more certain than the absolute emissions in either
case.

Figure 1.D shows the range of mitigation costs incurred by the OGI and Plane + OGI programs
across the same 300 Monte Carlo iterations as Figure 1.C. Although the Plane + OGI program
achieves less mitigation than the conventional OGI program, it does achieve a lower cost per ton
of avoided CO; equivalent emissions. The mitigation cost for the Plane + OGI program is $11/t
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266  CO2e, about 31% lower than the $16/t CO2e cost for OGI-based mitigation. In this example, the
267  Plane survey flagged just 10% of sites for follow up surveys.
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269 Figure 1. Results of FEAST simulations representing OGI surveys (“OG/”) and plane-based screening
270  with OGI follow up (“Plane + OGI”) at high emitting sites A.) 30 days of hourly emissions in a single
271  realization generated by FEAST B.) One-day moving average emission rate from a single realization
272  under three LDAR scenarios over the entire simulation period of 3 years C.) Distribution of mitigation
273  achieved by OGI and Plane+OGI LDAR programs D.) Distribution of mitigation costs for the OGI and
274  Plane+OGI LDAR programs. Outliers are greater than the 75" percentile by more than 1.5 times the
275  interquartile range.
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3.2 Mitigation equivalence dependence on survey frequency

Since a plane-based survey will not detect as many emissions as an OGI survey, the Plane + OGI
program must survey more frequently to achieve equivalent emissions. Figure 2 shows the
impact of survey frequency on the mitigation and cost of the two LDAR programs.

Figure 2.A compares the component level and site level emission rate distributions under UDIM
conditions to the median detection thresholds of the OGI and Plane technology (see Sl Figure S2
for additional details of the PoD curve). Overall, 94% of emissions come from sources larger
than the median detection threshold of the OGI camera. However, only 41% of emissions come
from sites with a total emission rate greater than the median detection limit of the Plane
technology.

Figure 2.B shows the emissions mitigation achieved through both LDAR programs as a function
of survey frequency. For the conventional OGIl-based survey, increasing survey frequency from
two to four times per year increases mitigation from 60% to 73%. This is similar to the emissions
mitigation expected in federal regulations, where semi-annual and quarterly surveys reduce
emissions by 60% and 80%, respectively [33]. Thus, the model parameters here reproduce the
emissions mitigation current regulations expect to be achieved under different OGl-based LDAR
survey frequencies.

Increasing survey frequency reduces the duration of fugitive emissions. In the UDIM scenario,
leaks have an average duration of 208 days. Under an LDAR program, leaks that are large
enough to be detected will have an average duration of approximately one-half the time between
surveys: for example, quarterly surveys result in an average duration of approximately 45 days
for large leaks. LDAR programs mitigate emissions by reducing their duration.

Consider a mitigation target of 40% reduction in fugitive emissions. The conventional OGI-
based LDAR survey can achieve this mitigation target with an annual survey. Equivalently, the
tiered Plane + OGI LDAR program achieves 40% mitigation if the survey frequency is increased
to approximately 3 surveys per year. Higher levels of mitigation can be achieved with either
program if the survey frequency is increased further, although the plane-based survey cannot
achieve 80% mitigation even with monthly surveys due. While increasing the survey frequency
decreases the duration of detected emissions, emissions much smaller than the detection
threshold remain unaffected even at high survey frequencies. The detection threshold of a
screening technology thus places an effective upper bound on the amount of mitigation that can
be achieved.
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Figure 2. LDAR simulation results for an OGI detection threshold of 2 kg/day and a plane detection
threshold of 94 kg/day A.) Component-level and site-level cumulative emission distributions with
probability of detection curves for the simulated Plane and OGI detection methods. A-C) Fugitive
emissions mitigation, survey cost and mitigation cost with OGI and Plane + OGI LDAR programs over a
range of survey frequencies. Uncertainty ranges represent the 95% confidence interval generated by
Monte Carlo iterations.

Figure 2.C shows that the cost of surveys for each LDAR program is proportional to the survey
frequency. Prior studies have shown that the majority of costs associated with implementation of
LDAR programs are reflected in the survey costs [34]. The US EPA’s own analysis of its
methane regulations show that semi-annual OGI-based LDAR surveys contributes to over 70%
of the total cost of the LDAR program. The simulations shown in Figure 2.B-C suggest 60%
fugitive emission reduction using either semi-annual OGI surveys or 9 plane-based screening
surveys per year with OGI follow up. Under our cost assumptions, semi-annual OGI surveys
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incur costs of $1400/site-year compared to $2000/site-year to achieve equivalent mitigation with
more frequent Plane + OGI surveys.

The results of Figure 2.B and 2.C were combined to generate Figure 2.D: the cost per metric ton
of CO2 equivalent emissions mitigated. The nonlinear mitigation curve of Figure 2.B causes the
mitigation cost to increase more slowly for survey frequencies less than 3/year: as survey
frequency increases from zero, mitigation also increases partially offsetting the added survey
costs. At higher survey frequencies, mitigation approaches its asymptote resulting in near linear
growth in mitigation cost. The result illustrates that the marginal cost of mitigation increases as
the survey frequency increases.

3.3 Cost-effectiveness of equivalent LDAR programs requires optimization across survey
frequency and detection threshold.
The cost-effectiveness of emissions mitigation depends on both the leak detection method and
the survey frequency. Here, we explore the cost-effectiveness of fugitive emissions mitigation
($/t CO2e) by modeling two generic leak detection methods — component-level surveys at an
average cost of $600/site and site-level surveys at $100/site. Follow up OGI surveys are charged
at the same rate per component as the generic component-level surveys. While keeping these
cost assumptions constant, Figure 3 illustrates how the mitigation cost changes depending on the
detection threshold and survey frequency of LDAR programs.

Component survey 4 ——-Site survey
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Figure 3. CO- equivalent mitigation cost of modeled technologies over a range of survey frequencies and
detection thresholds. White contour lines indicate fugitive emissions mitigation percentages with the line
thickness proportional to mitigation level, while the color map indicates mitigation cost.

Methods with detection thresholds above 50 kg/day were modeled as tiered detection programs
while methods with detection thresholds less than 50 kg/day were modeled as component-level
surveys. Constant-mitigation contours are indicated by white curves. For example, the curves
labeled 70% indicate all combinations of detection sensitivity and survey frequency that result in
70% mitigation of fugitive emissions. The location with the lowest cost along a mitigation
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contour indicates the cost-optimal mitigation strategy for a particular mitigation target under
these assumptions.

Horizontal transects across the mitigation contours reveal the impact of increasing detection
threshold while holding the survey frequency constant. For small detection thresholds between 1
kg/d and 10 kg/d (high sensitivity), there is little change in mitigation as sensitivity increases
because small emitters account for a small fraction of total emissions. However, as the detection
threshold exceeds 10 kg/d, mitigation is more sensitive to detection threshold. Thus, while
increasing sensitivity of detection technology can improve mitigation outcomes, the marginal
improvement in sensitivity below about 10 kg/d does not result in a corresponding increase in
emissions mitigation. One can therefore trade high sensitivity for lower cost without adverse
mitigation outcomes.

Considering the color map of Figure 3 reveals trends in mitigation cost. Continuing with the
example site level detection threshold of 94 kg/day, the mitigation cost is 11 $/t CO2e for a
survey frequency of 2/year but increases to 22 $/t CO2e for a survey frequency of 8/year. In
addition, mitigation cost increases as detection threshold increases. This trend occurs because the
cost per component or site surveyed is independent of sensitivity in this simulation. The survey
cost of the component-level programs remains constant while the total mitigation decreases,
resulting in an overall increase in mitigation cost. By contrast, the costs of the tiered programs
decline as the detection threshold increases because fewer sites are flagged for follow up
surveys. However, the results show that the decrease in cost due to follow up surveys is not
sufficient to offset the decline in mitigation caused by increasing the detection threshold.

Tiered detection programs must efficiently direct ground crews to achieve sufficient emissions
mitigation without incurring secondary survey costs that exceed the savings achieved by the site
level survey. Tiered methods that identify high emitting equipment rather than sites may be more
successful if they can significantly reduce the time on site required of ground crews and avoid
misallocating ground crews due to vented emissions.

Our results also show that tiered detection programs are more cost effective if the mitigation goal
is less stringent. For example, Figure 3 shows tiered methods with a site level detection threshold
up to 300 kg/day can achieve 30% mitigation with less than 4 surveys per year more cost
effectively than annual component level surveys but are less competitive if the mitigation target
is increased to 70%. Similarly, a site-level technology with a detection threshold of 60 kg/d can
achieve 50% mitigation with quarterly surveys at a cost of $15/tCO2e, lower than the equivalent
semi-annual OGI-based LDAR survey cost of $ 17/tCO2e. The results from Figure 3 are
sensitive to the underlying emission rate distribution as described in the following section.

3.4 “Equivalence” depends on the natural gas basin where a technology is applied.

The skew of an emission distribution affects equivalence between LDAR programs. An LDAR
program that specializes in quickly identifying large leaks will perform better if emission
distributions are more skewed, because high-emitting sites will account for a greater fraction of
total emissions. Conversely, a component level method that surveys less frequently but has a
more sensitive detector will achieve a better mitigation fraction in less skewed distributions
because it will not allow midsize leaks to persist indefinitely. While Figures 1-3 rely on the

11
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empirical emission distribution compiled for this work, this section explores how equivalence is
sensitive to changes in the emission distribution.

Figure 4 shows the technology detection threshold required to achieve a target emissions
mitigation level across different emission distributions. The orange and purple curves represent
mitigation under component level and tiered detection programs, respectively. In all cases, the
survey frequency was set to 6 surveys per year, while detection threshold was varied to achieve
the target emission mitigation rate.

In a highly skewed emission distribution as observed in the Uintah or Marcellus basin, 50%
mitigation can be achieved with a tiered detection program that has a detection threshold of 200
kg/day. However, a detection threshold of 50 kg/day would be required to achieve the same level
of mitigation in a less skewed distribution as observed in Medicine Hat in Alberta. More skewed
distributions allow the same mitigation targets to be achieved with a higher detection threshold,
resulting in a positive slope for all tiered and component surveys modeled in Figure 4.

The vertical gray lines show results from empirical studies conducted in the last five years from
U.S. and Canadian shale basins. Due to the sample size in these studies, the uncertainty in the
fraction of emissions from the top 5% of emitters may be large compared to the variability
between basins. The range of skew measured in various basins shown in Figure 4 give an
indication of the combined uncertainty and variability that exists in emission distributions.
Furthermore, the distribution of emissions that occur in a particular basin may evolve over time
due to maturing infrastructure, new wells, and production decline. An alternative LDAR program
may become more or less effective in comparison to OGI over time.

\)b\\

&

o o

101,

Detection threshold (kg/day)

40 50 60 70

Percent of emissions

due to top 5% of sites
= Component Survey Empirical distribution
Site survey

Figure 4. The effect of emission size distribution on the detection threshold required to achieve a given
mitigation target. Purple and orange curves indicate the detection threshold required to achieve mitigation
for component and site level surveys, respectively. Follow up survey sensitivity is kept constant for all site
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survey methods. Grey bars indicate the emission distribution skew observed in eight empirical studies of
site level emissions.

4 Discussion and Study Limitations

According to the EPA greenhouse gas inventory, more than 5 million tons of methane leaked
from US natural gas infrastructure in 2018 [1]. New mobile and fixed-sensor technologies could
provide a cost-effective approach to reduce emissions. Yet, regulatory approval of these new
methods critically depends on a demonstration of equivalence to existing LDAR approaches. The
equivalence analysis described here provides the modeling framework required to quantitatively
compare LDAR programs while also highlighting the sensitivity of results to the underlying
emission model.

Equivalent emissions mitigation can be achieved with a broad range of sensitivities by choosing
the appropriate survey frequency and/or using a tiered detection approach. Tiered detection
approaches take advantage of the heavy-tailed nature of emission distributions to allocate
resources to the largest emissions, while component level surveys invest the same amount of
time in identifying emitters of all sizes. Tiered approaches must be efficient in dispatching
ground crews to offset the additional costs from increased survey frequencies.

Depending on their approach, LDAR programs will be affected differently by the emission size
distribution. While the composite emission distribution used in this work falls within the range of
emission distributions that exist in the US, Figure 4 shows that no distribution can accurately
represent all basins. Furthermore, the uncertainty in the tail of the component-level emission
distribution remains an important source of uncertainty in mitigation modeling. Accurately
representing mitigation requires improved measurements of emission distributions.

The “leak production rate” also remains a critical source of uncertainty in mitigation modeling.
While many studies have captured “snap shots” of the state of emissions in gas fields, much less
work has been done to repeatedly survey the same sites and evaluate the rate at which new
emissions occur. To separately evaluate the mean time to failure and the effect of undirected
maintenance activities, the same sites must be surveyed frequently, and emitters must be tracked
through time.

Additional empirical data would increase the confidence in equivalence assessments. The
sensitivity analysis presented in Sl section S4 suggests that improving precision in the leak
production rate estimate will decrease uncertainty the most, followed by developing basin-
specific emission distributions. Coupling FEAST with a process-based model similar to that
described by Cardoso-Saldon et al. [39] would provide a more accurate model of vents and
further reduce uncertainty.

We draw the following broad conclusions from the results of this work that can aid oil and gas
operators and regulatory agencies in developing LDAR programs using new methane detection
technologies:
1. Equivalent emissions mitigation can be achieved by LDAR programs with different
detection thresholds by varying the survey frequency.

13
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2. Median detection threshold of new technologies, to first order, present effective lower
and upper bounds for emissions mitigation. At the lower end, decreasing the detection
threshold below 10 kg/d does not increase mitigation outcomes proportionally because of
skewed leak-size distributions. At the upper end, emissions mitigation with high median
detection threshold technologies does not increase in proportion to survey frequency as
emissions smaller than the detection threshold remain unaffected even at high survey
frequencies.

3. Vented emissions play a critical role in the cost-effectiveness of tiered detection
programs that direct ground crews based on site-level emissions detection. Without a
reliable way to differentiate sites with high vented emissions from those with high
fugitive emissions, tiered programs risk directing ground crews to many sites with little
mitigation benefit, thereby increasing costs.

4. The survey frequency and detection threshold required for equivalent emission mitigation
will depend on the emission size distribution in the basin where the LDAR program is
applied. Evaluation of the efficacy of LDAR programs and technology equivalence
periodically to account for (a) changes to emission-size distribution, and (b) reduction in
emissions over time will be critical to ensure mitigation targets are achieved throughout
the duration of the program.

New methane detection technologies and platforms — continuous and survey-based — represent an
opportunity to cost-effectively address methane emissions from the oil and gas industry. The
degrees of freedom in LDAR program parameters such as technology choice, hybrid detection,
survey frequency, and detection threshold provide a method to design methane mitigation
policies that best tackle issues specific to the gas field or operator. As states and countries around
the world converge on methane emissions as a cost-effective, near-term approach to address
climate change, FEAST is a quantitative tool to for assessing new technologies, evaluating the
outcomes of mitigation programs, and achieving methane mitigation targets. Future work on this
model will seek to enable the evaluation of satellite technologies and continuous monitoring
systems to provide a near real-time monitoring of methane emissions across the world. In light of
the potential use of this model in regulatory rule making, all model code and documentation are
made publicly available as part of this publication, including any future updates.
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S1. Introduction

The results presented in the main text rely on the Fugitive Emission Abatement Simulation
Toolkit (FEAST). Section S1 is this introduction. The parameters used to specify emissions and
LDAR programs in FEAST are further explained in sections S2 and S3, respectively. Section S4
presents a sensitivity analysis that describes how uncertainty in the input parameters impact
results.

S2. Emissions Model

S2.1 Activity Data

FEAST represents production infrastructure as a hierarchy of components and sites. A simulation
contains many sites, and a site contains many components. Every component can be a source of
fugitive emissions, uncategorized vents, or unloading emissions.

Sites in this study are modeled after upstream well pads at unconventional oil and gas sites.
Given the modular nature of the site representation, detailed activity data (equipment per site,
components per equipment) can be used to represent any oil and gas facility, thereby expanding
the potential use for the model. Each site is assigned a fixed number of wells drawn with
replacement from the population of well pads in Colorado. The Colorado Oil and Gas
Conservation Commission (COGCC) releases production and location data for all gas wells in
their jurisdiction [1]. We grouped wells within 50 meters of a given well into sites to establish a
distribution of the number of wells per site following the method described by Omara et al. [2].
We then assumed that there were, on average, 650 components per well at each site. The
estimate includes all components at the site, rather than the components that are part of the
wellheads and is similar to the natural gas well site model plant developed by the EPA [3]. Every
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Monte Carlo iteration of the model used in this work contained 100 sites, but the number of wells
at each site was chosen randomly for each iteration.

S2.2 Fugitive emissions and unclassified vents

Our simulation of fugitive emissions and unclassified vents is driven by publicly available data.
While numerous studies have measured emissions at the component level on well pads, few have
distinguished between vents and fugitive emissions. Here, we define vents as any emissions that
occur by design and will not be affected by an LDAR program. We define fugitive emissions as
emissions that are unintentional and can be stopped if detected.

While some emissions are simple to classify on site, others are prohibitively complex for typical
survey teams. For example, a pressure relief valve may be emitting when surveyors are on site
but determining whether that emission is a vent caused by a temporary high-pressure condition, a
leak caused by a faulty valve, or a leak caused by a faulty piece of equipment upstream of the
valve may be beyond the scope of the detection survey. Furthermore, not all operators and
surveyors use the same definition of a fugitive emission. For example, some jurisdictions classify
all tank related emissions as vents [4] while others distinguish between different types of tank
emissions [5].

Therefore, we designate 45% of emissions as vents. In practice, field students at oil and gas
facilities have found a wide variation in the fraction of emissions that can be classified as vents.
The effect of changing this percentage is examined in the sensitivity analysis in section S4.

S2.2.1 Emission rate distribution
We compiled a database of component-level emission surveys based on publicly available data
to populate the emissions model in FEAST. To be included in the database, the surveys were
required to meet the following three criteria:

1. The surveys were conducted at upstream production facilities,

2. The study included all emissions that could be measured at production facilities,

3. Emission rates were measured at the component level.
Criteria two excludes studies that focused on a particular component type. This restriction
allowed direct use of the emissions dataset to generate a distribution of fugitive emission rates
for well sites. Future work may use component-specific emission distributions and require
component-type activity data, but supporting that complexity is beyond the scope of this
analysis. Criteria two ensures that the emission data used are from the industry segment of
interest to this work. Criteria three is necessary because detection technologies that identify
emissions at the component level were modeled in this work. Furthermore, we can aggregate
component-level data to the equipment-level, while the reverse disaggregation is typically
impossible without information on emitting components.

Five major studies were identified that satisfy all three criteria as summarized in

. Comparing the studies in pairs using a two sample Kolmogorov-Smirnov test shows that each
study resulted in an independent emission distribution (all pair-wise p-values << 0.01). Several
factors contribute to the differences in the observed distributions. First, the studies took place in
disparate geologic basins, operating environments, and geographic locations. The five surveys
spanned sites in Alberta, California, Colorado, Arkansas, Texas, and Appalachia. The
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characteristics of gas fields across these locations are very different. For example, most wells in
California are vertical with one well per pad, while most wells in Colorado are drilled
horizontally and well pads service multiple wells. Gas wells in Appalachia tend to produce dry
gas while the fields in Alberta produce gas and oil. The variety of drilling practices, resource
characteristics and infrastructure are expected to affect the size distribution of emissions.

Furthermore, the studies used distinct methods to identify emissions. Allen and Ravikumar used
optical gas imaging (OGI) technology to identify emissions. ERG identified some emissions
using an OGI camera and others with a Toxic Vapor Analyzer (TVA). The emission distributions
associated with each technology are shown separately in Figure S1. Bell used an OGI camera
and a Tunable Diode Laser Absorption Spectroscopy (TDLAS) technology to detect emissions.
Emissions from both methods are combined in one distribution because the emissions were not
segregated by detection method in the study. Kuo also used a TDLAS technology for detection.

Table S1 Studies included in populating the empirical emission-size distributions in FEAST. Year
indicates the year when the study was published (not the year when measurements were made). The
number of sites refers to the number of well pad production sites included in the study. The number of
emissions identified includes both measured and unmeasured (non-quantified, but only detected)
emissions.

Citation | Lead author | Year Number of | Number | Number of Survey
sites of wells | emissions identified | method

[6] Allen 2013 | 150 489 769 OGl

[7] ERG 2011 | 375 1121 1193 oGl

[7] ERG 2011 112 756 TVA

[8] Kuo 2012 128 94 TDLAS

[9] Bell 2017 | 261 322 OGl and

TDLAS
[4] Ravikumar 2020 | 27 1236 OGl
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Figure S1 Component-level emission-size distribution measured in each of the studies summarized in
Table S1.

S2.3 Pneumatic controllers

Pneumatic controllers have been estimated to contribute 23% and 27% of total natural gas
emissions from the production sector [10], [11]. Since all studies in the emissions distribution
database except Bell 2017 include pneumatic controller emissions, pneumatic controllers are
treated as an unclassified vent in this work. As a result, the frequent short duration characteristics
of pneumatic emissions are not captured by this model.

S2.3.1 Emission distribution sensitivity
The component-level emissions distribution has at least three sources of uncertainty:

1. Finite sample size

2. Potential for bias in measurements

3. Regional variability
The heavy tailed distribution of emission sizes and associated uncertainty has been broadly
acknowledged [12]. The bootstrapping method used in this work to select emission sizes avoids
biasing the data with a parametric model. However, the method is limited by the finite sample
size and does not simulate any emissions larger than those captured in the empirical data.

There is also a bias introduced to our work because only emissions that were detected and
measured can be included. In some cases, safety or access related challenges may have prevented
important emissions from being quantified in field campaigns. For example, Ravikumar et al.
reported that all tank emissions detected in their study were not directly quantified. Previous
studies have shown that tank emissions are often a source of large emissions that account for
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over one third of total emissions from production sites [4]. To overcome this bias, Ravikumar et
al. appended the emission data set with an estimate of tank emissions based on results from other
studies. By incorporating many component level emission studies using a variety of detection
methods, we aim to reduce the potential for systematic bias in the emission dataset. As more
component-level studies are made publicly available and incorporated in this model, the
empirical size distributions will become more representative of actual size distributions.

We explore the sensitivity of results to the emission rate distribution in the sensitivity analysis. In
addition to choosing emission rates from the empirical distribution using bootstrapping, we also
use a constrained power law distribution, as described below. The power law distribution allows
us to observe the impact of manipulating the large emission tail of the distribution.

S2.3.2 Bootstrap emission size selection

The skew of the emission size distribution is well documented and influences the efficacy of leak
detection programs [12]. Bootstrap sampling of emission rates from an empirical distribution is
the most robust method for representing heavy-tailed emission distributions [12]. In this work,
we used bootstrap sampling to generate results for Figures 1-3 in the main text and employed a
constrained power-law distribution in sensitivity analysis. Specifically, every emission generated
by FEAST is assigned an emission rate drawn randomly with replacement from the emission rate
database.

S2.3.3 Power law emission size selection

Power law emission distributions are useful for exploring the impact of emission distribution on
mitigation equivalence. The results shown in Figure 4 in the main text use power law emission
distributions. We generated the distributions using bootstrap sampling from the compiled
emission database up to the 80" percentile and a power law distribution of emission rates for
larger emissions. The probability density function for emission rates greater than the 80"
percentile is shown in Equation S1, where « is a tuning parameter and x is an emission rate. In
order to prevent impossible emission rates, the power law distribution was not allowed to exceed
the simulated gas production rate at the site where the emission occurred (Qg;ze ). Qsite Was
drawn from the distribution of production rates at sites in Colorado with the same number of
wells as the simulated site [1].

fa—=1( x \® s1
p(x|x > xggy,) = min < < > ) Qsite> &0

X80% \X80%

The method described above allows direct manipulation of the tail of the empirical distribution
— to which tiered detection methods are particularly sensitive, and data are sparse — while
maintaining the median emission rate. In contrast, the tail of a lognormal distribution cannot be
tuned without also affecting the median emission rate and lognormal distributions have been
shown to under-estimate the tail of component-level emission distributions [12].

The expected number of emissions present during the undirected inspection and maintenance
(UDIM) scenario is determined based on the average emissions per well in the compiled
emission data set, equivalent to about 1.5 emissions per well. The number of components leaking
at the beginning of the simulation is determined by drawing from a binomial distribution with a
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leak probability that results in an average of 1.5 emissions per well. The mean duration of
emissions in the UDIM scenario (Tg,;:) 1S Set according to Equation (S2, where N, is the
expected number of emissions and N, is the number of components. In an UDIM simulation, the
duration of every fugitive emission and unclassified vent is drawn from an exponential
distribution parameterized with Tg,,;¢. Setting Ty, according to Equation (S2 ensures that while
the number of emissions varies during and between simulations, the expectation value of the
number of emissions is consistent with emission rates observed in the field.

N, $2
Tgmic = N_eTFailure 52
c

S2.4 Unloading events

Unloading emissions refer to gas that is vented in the process of removing accumulated liquids
from wells. While some wells require automated plunger lift systems and unload hundreds of
times per year, other wells only require a few unloading events per year and can be triggered
manually. The frequency of unloading events varies between geologic basins. This work
simulates production sites in the DJ basin, where unloading events are relatively rare.

Unloading emissions are unique because they are not included in the component-level surveys
used for the fugitive and uncategorized vent models. They are modeled explicitly in FEAST as it
can be a significant contributor to total methane emissions in liquids-rich basins. The unloading
model allows for three types of wells: wells that do not unload, wells that use plungers to remove
liquids, and wells that unload without a plunger. The parameters used to specify these emissions
are provided in Table S2. The number of events per year and the emissions per event are both set
to average values calculated using emission data from the EPA greenhouse gas reporting
program (GHGRP) for the DJ basin [13]. The duration of the events is set to the average value of
the duration distribution reported by Zaimes et al [14].

Table S2 Unloading parameters in FEAST for wells with and without plunger lifts.

Plunger unloading No plunger unloading
Average duration (minutes) 34 83
Average emission rate (kg/hr) 181 277
Frequency (#/year) 6 0.1

S2.4.1 Number of unloading wells

All facilities that emit more than 25,000 metric tons CO2e greenhouse gases annually are
required to report to the GHGRP. In the case of onshore oil and gas production, a “facility” is
defined as all wells and associated production equipment in a geologic basin owned by a single
entity [15]. In 2017, 16 companies operating 23,037 wells in Colorado reported emissions.

The fraction of wells that reported plunger and no-plunger unloading events were used to
designate the number of unloading wells in the base case simulations. Specifically, the GHGRP
reported 2662 (11.6%) plunger-unloading wells and 541 (2.3%) no-plunger-unloading wells for
the state of Colorado.
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S2.4.2 Emission profiles

To simulate LDAR programs, FEAST requires a duration and emission rate for every emission.
The GHGRP data provides the total emission from unloading events and the number of events by
facility for plunger and non-plunger wells separately. Therefore, the GHGRP data can be used to
calculate the average emission mass per event for plunger and non-plunger wells. The GHGRP
does not provide unloading emission data at the well level or event level, so a distribution of
emission sizes cannot be determined. The GHGRP does not provide the duration of events either,
so a flux rate cannot be directly estimated from the GHGRP data. Instead, the average emission
duration reported by Zaimes is used for all unloading events in the base case simulation, and the
flux rate is calculated based on the average emission volume and duration. Zaimes reports that 3
out of 2532 venting wells use automatic unloading systems in the DJ basin. Therefore, the
manual no-plunger (4974 seconds) and manual plunger (2059 seconds) durations are used.

S2.4.3 Unloading model uncertainties

All facilities in Colorado in 2017 estimated emissions using Method 2 or Method 3 specified in
40 CFR Subpart W § 98.233 based on the type of unloading (plunger or no-plunger), well
geometry and event duration [16]. In 2014, Allen et al. showed that the equations used by
Method 2 were not significantly correlated with measurements made at 32 non-plunger lift wells,
although the mean estimate was statistically similar to the mean measured emission. Conversely,
measurements at 75 wells with plunger lifts were found to be significantly correlated with the
Method 3 estimates (r>=0.08, p=0.015), but the mean estimate was 44% lower than the mean
measured emission. Allen’s data illustrates that the accuracy of the estimates provided to the
GHGRP is limited even if the parameters required by the method are well known.

Zaimes et al recently showed that the GHGRP data is too limited to quantitatively represent the
range of emissions associated with unloading events [14]. To improve on the GHGRP data for
Monte Carlo modeling, Zaimes combined data from three sources — DIDesktop, Allen et al.
unloading measurement campaign, and the GHGRP. Zaimes’ method relies on the GHGRP
Method 2 and 3 correlation equations to estimate unloading emissions based on well
characteristics and does not account for the systematic errors in those methods that Allen’s
measurements suggest. However, Zaimes’ approach enables Monte Carlo modeling of the
uncertainty in emissions while the GHGRP data does not provide for the distribution of well
parameters that result in the reported emission estimates.

Despite these limitations, the base-case simulations presented here use GHGRP data to represent
the current emission estimate available to regulators. The presence of unloading events can affect
simulation results by triggering site-level survey programs to dispatch ground crews. However,
the frequency of unloading events in this simulation—an average of one 34-minute event every
63 days at wells with plungers—results in a low probability of an unloading event affecting an
LDAR program. Users of the FEAST model attempting to evaluate LDAR programs in basins
with significant unloading events should considering incorporating basin-specific data on
unloading emisisons to improve the accuracy of results.
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S2.5 Leak production rate and UDIM repair rate

The leak production rate is a primary driver of uncertainty, as shown in the sensitivity analysis.
The base case leak production rate of 3 leaks per site per year used in this work is within the
range of previously published estimates and empirically supported by a new estimate based on
the regulated OGI survey reports released by the Colorado Department of Public Health and
Environment (CDPHE).

The CDPHE requires OGI surveys at all production sites monthly, quarterly, semi-annually, or
annually depending on the size and location of the site. We divided the number of emissions
discovered at each survey frequency by the time between surveys, then computed the average
across all survey frequencies weighted by the number of sites. The resulting average leak
production rate estimate in this case was 2 leaks per site per year.

Unchecked, the leak production rate estimated above results in unrealistic growth in emissions
over timescales longer than a year. In keeping with prior publications, we assume that an
undirected maintenance process results in a steady state number of emissions equal to that
observed in the empirical emission data set. We explore sensitivity of the results to both the
UDIM repair rate and the leak production rate in Section S4.

S3. LDAR programs

LDAR program simulations require specifying three classes of variables:
1. Detection technology characteristics
2. Program implementation protocols
3. Repair protocols

Each of these classes of variables are described below.

S3.1.1 Detection technology characteristics

Detection technologies in FEAST are defined by their probability of detecting emissions and
their ability to disaggregate overlapping emissions. Depending on the technology, the probability
of detection may depend on flux, wind speed, operator experience, and other exogenous
parameters. Prior modeling efforts used a Gaussian plume dispersion model, empirical wind
speed distributions, and a range of atmospheric stability classes to determine the concentration of
emitted gases in the volume surrounding an emission source. The concentration profile was then
used to calculate the signal in a variety of detection technologies [17]. More recently, empirical,
one dimensional probability of detection curves based on emission rate were favored over plume
modeling [18]. The empirical approach is powerful because it uses measured technology
performance directly. However, to effectively model field performance of new technologies, the
probability of detection curve must represent the range of conditions that will be realized in the
field. This will result in a much broader probability of detection curve than can be measured at a
test site under a single set of conditions. The effect of meteorology, user experience and other
variables on probability of detection will need to be accounted for in order to extrapolate from
test conditions to field applications [19]-21].

When the data are available, detection technologies should be modelled using probability of
detection surfaces that capture the variables most likely to impact detection for each technology.
However, adding variables to technology models will introduce the “curse of dimensionality” to

9
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testing requirements. As suggested by Barchyn et al. [19], requiring that detection technologies
are only applied under a particular range of conditions would limit the need for testing. Future
versions of FEAST will support probability of detection surfaces with two independent variables
as well as operating envelopes.

In this work, the probability of detection for a given flux is calculated according to Equation
(S3), where f is the emission flux, u is the log of the median detection threshold — the emission
rate with a 50% probability of detection —and A is a fitting parameter that defines the slope of the
curve. The median detection threshold is taken from recently published controlled release tests of
methane detection technologies [18], [20], [22]

3 . In(f) —p (S3)
p(d|f) =054+ 05 erf(—\/z1 >

Figure S2 shows the PoD curves used in simulations presented in Figures 1-2 in the main text.

1.0 -

— OGI
— Plane

Detection Probability
o
(9

0.0 -

101 100 101 102 103 104
Emission rate (kg/day)

Figure S2 Probability of detection curves for the OGI (orange) and the plane-based (purple) technology
modeled in this study.

S3.1.2 Program implementation protocols

LDAR program implementation protocols specify how a detection technology will be used.
These protocols include the survey frequency, and relationships between detection methods. For
the Plane + OGI programs represented here, the LDAR program specifies that an OGI detection
method should be dispatched at any site where the plane detects emissions. LDAR protocols also
specify which repair methods should be dispatched if an OGI detection method identifies a
repairable emission.

10
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S3.1.3 Repair protocols

Repair methods cause an emission to cease and are characterized by the time between when they
are called and when the repair occurs. Component level surveys are assigned a 1 day delay
between detection and repair, while site level surveys are assigned a 1 week delay.

S3.2 Calculating mitigation costs

FEAST calculates costs based on the survey speed (components/hour) and hourly cost in the case
of component-level surveys. Costs for site level methods are calculated based on a cost per site
parameter. Repair costs are also assigned to leaks repaired by either UDIM or an LDAR
program. The total cost of an LDAR program includes survey costs and the difference in repair
costs between the LDAR scenario and the UDIM only scenario. Since most leaks are repaired by
UDIM over the course of the three-year simulation, the net repair costs assigned to LDAR
programs is small compared to the costs of survey.

Mitigation cost is calculated as the ratio of total cost to avoided greenhouse gas emissions, as
shown in Equation (S4). GW Py, is the global warming potential of methane, set to 34 in this
case following estimates from the IPCC 5" Assessment Report [23].

Total cost

Mitigation cost = (84)

Methane emissions mitigated (metric ton) X GW Py,

S4. Sensitivity Analysis

The results of an equivalence analysis are sensitive to the parameters specified in FEAST
simulations. In the main text, we highlighted the sensitivity of results to survey frequency in
Figure 2, detector sensitivity and survey frequency in Figure 3, and emission distribution skew
and detector sensitivity in Figure 4. These figures show that the model is neither linear nor
additive: local derivatives of results with respect to one input variable are not indicative of model
behavior across the range of possible input values, and the impact on results of changing two
input values cannot necessarily be approximated by adding the impact of changing each input
value independently. The “one-at-time” style sensitivity analysis presented in previous FEAST
publications provides insight into the sensitivity of the model to input parameters near the “base
case” scenario but is difficult to use in assessing the overall sensitivity of the model. Allowing
multiple input parameters to vary simultaneously provides better representation of the sensitivity
of the model to changes in the underlying assumptions [24].

Our sensitivity analysis is designed to assess the confidence that a regulator could have in an
equivalence assessment given the existing data to support global parameters in FEAST. Global
parameters refer to parameters that are consistent across all Monte Carlo iterations of a scenario,
such as the choice of leak production rate, emission rate distribution, and vent fraction.
Specifically, we ask: given realistic uncertainties in global parameters defined for FEAST
simulations, how confident can a regulator be that two distinct LDAR programs that appear to be
equivalent under the assumptions described for this work would achieve equivalent results in the

11
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field? To answer this question, we consider a Plane + OGI program with a survey frequency of
9/year, and an OGI program with a survey frequency of 2/year.

Figure 2 in the main text shows that the mean emission rates are equal for these LDAR programs
but there is variability in those emission rates due to several random process included in FEAST.
The random processes in FEAST include the Poisson process representing emission creation, the
distribution of fugitive emission sizes, and the PoD surface. These processes are inherently

probabilistic: with perfect information, a regulator would still expect to see variability in results.

To these random processes, we now add a distribution for parameters in FEAST that may not be
inherently probabilistic but are poorly constrained by available empirical data. We suppose that
the LDAR program parameters are known precisely, but the leak production rate, UDIM repair
rate, emission distribution, and vent fraction are only constrained by existing empirical data. The
range of results gives a quantitative illustration of the confidence that a regulator could have in
an equivalence assessment given perfect information about an LDAR program and illustrates the
areas where additional empirical data would improve confidence the most.

S4.1 Emission rate distribution
Figure 4 showed that the emission rate distribution affects the level of mitigation that LDAR
programs can achieve. How confident can a user be in the emission distribution used by FEAST?

We examine the sensitivity to the component level distribution by invoking different empirical
component-level leak distributions. In each iteration of the sensitivity analysis, we randomly
select results from one of the five studies listed in

. The study used in each iteration is treated as a categorical variable, with equal probability
assigned to each study.

S4.2 Leak production rate and UDIM repair rate

The leak production rate (R, — failures per component per day) and UDIM repair rate
(Rg — repairs per leak per day) are related to each other in FEAST by Equation (S5, where
N.(t) and N, (t) are the number of components and number of leaks as functions of time (t).
The () notation indicates an expectation value (i.e., the theoretical average across an infinite
number of iterations and timesteps).

dN,(t) S5
(L) = NeRy = N, (0)R; Y

Setting a boundary condition of Ny (t = 0) = N4, we can solve Equation (S5 to derive an
expression for N, (t) as shown in Equation (S6.

R
CRR
R and Ry, could be determined by fitting Equation (S6 to the time evolution of emission counts

at production sites (for example, by conducting repeated surveys of the same sites without
reporting emission to operators). However, such data are not presently available. Therefore, we
developed a range of likely values for Ry and Ry, in this sensitivity analysis.

(N,(t)) = Nyg+ N.— (1 — exp (—Rgt)) (S6)

12
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S4.2.1 Leak production rate distribution

We developed the likely range for Ry and Ry using LDAR data from periodic surveys of
production equipment in Colorado. First, we consider the case in which the UDIM repairs are
rare between surveys (Rzts < 1) where t, is the time between surveys. We also assume that the
vast majority of leaks are detected and repaired at each survey ((N,(ts)) > N,,). In that case a
Taylor expansion of Equation (S6) reveals that (N, (t;)) ~ N.Rrt,. Therefore, the leak
production rate R, can be estimated based on the number of leaks detected in periodic surveys if
the survey interval and number of components surveyed is known.

In order to develop a distribution for R, to use in sensitivity analysis, we consider surveys
conducted at different site types and frequencies in Colorado. Specifically, we consider sites
surveyed once, twice, four and twelve times per year. The survey frequency required by the state
of Colorado depends on the site characteristics (larger sites generally require more frequent
surveys) and site location (sites in non-attainment zones require more frequent surveys) [5]. The
data are summarized in Table S3. In the sensitivity analysis, each survey frequency is selected
with a probability equal to the fraction of total sites included in the reports. In comparison, the
leak production rate used for Figures 1-4 in the main text is 3 leaks per site per year, [25] used
2.4 leaks per well per year, and Fox et al. reported a mean leak production rate estimate of 9.5
leaks per site per year [26]. To convert the reported leaks per site to a component-level leak
production rate, we divide by 1235 components per site (assumes 650 components per well and
an average of 1.9 wells per site).

Table S3 Summary of data reported in LDAR surveys regulated by CDPHE

Survey frequency Leaks identified per | Inspections that Approximate number

(surveys per year) site per year occurred of sites based on
number of
inspections

1 0.8 4246 4246

2 0.7 4907 4907

3 4.2 3766 942

4 12.8 10914 910

The leak production rate estimated by long survey frequencies of six months or one year in Table
S3 likely underestimate the leak production rate to due to UDIM repairs that occur between
surveys. Conversely, the leak production rate in monthly surveys is likely overestimated due to
the regulator requiring monthly surveys only at sites expected to have high emissions. Therefore,
the range indicated by Table S3 may exaggerate the range of likely component-level leak
production rates.

S4.3 UDIM repair rate distribution

In Figures 1-4 of the main text, the UDIM repair rate was set to guarantee that in the absence of
an LDAR program, the frequency of emissions in the simulation tended toward the frequency of
emissions observed in the included field studies. Here, we choose the UDIM repair rate from a
triangular distribution. The inverse of the UDIM repair rate provides the mean duration of an

13
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emission under UDIM. The mode of the triangular distribution is set to a mean duration of 208
days, the same value used in simulations for the main text. The minimum UDIM emission
duration is set to 100 days, and the maximum is set to three years.

S4.4 Vent fraction

In the main text, the vent fraction excluding unloading events was set to 46%. Unloading events
were rare in these simulations, increasing the overall vent fraction to 47% despite their large
emission rate. Prior studies have identified vented emissions contributing between 55% and 90%
of total emissions (with the highest vent fractions coming from compressor stations rather than
well sites) [4], [27]-[29]. In this sensitivity analysis, we choose the vent fraction from a uniform
distribution ranging from 30 to 60%. The high end of the vent fraction range is consistent with
emission fractions observed at well sites, and the low end of the range allows for the possibility
that some emissions classified as vents (such as fugitive tank emissions) would be mitigated in a
practical LDAR program.

S4.5 Confidence in equivalence assessments

We define an equivalence metric ¢ in Equation (S7) to quantify the equivalence between two
proposed LDAR programs. F denotes the total fugitive emissions under an LDAR program. The
subscript plane indicates the Plane + OGI LDAR program with a survey frequency of 9/year and
median detection threshold of 94 kg/day, while the subscript OGI refers to the component level
survey with a frequency of 2/year and a detection threshold of 2 kg/day.

¢ _ Fplane - FOGI (S7)
Fplane + FOGI

Values of ¢ < 0 imply thate the Plane + OGI program reduces emissions more than the OGI
program while ¢ > 0 implies that the OGI program outperforms the Plane + OGI program. ¢ is
bounded between -1 and 1. When the two programs achieve equal mitigation, ¢ = 0.

Figure S3 shows a histogram of ¢ resulting from 10,000 iterations of FEAST with values of the
leak production rate, emission distribution, UDIM repair rate and vent fraction drawn from the
distributions described above. 12% of the iterations result in the Plane + OGI program achieving
equivalent mitigation to the OGI program. This implies that, although the assumptions presented
in the main text of the paper result in the Plane + OGI program achieving equal mitigation to the
OGI program at these survey frequencies, we cannot be confident in that result given existing
uncertainty in the leak production rate and emission distribution. The following section
investigates the type of empirical data that would be most valuable to increasing confidence in
equivalence evaluations.

14
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Figure S3 Distribution of the equivalence ratio while varying input parameters to FEAST.

S4.6 Sensitivity of results to input parameters

The following figures illustrate the sensitivity of the model to the four parameters considered in
this section. We find the greatest value will come from reducing uncertainty in the leak
production rate, followed by the emission distribution. The results have little sensitivity to the
vent fraction.

Figure S4 shows the distribution of the equivalence metric under different leak production rates.
The distributions show that the Plane + OGI program performs better in comparison to the OGI
program (the equivalence metric decreases) as the leak production rate increases. However, there
is significant overlap between the distributions: other sources of uncertainty are also important.
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Figure S4 Distribution of the equivalence ratio when the leak production rate is estimated using results
from OGI surveys regulated by the Colorado Department of Public Health and Environment (CDPHE).
Different survey frequencies are applied to different production sites, resulting in distinct leaks per site per
year estimates when the data are separated by survey frequency.

Figure S5 shows the distribution of the equivalence metric under different emission distributions.
The data show that the results are sensitive to the emission distribution chosen for the
simulations. To develop fair equivalence metrics, regulators must choose an emission
distribution that accurately represents their facilities.
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Figure S6 shows results from all monte carlo iterations plotted against the UDIM leak lifetime
chosen for each iteration (1/UDIM repair rate). We see that the variance is dominated by other
sources of uncertainty, but there is a correlation between UDIM leak lifetime and Equivalence
metric (r-value of 0.082 and p-value <0.001). The impact of the UDIM leak lifetime is limited
because most emissions are repaired by the LDAR program in both the OGI and the Plane + OGI
cases rather than by the UDIM process.

ERG TVA 2011
ERG Camera 2011
Allen 2013

Bell 2017
Ravikumar 2020
Kuo 2012

Equivalence metric

200 400 600 800 1000
Average fugitive lifetime (days)

Figure S6 Equivalence metric of all iterations plotted against the expected leak lifetime under UDIM. The
best linear fit to the data is plotted along with the correlation coefficient of the fit.
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Finally, Figure S7 shows results from all Monte Carlo iterations plotted against the vent fraction.
The data suggest that equivalence, in this case, is weakly dependent on the vent fraction in the
range tested (p-value of 0.1). This result is due to the Plane + OGI flagging the same sites for
follow up surveys regardless of whether emissions are classified as fugitive or vent. Increasing
the vent fraction decreases the emission mitigation from those flagged sites equally for both
types of LDAR program.

To illustrate the impact of vent fraction on the equivalence ratio, consider the example in Table
S4. There are two sites in the example. In every case, there are two emissions at Site 1 (0.2 and
1.0 g/s) and three emissions at Site 2 (0.2, 0.1 and 0.01 g/s). The emissions are classified as vents
or leaks in four distinct scenarios. In case 1, all of the emissions are classified as fugitive
emissions. In cases 2-4, two of the emissions are classified as vents. We imagine a tiered LDAR
program that flags all sites with emissions >1.0 g/s for follow up action. We also consider a
component level inspection program that repairs all fugitive emissions > 0.05 g/s. In short, the
tiered program repairs all fugitive emissions at Site 1, and the component level program repairs
all fugitive emissions except the 0.01 g/s emission.

Table S4 shows that the effect of the vent fraction on the equivalence ratio depends on which
emissions are classified as vents. Case 1 has a vent fraction of 0 resulting in an equivalence ratio
of 0.94. Cases 2-4 have higher vent fractions, but the equivalence ratio can be greater than, less
than or equal to the equivalence ratio of Case 1. The effect of the vent fraction on the
equivalence ratio depends on the relative sizes of the emissions classified as vents and fugitive
emissions.

Table S4 Example of the impact of vent fraction on equivalence ratio

Site 1 emissions (g/s) | Site 2 emissions (g/s) Number | Vent Equivalence
Fugitive Vent Fugitive Vent of vents | fraction | metric

Case 1 | 0.2,1.0 - 0.2,0.1,0.01 |- 0 0 0.94

Case2 | 1.0 0.2 0.1,0.01 0.2 2 26% 0.83

Case 3 | - 0.2,1.0 |0.2,0.1,0.01 |- 2 79% 0.94

Case 4 [ 0.2,1.0 - 0.1 0.2,0.01]2 14% 1.0
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Figure S7 Equivalence metric of all iterations plotted against the vent fraction under UDIM. The best
linear fit to the data is plotted along with the correlation coefficient of the fit.

In order to assess the value of reducing uncertainty in these four global parameters, we adopt a
first order sensitivity index S; [24]. S; is defined by Equation (S8). Vy, is a variance operator
with one parameter (i) held constant. Ey_, is an expectation value operator across all variables

except i. ¢ is the equivalence ratio defined in Equation (S7), and X is the set of input parameters
varied for the sensitivity analysis.

o Vy,(Ex_,(¢1X;)) (s8)
' V(g)
Figure S8 shows S; for the vent fraction, UDIM repair rate, leak production rate and emission
distribution. Eliminating uncertainty in the parameter with the largest S; would cause the greatest
decrease in variance of the equivalence ratio V(¢). Therefore, reducing uncertainty in the leak
production rate will have the greatest impact on uncertainty in equivalence analyses.
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Figure S8 Sensitivity index of the four parameters tested in the sensitivity analysis.

S4.7 Emissions variability versus detection variability

The uncertainty in FEAST emission estimates is distinct from the uncertainty in equivalency
estimates. Figure S9 shows the average emission rate in 100 iterations of FEAST with the same
emission scenario. A UDIM scenario, a biannual OGI survey and a biannual Plane + OGI survey
are considered. The emission rates shown are averaged across the 3-year simulation period and
100 well pads simulated in each iteration. In the UDIM scenario, the average fugitive emission
rate ranges from 7 to 19 kg/day-site. In the Plane + OGI scenario, the rate ranges from 5to 11
kg/day-site and in the OGI scenario the rate ranges from 3 to 7 kg/day-site. The ranges of the
average site-level emissions overlap across the three scenarios. However, the ranking of the
programs is consistent across each individual iteration — i.e., the OGI survey results in the least
fugitive emissions, followed by the Plane + OGI and then the UDIM scenario. Figure S9 shows
uncertainty in total emission estimates does not necessarily cause proportionate uncertainty in
comparisons between LDAR programs. That is, the relative performance of different programs is
significantly less uncertain than the range of fugitive emissions observed.
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Figure S9 Average site-level fugitive emission rate under distinct LDAR scenarios, sorted by the UDIM
fugitive emission rate. Results represent average emissions across a 3-year simulation period over 100
well pads.
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