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Information Matters: Feasible Policies

for Reducing Methane Emissions

Karl Dunkle Werner, Wenfeng Qiu
Abstract: Oil and gas wells emit methane, a potent greenhouse gas. Emissions are
minimally regulated, leading to a large climate externality. We explore how technol-
ogies can enhance welfare gains from regulatory policies by providing policymakers
with more information. We focus on audit policies with realistic constraints, such as
limited audit budgets and caps on fees. We develop a model of emission abatement,
estimate the abatement costs using cross-sectional data from scientific studies, and sim-
ulate welfare gains from policies with varying levels of information availability. We
show that targeting substantially improves the effectiveness of policies. In particular,
a policy that audits 1% of wells with uniform probability achieves 0.3% of the gains
of the infeasible first best, while targeting audits using remotely sensed emissions can
achieve 16% of the first best, even with moderate fee levels.

JEL Codes: C54, H23, K32, Q55, Q58

Keywords:methane, climate mitigation, remote detection, satellite, information asym-
metry, imperfect monitoring, value of information
OIL AND GAS WELLS EMIT LARGE quantities of methane, a powerful greenhouse
gas with the second largest impact after carbon dioxide. Methane accounts for roughly
one-tenth of total US greenhouse gas (GHG) emissions, though its contribution is
Dataverse data: https://doi.org/10.7910/DVN/DXED4C
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measured much less precisely than carbon dioxide’s.1 Fossil fuels, particularly oil and
natural gas, are the largest human-driven sources of methane (Alvarez et al. 2018; US
EPA 2023c). As fracking has dramatically increased US oil and natural gas produc-
tion, methane emissions have followed, and these emissions are now roughly the
same magnitude as the emissions from all fuel used in the western US electricity grid
(US EPA 2020a). Natural gas has been heralded as a cleaner substitute for coal and
a bridge fuel in the transition to a low carbon economy. However, if these methane
emissions are large enough, natural gas may emit more GHG than coal.2 Beyond de-
bates over coal and natural gas, these leaks increase both the lifecycle GHG emissions
of petroleum products and the relative value of renewable energy.

Measuring methane is costly—leaks from wells are more dispersed and harder to
measure than smokestacks—so pricing emissions is challenging. The standard eco-
nomic prescription in this case would be to audit infrequently and charge a high fine,
so that the expected cost of emitting is equal to the social cost (plus enforcement costs).
This approach has theoretical appeal but is infeasible because of legal and logistical
constraints. The constraints on the fee range from the backstop of bankruptcy, to legal
doctrine limiting punitive damages, to political pushback (Boomhower 2019;Exxon Ship-
ping Co. v. Baker [2008]). As of 2022, no US jurisdiction charges a fee for methane emis-
sions (Rabe et al. 2020), though that may change in the near future with the implemen-
tation of the Inflation Reduction Act (Ramseur 2022).

This study combines an economic model with empirical estimates in order to quan-
tify the potential gains from feasible audit policies and to demonstrate the value of re-
motely sensed data that could improve audit targeting. Our study not only aims to pres-
ent a general idea of how remote sensing can enhance auditing policies but also seeks
to provide a useful model to policymakers actively engaged in methane-related regula-
tions.We take into account real-world constraints that impact methane regulation pol-
icies as well as the information available to the regulator. By considering constraints
such as limits on fees, the regulator’s audit capacity, and the fidelity and detection
threshold of remote sensing measurements, our study offers policymakers valuable in-
sights that can guide more effective and targeted policy decisions. In our modeling,
which necessarily applies a number of strong assumptions, policies implemented under
these constraints offer some improvement over the benchmark of no policy. The gains
1. One-tenth of emissions by 100-year global warming potential (GWP) (US EPA 2023c).
2. The lifecycle GHG emissions of natural gas may be lower than coal as long as the total

leakage rate is below 5%–10% (Hausfather 2015). We focus on upstream leakage from wells,
where 1%–4% of gas leaks out. Emissions from pipelines and end users also contribute signif-
icantly. Further quantifying these sources remains an active field of research.

own. Karl DunkleWerner is grateful for the generous support of the Alfred P. Sloan Foundation
Pre-doctoral Fellowship on Energy Economics, awarded through the National Bureau of Eco-
nomic Research. Code for this paper is available at https://github.com/karldw/paper_hard_to
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vary dramatically, depending on the fee the regulator can charge and the remote sens-
ing information available.

We note that imperfect measurement is not isolated to methane or even environ-
mental economics. Enforcing any policy requires measurement of one sort or another.
The quality and cost of these measurements determine which policies are feasible. In
recent decades, remote sensing, administrative data, and other indirect information
have improved dramatically, raising the possibility that policy can be based on or in-
formed by these measures. At the same time, and despite a great deal of excitement
about remote sensing, policies that make direct use of these tools are rare. Our work
highlights a promising case where they could be applied, while acknowledging the mea-
surements’ limits for enforcing policy. We integrate a theoretical model, tailored to our
data setting, with a newly constructed dataset and Bayesian structural estimation to
evaluate the gains a constrained regulator could achieve with additional information.

To start our analysis, we develop a theoretical model of abatement and welfare. Us-
ing the model, we consider how well operators would change their behavior in response
to a feasible but imperfect audit policy—one where the expected fee for emitting differs
from the social cost and may be zero for some wells because of measurement or auditing
limitations.

In our model, and consistent with the scientific literature, large leaks are the result
of stochastic process failures (Lyon et al. 2016; Zavala-Araiza et al. 2017). These leaks
are rare and hard-to-predict but large sources of GHG.Well operators can reduce the
duration of leaks by checking wells more frequently and reduce the occurrence of new
leaks by investing in routine maintenance and better equipment. We assume that well
operators abate expected emissions by reducing the probability a well pad is leaking at
any given moment, rather than reducing the size of leaks. Our stylized model yields
closed-form solutions for welfare and abatement as functions of the leak size distribu-
tion and the well operators’ cost parameters. We parameterize the model flexibly, us-
ing data on leaks at the well pad level. We count closely spaced wells, and any asso-
ciated tanks, as one well pad. To construct the distribution of emissions, we combine
several datasets from different scientific teams. We match these leakage measures to
specific well pads, and we estimate the fraction that have detectable emissions. Our
main dataset uses emissions estimates collected by airplanes flying over approximately
14,000 well pads in California, New Mexico, and Colorado. We use cross-sectional
variation in the presence of detected leaks and leak size to infer the distribution of sizes
when leaks occur, as well as the well operators’ costs of preventing those leaks. These
cross-sectional estimates rely on a number of strong assumptions about functional
form and the variables we include (see sec. 4 for more details about these assumptions,
and, for a discussion on selection bias, including omitted variables bias, see sec. 4.1).

In addition to being a greenhouse gas, methane is also the primary component of
natural gas. To leak methane into the atmosphere is to lose the commodity value of
the gas, which provides some private incentive to abate emissions. However, because
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the commodity price is less than one-tenth the value of social damages from leaking,
well operators do not face a strong enough incentive to abate to the socially optimal
level.3 We use this private incentive to learn as much as possible in the absence of ex-
plicit pricing policy. We build our model assuming well operators are avoiding leaks
optimally, given this weak private incentive, then extrapolate to evaluate how behavior
would change if the well operators faced some expected fee for emissions.

When we discuss audits, we consider on-the-ground measurements. When a well
pad is audited, we assume the regulator has to drive to the well pad and take downwind
measurements of the well’s emissions using standard methods approved by the Envi-
ronmental Protection Agency (EPA). These on-the-ground measurements may be nec-
essary, even when leaks can be measured remotely, because of noise in the remote sens-
ing or regulatory constraints. We assume that when the well pad is audited and is found
leaking, the regulator charges the well operator a fee. The fee is proportional to the size
of the leak and may not be equal to the social cost of emissions.

To think about a range of audit policies, we compare five cases:

(0) conduct no audits, the status quo,
(1) audit every well pad with equal probability,
(2) target audits based on well pad covariates,
(3) measure leaks remotely, using that information to target audits, and
(4) measure leaks remotely and, without auditing, assess fees based on

measurements.

Comparing each of the audit policies (1–3) with the status quo (policy 0) allows us
to think about the gains available from an audit-type policy. Comparing policy 3, which
uses remote sensing, with policies 1 and 2, which do not, offers insights into the poten-
tial for policy innovation with these new tools. Charging fees based on remote sensing
alone (policy 4) could achieve the first-best under additional assumptions. Policy 4 is
infeasible in current regulatory structures but provides an interesting point of compar-
ison. Each of these policies implies some expected fee a well operator would pay. In our
model, we will consider the deadweight loss that arises from the regulator not being
able to set the expected fee to the optimal level.

In these policies that use remotely sensed data, as in any policy that depends on
measurement, the effectiveness of the policy depends on the quality of the measure-
ment. For our context, the detection threshold is an important concern. In our analysis,
we assume that these measurements are available from recently or soon-to-be-launched
methane-observing satellites, using realistic values of their detection capacity (Cusworth
et al. 2019).
3. See the discussion of relative levels in n. 8.
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These are relatively simple policies. Although they do not offer the gains of dynamic
enforcement or sophisticated mechanism design, they do allow us to focus on the gains
achievable under feasible policies and how outcomes change as technological innova-
tions make more information available (cf. Oestreich 2017; Cicala et al. 2019; Blundell
et al. 2020). While the cross-sectional data on leak occurrence and size we rely on to
determine abatement costs limit our ability to precisely quantify expected fees or dead-
weight loss under any particular policy, these data are useful for approximating the
magnitudes of these outcomes and, more importantly, for comparing results across dif-
ferent policy scenarios. We use these policies as tools to think about the space of po-
tential pricing options and how that space is changed with the availability of remotely
sensed measurements.

We estimate that audit policies yield gains over the status quo of no fees. These gains
vary dramatically with the fee amount and the specifics of the policy. The different
policies we consider translate into different expected fees for emitting. For instance, the
uniform audit policy 1 has the same expected fee for every well, and that expected fee in-
creases as the audit probability or the allowed fee increases. For a mid-level fee and 1%
of wells audited, the average expected fee is $0.0129 per ton of carbon dioxide equiv-
alent (CO2e).

4 That policy leads to a reduction of 0.3% of the deadweight loss (DWL),
measured as the difference between the policy 0 and the Pigouvian first best. In this
scenario, average emissions would fall by 3.6 tons CO2e per well pad per year. With
the same audit budget and fee level, the average expected fee under policy 2, which tar-
gets audits based on well covariates, is still $0.0129 (mechanically the same as the uni-
form policy 1), but the expected fee is heterogeneous across wells. Now the reduction
in DWL is 1.14%, and the average decrease in emissions is 13.3 tons. Note that the
relatively low expected fees are partly due to the infrequency of audits, so the expected
fee is considerably lower than the fee a well pad would pay when the well pad is audited
and a leak is found.

Policy 3 considers targeting on observed leaks. In this case, the regulator can prior-
itize wells that were observed to be leaking, saving some of the effort of auditing wells
when they are not leaking. For the same audit budget and allowed fee (with a high de-
tection threshold of remotely measured leaks), there is a much higher expected fee:
$0.577 per ton CO2e. The higher expected fees incentivize the well pad operators to
abate more, leading to a DWL improvement of 16%, and average emissions declines
of 189 tons.
4. Throughout this paper, we use a CO2e conversion factor of 29.8, the standard 100-year
GWP from the Intergovernmental Panel on Climate Change (IPCC) AR6 (Forster et al. 2021).
There is a lively debate, e.g., Allen et al. (2018), about the correct way of comparing emissions of
different greenhouse gases. All of these estimates come with uncertainty—the most recent GWP
estimate is 29:8 ± 11—but in our calculations, we assume they are exact.
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These results highlight the importance of both measurement and regulatory con-
straints. If there were no limits on the size of fees for leaks, a sufficiently high fee could
be employed to induce efficient abatement without targeted audits. Given realistic con-
straints on fee amounts and the rarity of leaks, untargeted audits produce very small
welfare gains compared to audits that are targeted based on remotely sensed informa-
tion. If the allowed fees are severely constrained, even targeted audits yield small gains.

Though the estimates in our study focus on methane emissions, we view our results
as a contribution to several broader literatures. Most directly, we contribute to the dis-
cussion of designing and evaluating policy with imperfect measurement. The challenges
of imperfect measurement and imperfect targeting arise in many environmental ques-
tions, such as regulating nonpoint pollution, as well as other economic topics such as
tax evasion, teacher value-added, and principal-agent problems (Allingham and Sandmo
1972; Harrington 1988; Segerson 1988; Gilpatric et al. 2011; Chetty et al. 2014;
Gilpatric et al. 2015; Oestreich 2015, 2017; Cason et al. 2016). In all of these areas, if
regulators could accurately observe individual actions, they would be able to achieve their
goals much more directly. However, lack of accurate, individual measurement leads to
more complicated policies that draw inferences from indirect evidence. Our research
highlights the value of one type of indirect measurement: remote sensing measures that
guide on-the-ground audits.5We compare the policies that are achievable with and with-
out these additional data and show substantial welfare gains from the additional informa-
tion. We are, of course, not the first to suggest targeting environmental audits based on
measurements. Duflo et al. (2018) highlight the small gains from uniform auditing, the
value the regulator’s existing targeting efforts and, importantly, the role additional mea-
surement could play in targeting.

Second, we contribute to the innovation literature, considering how technological
progress in measurement allows for policy innovation. Newly available methane mea-
surements are a form of innovation, enabling policies that were not previously feasible.
Thus, we contribute to a line of innovation literature that includes Nagaraj (2021),
which considers a private-sector case where satellite imagery enabled entry by small
firms and changed the structure of the market.

Finally, we are contributing to a relatively small literature on policies to address
methane emissions. Recent papers Mohlin et al. (2022) and Dobson et al. (2023) pro-
vide a thorough discussion of policy options available to reduce methane emissions, in-
cluding a detailed discussion of the measurement challenges inherent to this sector.
Ravikumar et al. (2020) is the only study we are aware of that estimates the observed
change in methane emissions from a change in policy. The authors performed repeated
surveys of a small number of facilities before and after a leak detection and repair
(LDAR) program began, and estimate a 44% reduction in emissions.
5. Alix-Garcia and Millimet (2022) provide a relevant guide to real-world challenges of sat-
ellite data, particularly for measuring binary outcomes.
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Two recent papers by LeviMarks provide a point of comparison for pricing methane
emissions. Marks (2022) estimates the elasticity of methane emissions—reported in
the EPA’s greenhouse gas reporting program (GHGRP)—with respect to the com-
modity price of natural gas of methane emissions. That paper, like ours, estimates
abatement costs in the absence of any direct price on emitting methane. To get around
the lack of existing policy, that paper notes that the private incentive to sell natural gas
into the commodity market can proxy for a fee on methane emissions. We rely on the
same argument. Because natural gas prices move in a limited range and are always much
lower than the social cost of methane emissions, Marks (2022) considers a $5 per ton
CO2e tax on emissions to avoid extrapolating too far from the data. The paper esti-
mates that this tax would result in an emissions reduction of 56%. To estimate a com-
parable policy, we will consider $5 per ton CO2e as the low-end fee a regulator might
charge. We find sharply different results for our $5 fee case, largely because our low
audit probabilities lead to an expected fee much lower than $5. When we consider ex-
pected fees of $5.06, we find results in a similar range, as long as the regulator is able
to detect leaks remotely. For instance, an expected fee of $5.06 per ton of CO2e leads
to emissions reductions of 665 tons CO2e per well pad per year, from a baseline of
1,540 tons (a 43.1% reduction).6

This similarity is notable as Marks (2022) uses a different source of identifying var-
iation and a different measure of methane emissions. That paper uses variation in the
price of natural gas to identify the change in reported quantity emitted, while we use
the variation in leak sizes and occurrence (see details in sec. 4). That paper uses reported
emissions at the operator-basin level from the EPA inventory, which undercounts the
large, rare leaks that make up our dataset (Robertson et al. 2020). Finally, Marks
(2022) estimates abatement of aggregate operator-basin emissions, whereas we esti-
mate abatement in the probability of a leak at each well pad.

Marks (2019) uses the same abatement figures asMarks (2022) to consider the wel-
fare gains from a sampling-based tax: some fraction of a firm’s facilities are randomly
sampled with a ground-level measurement, and the firm is assessed a tax based on the
sample. That paper takes a similar approach to our audit designs, particularly our con-
sideration of targeting on covariates (policy 2). Unlike our work, that paper focuses on
firm-level emissions, auditing a subset of the firm’s facilities and charging a fee based
on the firm’s estimated total. We consider each well pad individually and also focus
on the challenge of using remotely measured leaks to target audits. In future research
we hope to consider a variety of more sophisticated audit policies, including ones that
integrate well ownership.
6. Using the notation defined in sec. 2.2.1, the fee level is equal to t × T 5 d × 48 days. At
this fee level, the expected fee is about $5, which is aligned with the $5 level in Marks (2022).
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1. BACKGROUND

1.1. Institutional Setting

We first provide background on the institutional details of our setting, a discussion of
the more traditional economic approaches to regulation, and a sampling of the relevant
literature. These details motivate the approach we take in our theoretical modeling as
well as the constraints we consider for the regulator.

The upstream production of the US onshore oil and gas sector emits approximately
6–10 million tons of methane per year (as of 2015), which is approximately 25% of
total US methane emissions or 180–290 million tons of CO2e (Alvarez et al. [2018]
provides emissions estimates for 2015).7 Using a social cost of methane of $2 per kilo-
gram (kg), these upstream emissions work out to $12–$19 billion per year in climate
damages, before downstream leaks or emissions from burning the fuel.8 For comparison,
the contribution to gross domestic product (GDP) for the entire oil and gas sector,
less wages and depreciation, averages $34 billion per year (BEA 2019, 2020).

There is little policy addressing methane emissions, either in the United States or
globally, though this is an active area of policy development (US EPA 2024). Some of
the most active current regulations are in Colorado, which require well operators to
visit wells and look for leaks. Other states and the US federal government have consid-
ered or begun to implement similar regulations. In these policies, the well operator is
required to visit the well at some frequency. In Colorado, this ranges from once in the
well’s lifetime to every month, depending on the well’s size and location.Well operators
need to record, report, and repair their leaks. There is no penalty for reporting leaks. In
fact, the Colorado regulator views a high number of found-and-fixed leaks as a success.
These LDAR policies, like the audit policies we consider in this study, reflect the pol-
icymaker’s limited resources andmeasurement challenges.9 The recent federal methane
rule, finalized in March 2024, includes a “Super Emitter Program” that allows specific
third parties to report leaks over 100 kg/hr to the EPA. The EPA then informs the
well operator, who is required to take corrective action. (Coincidentally, this is the same
size of emissions we consider for the satellite detection case in sec. 5.)
7. CO2 emissions from the western US electricity grid were about 245 million tons in 2018
(US EPA 2020a).

8. Using a global warming potential of 29.8, $2/kg of methane would convert to $51.55/ton
CO2e, or about $ 30/1,000 cubic feet (mcf ) of natural gas (Forster et al. 2021). In contrast, the
prices matched to wells in this analysis are approximately $2.30—3/mcf. Recent EPA updates
have estimated $1.65/kg for emissions in 2020 and $2.40/kg for emissions in 2030 (in 2020
dollars; US EPA 2023a), though methane damages remain an active area of research (e.g., re-
cent work by McDuffie et al. [2023] would approximately double the estimate).

9. Agerton et al. (2023) provide a nice summary of the policy challenges and a number of
open questions around the economics of flaring and intentionally venting methane, in addition
to the leaks considered in this study.
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This study considers audit policies as a compelling alternative.10 We focus on audit
policies because they are a traditional tool of environmental, health, and safety regulation.
Audits also set an expected price on emissions, which can be helpful when the regulator
does not know the optimal abatement technology or behavior for each well operator.
However, these audit policies face challenges. First, visiting wells is expensive and time-
consuming. The EPA estimates that it costs $450–$600 per visit (US EPA 2020b).
Other estimates are lower but easily over $100 per well pad for on-the-ground audits.11

Second, the fees that the regulator charges are limited. In this study, we focus on modeled
case where the regulator is able to audit 1% of wells each year. If an audit program is
implemented, audit rates may be considerably higher or lower. The US income tax ex-
amination rates are in the range of 0.5%–1.0%, depending on the year.12 EPA man-
dated examination rates of large point source polluters are once every two to five years.13

Remote sensing may provide valuable but imperfect information. We consider the
role satellite measurements may play in an audit or pricing policy. Our depiction of re-
mote sensing is somewhat stylized. We assume that the remote measurement is per-
fectly accurate, except for a detection threshold. In our application, we assume that
high detection threshold is a uniform 100 kg/hr of methane. Because we assume well
operators respond purely to the expected value of a fee, any measurement error in as-
sessing the fee does not matter to our model, as long as the measurement is unbiased.
Noisy measurement does matter in the real world. For instance, if fees are assessed re-
motely, large enough errors could inefficiently force the well to declare bankruptcy,
but we put these concerns aside. Appendix table A1 (tables A1–A5 are available online)
provides more detail on satellite measurement error.14 With additional real-world con-
straints, including cloud cover, leaksmay not be detected, evenwhen the leak is very large.
Emissions detection technologies, both remote and ground-based, are evolving rapidly.15
10. We do not consider the horse race between audits and a stringent LDAR program; we
do not have the data to make that comparison.

11. Personal correspondence with Arvind Ravikumar (at the time, assistant professor of en-
ergy engineering, Harrisburg University of Science and Technology), May 22, 2020.

12. For example, see table 17 of the Internal Revenue Service Data Book, 2020: https://
www.irs.gov/pub/irs-prior/p55b–2021.pdf.

13. See https://www.epa.gov/office-inspector-general/report-clean-air-act-facility-evaluations
-are-conducted-inaccurate-data.

14. Other recent work, particularly Irakulis-Loitxate et al. (2022, 520), notes that “satellites . . .
have demonstrated a detection capability of at least∼30–1800 kg CH4/h for a range of continental
O&G extraction regions,” and that their detection threshold for the more challenging context of an
offshore oil platform was 1,500 kg/hr.

15. For example, theMethaneDetectionTechnologyWorkshop organized by theUSEPA in
August 2021: see https://web.archive.org/web/20211227234318/https://www.epa.gov/controlling
-air-pollution-oil-and-natural-gas-industry/providing-information-epa-upcoming-oil-and.

https://www.irs.gov/pub/irs-prior/p55b%5F2021.pdf
https://www.irs.gov/pub/irs-prior/p55b%5F2021.pdf
https://www.epa.gov/office-inspector-general/report-clean-air-act-facility-evaluations-are-conducted-inaccurate-data
https://www.epa.gov/office-inspector-general/report-clean-air-act-facility-evaluations-are-conducted-inaccurate-data
https://web.archive.org/web/20211227234318/https://www.epa.gov/controlling-air-pollution-oil-and-natural-gas-industry/providing-information-epa-upcoming-oil-and
https://web.archive.org/web/20211227234318/https://www.epa.gov/controlling-air-pollution-oil-and-natural-gas-industry/providing-information-epa-upcoming-oil-and
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It is possible that future regulation will require frequent or continuous monitoring, but
it is also possible that these methods are found to be too noisy—or require too much
operator discretion—to use as the basis of an emissions fee.

Emissions at oil and gas wells come from a variety of sources. There are a large num-
ber of small, intentional vents. This venting is the expected result of equipment oper-
ating properly.16 Large intentional vents are rare, as the operator would typically set up
a flare to burn the gas.17 There are a large number of small, unintentional leaks from
various pieces of equipment.

Finally, there are a relatively small number of large leaks. These large leaks are re-
sponsible for the majority of emissions. At any point in time, a small fraction of well
pads are leaking—in our dataset, on the order of 1%–3% have a detectable leak. These
large leaks are often from tanks left open or other valves that were not sealed (Lyon
et al. 2016). They also occur during the drilling and fracking process (completions),
and when wells blow out. This is the population of leaks we consider in the study.
When we talk about “first best” outcomes or policies that are able to detect “all” leaks,
we mean policies that detect all of this population of leaks that are large enough to be
included in our dataset (see fig. 2 for details).

The small vents and leaks are easier to measure and predict. As a result, they are
better represented in the emissions inventories. Rutherford et al. (2021) find that un-
derestimated emissions from large vents and malfunctions explain the difference be-
tween the official inventory and the estimates in the scientific literature. The difference
highlighted in figure 1 represents emissions that the United States is not measuring in
official inventories, much less charging for emissions. The United States is not alone;
another recent study found a similar underestimate in the Canadian GHG inventory
(Chan et al. 2020).

Other research, such as Alvarez et al. (2018), has estimated methane leakage at the
basin, state, or nation level. These estimates are essential to know the overall leakage
rate. However, to think about leakage abatement by individual well operators, we need
to focus on individual well pads.

Mitigating these leaks depends on finding them, as well as taking care in not cre-
ating them. This care can include additional attention to closing tank hatches, or
16. Numerous papers in the methane measurement literature provide details on the differ-
ent sources and how operator decisions can affect emissions. Recent examples include Wang
et al. (2021), and the emissions categories regulated in the recent EPA methane rule (US EPA
2023d, table 2-1).

17. Flares burn natural gas and produce CO2, dramatically lowering the GHG output. They
are over 90% effective (98% when operating properly; Plant et al. 2022). However, when flaring
is penalized, operators may misreport their flaring activities (Lau 2021) or intentionally vent
unburnt gas (Calel and Mahdavi 2020).
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more frequent visits to reduce the duration of a leak. When we consider policies that
increase the expected cost of having a leak, we assume the well operator will try to
have fewer leaks, or to have the leaks last shorter amounts of time. These efforts could
be anything from additional employee training to better tank hatches to additional
LDAR visits.

The academic literature and technical white papers provide more detail on the
sources of emissions and what well operators may do to reduce them (ICF 2014; Lyon
et al. 2016; Ravikumar et al. 2020; Robertson et al. 2020; Rutherford et al. 2021).
These academic papers typically highlight the distinction between separator tanks
and all other sources of leaks.18 Tanks may have large leaks from flashing (where dis-
solved gas escapes as oil decompresses), and operators may choose to vent the gas or
collect it. Large tank leaks can also come from abnormal conditions, such as a stuck
valve (which could leak the well’s entire gas production), hatches left open, or rusted-
through holes.19 In addition to emissions from tanks, large leaks may come from diverse
sources, ranging from unlit flares to liquids unloadings. These sources vary in their
causes and appropriate abatement method, ranging from LDAR effort to equipment
Figure 1. Scientific literature finds oil and gas emissions 65% higher than EPA inventory
18. In contrast, the EPA’s greenhouse gas inventory (GHGI) does not recognize tank emis-
sions other than flashing, which results in Rutherford et al. (2021) estimating emissions from
tanks more than 20 times larger than GHGI does.

19. When we model leak sizes, we use observed leaks. We do not assume that leak sizes are
equal to gas production.
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choices. Emissions from abnormal conditions are expected to occur some fraction of
the time. For this project, we do not differentiate between normal and abnormal oper-
ations—beyond noting that the large leaks we consider are rare—since in both cases
the well operator can reduce their expected quantity of emissions at some cost.

1.2. Traditional Economics Solutions

The traditional economics solutions to reach the first best fall short in our constrained
context. The Pigouvian prescription would be to charge well operators for the damages
of their emissions (Pigou 1932). Without accurate measures of those emissions, a
Pigouvian tax cannot be implemented. The Becker (1968) or Polinsky and Shavell
(1979) approach would be to audit a small fraction of wells and charge them large fines
if they are in violation. As discussed above, the feasibility of imposing fees is limited
in this context, and alternative mechanisms such as Segerson (1988) suffer from this
limitation. Despite the low fine (and audit frequency), Harrington (1988) found that
firms often comply with environmental regulations. The paradox raised by Harrington
was first explained in a repeated game setting, where the regulator’s enforcement strat-
egy depends on firms’ past compliance performance. More recently, a strand of litera-
ture (Gilpatric et al. 2011; Gilpatric et al. 2015; Oestreich 2015, 2017; Cason et al.
2016) developed tournament models to explain Harrington’s paradox, in which firms
report their emissions and the audit probability depends on the firms’ reporting relative
to their peers. These papers study mechanisms in which firms are incentivized to dis-
close more emissions to compete with peers, as opposed to our random audit mecha-
nism. Due to the difficulty in measuring methane leaks, well operators may not have
access to enough information about their peers’ leaks and may not be sophisticated
enough to play a tournament. To address this concern, our study considers simpler sce-
narios where there is no strategic interaction between well operators. We focus on
how limited information and enforcement capacity can impact regulatory policies.

In other information-constrained contexts, the regulator often uses indirect infor-
mation as a guide but cannot act on it directly. For instance, the Occupational Safety
and Health Administration (OSHA) may decide to audit a workplace when there
are high rates of worker injury, but the OSHA inspectors still need to conduct the au-
dit before they are able to assess a penalty. In pollution contexts, from particulate mat-
ter to NOx, satellite measures regularly detect that regions are out of compliance with
the US Clean Air Act. However, satellite measurements are noisier than ground-based
measures, and only the official, ground-based measurement network is used for com-
pliance status.

Other recent papers have addressed important aspects of the methane emissions
puzzle. Wang et al. (2021) provide the only randomized intervention we are aware
of. Their ground-based LDAR intervention chose sites to check for leaks and provided
information on detected leaks to a treatment group. They find that providing this
information decreases the number of leaks by a large (statistically insignificant) amount.
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However, this finding only applies to the subset of well operators that choose to fix
leaks; 42% of sites did not record any leak repairs. Repairs are persistent—well equip-
ment that is repaired is typically not leaking when revisited, and leaks that are not re-
paired continue to leak months later. Wang et al. (2022) provides a nuanced perspec-
tive on leak intermittency and duration. That paper finds that there are substantial
changes in leak size on an hour-to-hour basis, that detected leaks last less than 20 hours
(often an hour or less), and the time between leaks is less than 10 days (often one day or
less). Leak duration and recurrence is not central to our estimation of well operators’
abatement costs but is important in determining what fee a regulator can charge. We
provide more detail in section 2.

2. THEORY

We start by modeling the decision-making process of the well operator and the regu-
lator’s response to it. The operator faces a fee on emission leaks if the well pad is audited
by the regulator and a leak is found. By solving this model, we obtain expressions for
the well operator’s behavior—including DWL and changes in emissions—as functions
of the expected fee. Using these results, we turn to the regulator’s problem in section 2.2.
The regulator aims to maximize welfare by optimizing the audit probability for each
well, subject to constraints on the number of audits they can do and the opportunities
for targeting.We consider the five policies discussed above, ranging from the status quo
to auditing plus remote sensing. The proofs of all the propositions in this section can
be found in appendix section A1.

2.1. Well Operator’s Problem: Choosing Abatement

Well operators abate by reducing the probability that a well pad is leaking, rather than
reducing leak size. We say each well pad i has a fixed potential leak size ei. The prob-
ability of not leaking, qi, is chosen by the well operator at a cost Ci(qi). We present re-
sults for a general function Ci, assuming that marginal costs are positive and increasing
(C0

i(q) > 0, C00
i (q) > 0). We assume that C00

i is continuous and C0
i is invertible.

We consider counterfactual policies that would weakly increase qi. Without mar-
ginal costs that increase sharply as qi → 1, we run the risk of assuming that wells will
choose qi 5 1. We view this corner solution of perfect abatement as unrealistic, so we
further assume limq→ 1C0

i(q) 5 ∞.
The idea of continuousmarginal costmay seem strange, whenwe often think of abate-

ment as requiring costly one-time capital investments. Recall that 1 – qi is the probability
of leaking at any particular point in time (not the probability of developing a leak).We are
thinking of abatement as largely about additional effort and monitoring by the well op-
erator: checking tanks and valves, training employees to close hatches, and so on.

While the fixed leak size assumption may seem restrictive, the important feature for
our model is that the leak size is not a choice variable. We present a static model here,
but the intuition can be extended to the case where the leak size is periodically drawn
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from a distribution conditional on the well’s covariates, rather than fixed for the well’s
lifetime. When we move from the theoretical model to estimation, we maintain the as-
sumption that leak size is not a choice variable. In general, the distribution of potential
leaks will be different than the distribution of realized leaks, even if the leak size is not
a choice variable, because the incentive to avoid large leaks is stronger.20 Overall, ignor-
ing this margin will tend to overestimate the cost of abatement. However, the extent to
which the quantity of abatement and the associated welfare gains are underestimated
or overestimated remains ambiguous because allowing the leak size to be a choice var-
iable affects both the abatement costs and incentives. While our simplifying assump-
tion of fixed leak size may impact the magnitudes of the welfare gains, we believe it does
not undermine our primary finding—information such as observed leaks can signifi-
cantly enhance the audit policies.

Even without any leak regulation, the operator has a private benefit of capturing
leaks, since the methane can be sold in the natural gas commodity market at price
pi. Without any policy, a well operator chooses its abatement effort level to maximize
its expected profit,E½pi� 5 qi � pi � ei – Ci(qi). The first-order condition (FOC) for an
interior solution is given by C0

i(qi) 5 pi � ei. As long as pi > 0, we can invert the cost
function to solve for qi.

Now consider an audit policy in which a well pad is charged a fee t per kilogram of
methane leaked if the well pad is audited and a leak is detected. Let ri be the probability
well pad i is audited. The expected fee faced by well pad iwhen leaking is ti 5 tri. Note
that ti and pi are both costs of emitting gas—from the regulator and from the oppor-
tunity cost of selling the gas—and under expected profit maximization, operators will
treat them equivalently. Therefore, the first-order condition is C0

i(qi) 5 (pi 1 ti) � ei.
Let d be the external social cost of methane, so pi 1 d is the total social loss from emit-
ting one additional unit. For all the reasons detailed above, we assume the regulator
is constrained, leading to the second-best case with an expected fee lower than the social
marginal cost, ti < d.

We assume a utilitarian objective, where the regulator tries to minimize the ex ante
DWL before leaks are realized. The DWL from setting ti < d for well pad i can be
written as the following expression:

DWLi(ti) 5
ðC0

i
–1((pi1d)ei)

C0
i
–1
((pi1ti)ei)

(pi 1 d)ei – C0
i(q)dq:

The expression aligns with the concept of the Harberger triangle in public finance—
because of increasing marginal abatement costs, the initial unit of abatement generates
significant social value, while the final unit of abatement contributes very little.
20. We are grateful to an attentive reviewer for noting this point. See additional discussion
in n. 29.
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A regulator has options to raise the expected fees, such as by increasing the overall
audit budget. Such efforts may come with their own costs, so it is crucial to understand
the potential benefits of increasing the expected fees. Proposition 1 shows that the mar-
ginal benefit of raising the expected fee decreases, which further implies diminishing
marginal benefit of increasing the audit budget.

Proposition 1 (Properties of DWL): Assume the cost function Ci is twice contin-
uously differentiable on q ∈ (0, 1), C0

i(q) > 0, C00
i (q) > 0, then DWLi is decreasing

and convex in ti.

In considering this DWL, we make a number of additional assumptions. We as-
sume there are no other market failures beyond these methane leaks. We use methane
and natural gas interchangeably in the theory section, but in the estimation, we ac-
knowledge that natural gas is not entirely methane. Finally, we assume the population
of wells is fixed and would not change under different policies. We reconsider this last
assumption in appendix section A5.

2.2. Regulator’s Problem: Choosing Audits

We consider five different policies. (0) conduct no auditing, the status quo; (1) audit
every well pad with equal probability; (2) target audits based on well-pad covariates;
(3a and 3b) target audits based on remotely measured leaks; and (4a and 4b) measure
leaks remotely and assess fees based on measurements. The a and b variants consider
different leak detection thresholds. In variant a, it is assumed that all large leaks are
detected, corresponding to the relatively low detection threshold of 5 kg/hr of methane
leaks in our observed data. At various points, we describe this as having “no detection
threshold,” since the population of leaks considered in our analysis could all be de-
tected under this detection threshold. The variant b assumes a high detection thresh-
old of 100 kg/hr, which would be a more realistic detection threshold for satellite
measures (see table A1 for more details).

Note that the ex ante DWL depends on qi, and qi itself is a function of the audit
probability ri. In the audit cases, a regulator chooses the probability each well pad is
audited, ri, to minimize the ex ante DWL. The regulator has a fixed budget ofM audits
so ori ≤ M. It is unlikely that a government agency would set a budget that equalizes
the marginal cost and marginal benefit. Therefore, we focus on the more realistic sce-
nario of a fixed audit budget, rather than optimizing the number of audits based on the
cost of conducting audits. In this study, we consider a budget level where 1% of the
wells are audited.

It is important to be clear about the timing of events. First, the regulator commits
to an audit policy. Second, operators learn their ei and choose their qi. Third, a leak of
size ei is realized with probability 1 – qi in well pad i. Depending on the policy, the reg-
ulator measures emissions. Finally, the regulator conducts audits and assesses fees. We
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assume that the revenue is used by the regulator for other unrelated purposes so down-
stream price impacts and interactions with the existing taxes are beyond our scope.

2.2.1. Fee Levels

Technically, the fee level is a choice variable when the regulator designs the audit policy.
However, as mentioned earlier, there may be constraints that prevent the regulator
from setting a fee at an optimal level, such as concerns about potential bankruptcy.
So instead of considering the less-feasible scenario where the regulator optimizes over
the fees, we assume the fees are fixed and given.We consider a range of possibly feasible
fee levels t ∈ f$5/tonCO2e, d, 2dg, where d is the social cost of methane. If every
well pad could be audited, t 5 d would be the Pigouvian prescription. The choice
of t 5 2d is loosely motivated by the result of the Exxon Valdez US Supreme Court
ruling. In that case, the Court limited punitive fees to a 1:1 ratio with economic dam-
ages (for a total of twice the economic damages; Exxon Shipping Co. v. Baker [2008]).
We consider $5/ton CO2e as the low-end value for comparison with Marks (2022).

If a well pad is audited and a leak is found, the regulator must also assume some
duration of the leak in order to calculate the total emissions that are subject to the pen-
alty. This is because audits measure the leak rate at a specific point in time, and not the
total emissions over a longer period. To simplify the modeling process, we assume an
annual time frame. The well operator pays the abatement cost annually, and the reg-
ulator conducts audits (at most) annually.21 The well operator chooses their abatement
for a year-long window, and for simplicity, we assume that when a leak occurs, it lasts
for a year. However, this modeling simplification does not affect the overall incentive
to abate. For a given leak rate and total (expected) fraction of hours leaked, both the
well operator and the regulator are agnostic to the duration of individual leak events.
But the regulator must assume some number of hours leaked to convert from a rate to
an emissions total. The regulator may not be able to charge a fee for the entire year due
to concerns about high fees. We consider a few possible values for the fee duration
T ∈ f1 week, 3 monthsg. These values aim to provide an illustrative range of T,
without the computational burden of calculating a dense grid of values.22 Note that
the total fee the regulator charges is tTei so changing the duration T is equivalent to
changing the fee level t. For instance, T 5 2 weeks, t 5 d is already covered by
21. The no-leak probability of qi should be viewed as an average probability over the whole
year.

22. If every well pad had a leak that lasted for one week per year, the fraction of wells leaking
would be 7/365 5 1:9 %, very roughly in line with the fraction of well pads that have detected
leaks (2.7%). Coincidentally, a recent EPA reporting rule suggests using six months as an as-
sumed leak duration in some cases where the duration cannot be determined in other ways
(US EPA 2023b). If the fee charged for this leak was d, it would line up with our modeled case
tT 5 2d � 3 months.
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T 5 1 week, t 5 2d. We end up with six distinct fee levels: t ×T ∈ f$5 × 1 week,
d × 1 week, 2d × 1 week, $5 × 3 months, d × 3 months, 2d × 3 monthsg.Wenote that
we use this range of fees to explore a range of possible policies—it may be likely that
the higher end of the range is not feasible for regulators.When we discuss results below,
we focus on the whole range of fees, not only the outcomes from the highest fee levels.23

In the remainder of the theory section, we setT to be one year to simplify notation.
The results derived in this section, such as the expression for DWL, can be easily mod-
ified to allow for arbitrary T, as we do in our empirical section.

2.2.2. Policies 0 and 4: No Auditing and Remotely Assessed Fees

In the business-as-usual case (0) of no auditing, ri 5 0. In the case with fees assessed
directly from remote measurements (4), there are still no audits, but wells face fees as
if they were audited with certainty. Policy 4 provides an infeasible benchmark; pol-
icies that use on-the-ground audits are more feasible. The DWL goes to zero—and
the first-best can be achieved—if the remotely sensed fee can be set to the social cost
of emissions (d) for every well. If there is a high detection threshold where wells with
small ei cannot be detected, then ti 5 0 for wells with ei below the threshold. We as-
sume that wells know they are above or below the detection threshold and choose
their level of abatement accordingly. We provide more detailed discussion of policy 4
in section 2.2.7.

2.2.3. Policy 1: Uniform Audit Probabilities

The ideal audit probability, absent any constraint or cost of auditing, would be ri 5 d/t.
For instance, if the well operator must pay two times the social cost when found leak-
ing, then it is optimal to audit them with a 50% probability. In general, a constraint
of M audits of N wells will be binding when the fraction of audits, M/N, is less than
d/t.

For the uniform audit policy (1), the constrained optimization problem is:

min
rif gNi51

o
N

i51
DWLi(ri) s:t:o

N

i51
ri ≤ M, ri ∈ ½0, 1�, ri 5 rj for all i, j:

It is easily seen that the regulator’s optimal choice of ri is:

ri 5

M
N

 if the audit budget constraint binds,

d

t
 if not:

8>>>><
>>>>:
23. In particular, in the headline results reported in the abstract, we report outcomes from
t × T 5 d × 1 week with a high detection threshold.
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Since each ri is an audit probability, it is possible that the final realized number of au-
dits will be slightly aboveM. For a realistic number of well pads (14,058 in our study,
many more in the entire United States), any exceedance will be small.

2.2.4. Policy 2: Targeting on Covariates

We next consider the case where audits are targeted on well-pad covariates (policy 2).
Figure A1 (figs. A1–A10 are available online) provides the extensive form game tree for
the payoffs under this policy.

Recall that the well operator knows the size of their leak if a leak happens ei, their
cost Ci(qi), and the regulator’s audit rule ri 5 r(Xi), where ri is a function of the covar-
iates Xi. Based on these inputs, they choose their probability of not leaking, qi. After
that, leaks are realized. If the well pad is leaking and is audited, the well operator pays
tei. If they are not audited, or audited but not leaking, they pay no fee. We assume
that the X variables the regulator uses to target audits cannot be changed by the well
operators. In our empirical analysis, the variables we include would be difficult to change
without making the well pad significantly less profitable.

The regulator’s problem is now:

min
rif gNi51

o
N

i51
DWLi(ri) s:t:o

N

i51
ri ≤ M and ri ∈ ½0, 1� for all i:

The regulator can achieve a higher welfare gain than the uniform audit case, since the
constraint of uniform ri is relaxed. Intuitively, we should expect those wells that are
more pollutant, that is, with a higher ei, to be audited with a higher probability at the
optimum. The following proposition 2 confirms this intuition under a mild assumption
that the marginal return of raising the expected fee is increasing in the leakage size.

Proposition 2 (Monotone audit rule): The regulator achieves a higher welfare gain
in policy 2 than in policy 1. The optimal choice of ris exists and is unique. Moreover,
if the marginal return of raising the expected fee is increasing in the leakage size ei,
that is, ∂2DWLi/∂ti∂ei < 0, then the optimal ri is monotonically increasing in ei.

In choosing the audit rule r(X), the regulator tries to set the optimal ex ante incen-
tives for the choice of q. In the empirical implementation, we choose r based on the
predicted DWL, which is itself a function of our X variables. Therefore, we simply
allow the regulator to choose a vector of ri, one for every well. This vector is implicitly
a function of X. We discuss further in the estimation section 4, particularly about the
distinction between targeting ri and ex post policy evaluations.

2.2.5. Policy 3a: Targeting on Leak Observations

We next consider policy 3a that targets audits based on ex post observed leaks with a
low detection threshold. Here, the regulator is able to observe whether wells are
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leaking—and the leak sizes—before choosing whether to audit. Even though the leak is
measured remotely, on-the-ground measurements may be required for legal reasons
as we discussed earlier. Since leaks are rare, the regulator can now use the audit budget
much more efficiently, as they waste less effort auditing wells that are not leaking. Fig-
ure A2 provides a game tree for this case. With near-perfect measurement, the only
reason not to audit a well pad that was found leaking would be if the audit budget
was extremely small.

In the uniform and target-on-covariates policies (1 and 2), the probability of audit-
ing a particular well pad remains the same regardless of whether a leak occurs or not.
This is no longer true in policy 3a. The expected number of audits is now the sum of
audits when the well pad is leaking, times the probability it is leaking plus audits when
the well pad is not leaking, times the probability it is not leaking. In the target-on-
covariates case, the probability of being audited when leaking and when not leaking were
the same, since audit probabilities depended only on the X, not on the realized leaks.

The regulator’s optimization problem is the same as policy 2, except now the bud-
get constraint becomes:

o
N

i51
(qi � 01(1 – qi)ri) ≤ M:

Note that the qi here is qi(ri) after responding to the audit policy (as opposed to the
status quo value of qi under policy 0). With every leak observable, it is optimal for
the regulator to set the audit probability to zero when there is no leak. This is because
doing so will not affect the well operator’s abatement incentive and can save audit
budgets. Moreover, from the relaxed budget constraint, it is easily seen that the regu-
lator can achieve a higher welfare gain than policy 2. The welfare gain from targeting
on leaks can be viewed as the value of information. We summarize the discussion in
proposition 3.

Proposition 3 (Value of information): The regulator achieves a higher welfare gain
in policy 3a than in policy 2. Moreover, it is optimal for the regulator not to audit
wells without observed leaks.

2.2.6. Policy 3b: Targeting on Leak Observations, Only Observing the Largest Leaks

The last audit scheme we consider is policy 3b, where we are targeting on observed leaks
with a high detection threshold. In this case, failing to observe a leak might mean that
the well pad is not leaking, or it might mean that the well pad has a leak below the de-
tection threshold. This case is a variant of policy 3a, allowing the detection threshold
to be a meaningful limit on the regulator’s ability to observe leaks. The game tree and
math are somewhat more involved—intuitively, the regulator plays a game where
policy 3a is available for wells with detected leaks, while the other wells can only
be targeted on their covariates (as in policy 2). Figure A3 provides details.



1408 Journal of the Association of Environmental and Resource Economists September 2025
2.2.7. Policy 4: Remotely Assessed Fees

Compared to the audit policies, the remote fee policy is simple. In this scenario, the
regulator is able to measure leaks remotely and to charge a fee for emissions without
doing an on-the-ground audit. The regulator can measure every well, with zero mar-
ginal cost. We assume, as before, that this measurement is accurate, at least in expec-
tation. We do not think this is a feasible policy, but it provides a useful benchmark to
think about the possible gains of the audit policies. When the regulator is able to mea-
sure all leaks with no detection limit (4a) and is able to charge the full social cost for
detected leaks, this policy recreates Pigouvian taxation. When the fee is lower than
the social cost, the policy implements second-best Pigouvian taxation, much like a stan-
dard carbon tax. As in the measure-then-audit cases, 3a and 3b, we consider the policy
case 4bwhich includes a high detection threshold. In that case, wells without a detected
leak will not be charged any fee.

This theory section provides a set of expressions that characterize the audit prob-
abilities and DWL for a set of second-best audit policies. If audits were costless (to the
regulator and the well operator), the regulator could achieve the first best with high fees
or ubiquitous audits. The remote sensing element relaxes the audit budget, allowing the
regulator to target audits more effectively, but faces its own limitations in terms of
which leaks can be detected.

3. WELL AND LEAK DATA

To estimate the theory models we discussed above, we need data on leaks. In particular,
we need to estimate the leak size when a well pad is leaking (ei) and the cost parameters
of abatement. These estimates are based on the distribution of observed leak sizes and
the observations of whether wells leak or not. We build this dataset using scientific
studies of large leaks, matched with a database of all US wells and commodity natural
gas prices. We discuss each of these sources in turn.

3.1. Methane Measurements

There’s a robust, ongoing effort in the scientific community to measure leakage from all
parts of the oil and gas supply chain. Alvarez et al. (2018) provides a thorough discus-
sion of leaks from different sources.

Our work relies on these scientific measurements. We primarily use measurements
taken from airplanes using the “next generation airborne visible/infrared imaging spec-
trometer” (AVIRIS-NG) sensor. These studies surveyed wells in California and the
Four Corners region of northern New Mexico and southern Colorado (Frankenberg
et al. 2016; Duren et al. 2019). These flights primarily covered the San Joaquin and
San Juan basins, with some flights in other California basins. Figure A5 reproduces fig-
ures from Frankenberg et al. (2016), showing flight lines and an example of a methane
plume. These studies aimed to survey a representative sample of wells in their respec-
tive areas, with the goal of characterizing the distribution of leak sizes and estimating
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total regional emissions. See table 1 for summary statistics and table A2 for a com-
parison of the covariates between different well pad groups.24 The airplanes used in
these studies are able to detect leaks of approximately 5–10 kg/hr, depending on wind
conditions. By having flights over tens of thousands of wells, these studies are able to
Table 1. Well Summary Data

Mean SD p10 p90

A. Well Pads Included in Flyover Studies (N 5 14,058)

Age (yr) 17.9 12.7 3.5 38.7
Gas (mcfd) 117.9 1,052.9 .7 252.0
Oil (bbld) 18.3 221.1 .0 30.1
Detect leak (%) 2.7 16.3 .0 .0
Leak size (kg/hr) 195.9 239.8 26.5 413.9
Gas price ($/mcf ) 2.8 .2 2.6 3.0
Distance to next pad (km) .2 .2 .1 .5
N wells within 10 km 7,291.4 7,368.4 970.0 18,628.7

B. Well Pads Checked by Lyon et al. (2016) (n 5 8,220)

Age (yr) 9.4 9.3 1.8 22.2
Gas (mcfd) 385.4 1,864.9 2.0 678.1
Oil (bbld) 47.9 253.7 .0 70.5
Detect leak (%) 4.0 19.5 .0 .0
Gas price ($/mcf ) 3.7 .7 2.5 4.3

C. All Well Pads Active in June 2018 in CA, NM,
and CO (N 5 64,620)

Age (yr) 19.5 12.9 4.8 40.1
Gas (mcfd) 179.3 1,253.2 1.6 267.6
Oil (bbld) 36.5 245.5 .2 43.9
Distance to next pad (km) .3 .3 .1 .6
N wells within 10 km 2,879.6 4,363.6 283.0 6,145.6
24. We compare wells w
(California and Four Corners)
some modest differences in m
ith and without dete
, as well as another s
eans, but substantial
cted leaks, lookin
tudy that did not
overlap of the dis
g at our two dat
quantify leak sizes
tributions.
Note. Only wells that report positive gas production are included. In all three panels, wells are grouped
into pads; see text for details; mcfd means thousands of standard cubic feet per day; bbld means barrels of oil
per day. Well data in panels A and C from Enverus (2019). Flight data from Frankenberg et al. (2016) and
Duren et al. (2019), covering parts of California, New Mexico, and Colorado. In panel A, leak size is for
well pads with nonzero leaks (N 5 381). Prices are local to the month and state of the study, adjusted to
2019 USD. Panels A and C include our geospatial measures “N wells within 10 km” and “Distance to next
pad (km)” that were not calculated in Lyon et al. (2016).
a regions
. We find
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capture the right tail of the leak distribution in a way smaller studies cannot. However,
these measurements omit smaller emissions, which ground-based studies have found to
be quite numerous. Estimates differ, but smaller emissions may account for 20%–40%
of total methane emissions (Zavala-Araiza et al. 2015; Chen et al. 2022). Policy solu-
tions that address these smaller sources, particularly emissions from routine operations,
will differ from policies that address large and unintended leaks.

The methane measurements report measured methane plumes, including their time
and location, as well as a guess of the associated infrastructure. The scientists also re-
port the plane’s flight path, which will be important for defining the sample of wells
without detected leaks. Both the California and Four Corners studies include some leak
measurements from non-well sources, such as landfills, coal mines, pipelines, and gas-
processing facilities. We include all plumes that are either unidentified or identified as
related to an oil or gas well.

We also use evidence from Lyon et al. (2016). That study surveyed a large number
of wells for leak presence but did not quantify the leak size. The detection threshold in
that study was roughly equivalent to the AVIRIS-NG studies. These data corrobo-
rate the AVIRIS-NG studies, finding that leaks of this size are rare. When leaks are
found, they are often from separator tanks. In these data, as well as the AVIRIS-NG
studies, leaks are hard to predict. Some variables, like well pad size, are statistically sig-
nificant, but overall prediction quality is poor when considering cross-validated mean
squared error or logistic loss.

There are a number of studies that measure well leaks on the ground; however,
because they decline to publish well identifiers or covariates beyond contemporaneous
gas production, we are not able to use their data for our analysis. In figure 2 we plot
the distribution and presence of leaks included in our study. A comparison, including
Figure 2. Distribution of detected methane leaks. Sources: California and Four Corners dis-
tributions come from aircraft studies (Frankenberg et al. 2016; Duren et al. 2019). Lyon et al.
(2016) provide information about leak prevalence (with a detection threshold roughly similar to
the California and Four Corners studies) but not leak size. Lower detection limit of 5–10 kg/hr
depends on wind conditions during measurement.
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ground studies, is plotted in figure A4.25 These ground studies often note that large
leaks are from valves left open, or, most frequently, tanks with open hatches.

As mentioned above, the focus of this study is larger leaks—those detectable by the
AVIRIS-NG airplane measurements. This definition is convenient, in the sense that
it means we can sidestep the censoring in measurements and can model abatement as a
reduction in leak probability rather than a change in the distributions of sizes. This
focus on larger leaks also maintains the focus on the more important abatement op-
portunities. In the ground study data, more than three-quarters of the total leakage is
from leaks larger than 5 kg/hr.

We interpret the studies’ repeated notes about leaking tanks to mean that these
leaks are often accidents or process failures, rather than venting that occurs in the
course of normal operations. Of course, additional monitoring is not free; it requires
additional personnel and training. Unlike some of the pollution control literature,
we are not thinking of abatement as a one-time capital expense, though additional cap-
ital investments may play some role.

A number of wells in California are flown over multiple times. These revisits do not
occur often enough or for enough wells that we can use panel methods and consider
the evolution of leaks over time. At the same time, we do not want these multiple re-
visits to affect our cross-sectional data analysis, so we currently consider only the first
time each well pad was flown over. In future research, it may be valuable to use these
repeat observations to provide more complete information on leak occurrence and
persistence.

3.2. Well Data

Well data are from Enverus, formerly known as DrillingInfo. These data cover all wells
in California, New Mexico, and Colorado, the primary states in our analysis. As men-
tioned in the previous section, the methane measurement flights have recorded flight
paths (see an example in fig. A5). We use these paths to determine which wells the
plane flew over and could have measured. We exclude wells that did not have any
gas production during the month of the flight. While wells are designated either oil
or gas wells, a large majority produce both. In these states, 98.9% of well pads report
nonzero gas production. See table 1 for summary statistics on wells in our analysis.

Wematch observed plumes to well pads based on geospatial location. Before match-
ing with leaks, we aggregate individual wells to well pads.We define well pads as groups
of wells that are very near one another. Following Omara et al. (2018), we consider a
50-meter (m) radius around each well’s surface location and take the union of any cir-
cles that intersect. In the more densely packed San Joaquin basin, we use a radius of
25. Studies included in that figure are Rella et al. (2015), Frankenberg et al. (2016), Lyon
et al. (2016), Omara et al. (2016), Robertson et al. (2017), Omara et al. (2018), and Duren
et al. (2019).
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20 m. We match the detected methane plumes to wells, matching each plume to the
nearest well pad within 500 m—we assume plumes farther away are from non-well
sources and we leave them unmatched. Thirty-one of methane measures are dropped
in this matching. It is possible these leaks are from other sources, including natural
sources, defunct wells, or other sources that are not in-scope for this study. It could
also be that the well pad is not exactly at the location reported in the data.

3.3. Price Data

We use the private incentive generated by the commodity value of natural gas to esti-
mate our cost coefficients. The natural gas price is an important part of the model, and
it would be desirable to see how well operators respond to varying prices. But since we
do not observe within-well price variation, and the price variation in our period is very
minimal across wells (see fig. A7), the price variation is not the primary source of var-
iation used to identify the well’s cost parameters.

The ideal price data would tell us what each well operator was paid for its gas pro-
duction. That information is not available, so we instead use gas prices at trading hubs
near the wells. We use the average of the SNL Financial (SNL) series “SoCal Gas” and
“PG&E, South” for California wells and “El Paso, San Juan Basin” and “Transwestern,
San Juan Basin” for the Four Corners wells.26 Prices are in 2019 dollars, adjusted using
core Consumer Price Index (CPI) (BLS 2019). These averages are plotted in figure A6.
Thematched values we use in estimation are plotted in figure A7. These prices are mid-
stream, at the trading hub. The prices operators receive can be modestly lower than
trading hubs (because of transportation costs), or modestly higher, because of the value
of natural gas liquids included in the production (Agerton et al. 2023).When the well-
head price is lower than the price we use, it will lead to a small upward bias in our es-
timated cost of abatement and, therefore, a small downward bias in the estimates of
gains from policy.

If we had more data on methane leaks, particularly measures of the same wells or
subregions over time, we could use variation in the price of natural gas to identify
our coefficients. We do not have this panel structure. While there are a few repeated
measurements, the current data are mostly cross-sectional. (For well pads observed
multiple times, we take the first observation.) There is some variation in prices across
states, but we think it would be inappropriate to rely on this small variation to identify
cost parameters—too many other things change with geography. The identifying var-
iation in this study comes from wells with different leak sizes, and the prices those wells
face. In our model, a well operator considers the leak size ei as exogenous and chooses
the abatement efforts that affect the leak probability 1 – qi in response to ei and the
26. Details of SNL’s indexes are available in their methodology description: see https://
www.spglobal.com/platts/plattscontent/_assets/_files/en/our-methodology/methodology
-specifications/na_gas_methodology.pdf (accessed October 27, 2020).

https://www.spglobal.com/platts/plattscontent/_assets/_files/en/our-methodology/methodology-specifications/na_gas_methodology.pdf
https://www.spglobal.com/platts/plattscontent/_assets/_files/en/our-methodology/methodology-specifications/na_gas_methodology.pdf
https://www.spglobal.com/platts/plattscontent/_assets/_files/en/our-methodology/methodology-specifications/na_gas_methodology.pdf
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cost of losing the gas. This relationship enables us to identify the abatement cost func-
tions by observing the leak sizes.

4. ESTIMATION

To estimate the effects of policy, we need to know the probability of leaks, how that
probability responds to well operators’ incentives, and the size when leaks occur. The
scientific studies mentioned above are primarily focused on total leakage or on the right
tail of emissions (termed “super-emitters”). Our goals are closely related, but because
we are focused on the effect of an achievable policy, we are more focused on the prob-
ability of a well pad having a large leak or not.

We note two important features of the leak distributions. First, the distribution
of leak sizes has a long right tail, as discussed in original papers that measured these
leaks. Like those papers, we find that a lognormal distribution fits the measurements
well. Second, we note that in the airplane studies, over 95% of wells do not have ob-
servable leaks. To fit these nondetections, we estimate a two-part model, estimating
a logit model for whether a leak is detected, and a log-linear model for leak size in the
subsample with detected leaks.

We are interested in the predicted values of leak size and occurrence, not the coef-
ficients on particular variables. In econometric terms, we care about the predicted val-
ues ŷ; the estimated coefficients like β̂ are only a means to that end. If we were inter-
ested in β̂ itself or “undoing the selection” of which wells leak, we might have wanted a
Heckman-style selection model, but this type of model performs poorly in the absence
of valid instruments.27

In section 4.2, we derive our estimating equations, starting with the leak size and the
well operators’ cost function. Taking these equations to data requires some specific
functional form assumptions. More detailed implementation choices, including priors
for our Bayesian model, are in section 4.3. We then discuss moving from the estimated
model coefficients to predicted values in section 4.4. Draws from our posterior distri-
bution of predicted values are then used to calculate simulated policy outcomes in sec-
tion 5. We begin with a consideration of selection bias.

4.1. Selection Bias

Our analysis makes causal claims about counterfactual behavior: what would happen to
leak probabilities if the cost of leaking increased? To identify these causal effects, we
rely on a selection-on-observables assumption. There are two major ways selection bias
could arise in our setting. The first is if the set of wells that were flown over are system-
atically different from other wells in the same basin. The second is if there are omitted
27. Manning et al. (1987) find that our type of two-part estimation performs well, even
when the selection model is not the true data-generating process.
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variables that affect the well operators’ cost of avoiding leaks and are correlated with our
estimated leak size.

We view the first case, sampling bias, as unlikely. The scientific teams planned their
flight routes to sample a large fraction of the wells in the relevant basin. In choosing
their flights, their goal was to have representative measurements, not to measure spe-
cific wells or find the largest leaks. Of course, there will be differences between geologic
basins. We think these measurements are representative of the sampled basins at the
time of observation, but more measurements would be necessary to draw conclusions
about the national population of wells.

The second case, omitted variables bias, is a larger concern. As we said above, the
identifying variation is that wells with different levels of the covariates have different
leak probabilities, and different leak sizes. We are assuming that, conditional on leak
size and the heterogeneity allowed in the well operators’ cost functions, leak probability
is independent of other factors affecting cost.

A counterexample, where omitted variable bias could occur, would be if wells near
Los Angeles face higher labor costs, so have higher costs of increasing q, but also tend to
leak less often because of their geology.28 This correlation is not included in our model
and would generate biased estimates.We do include basin indicators, but those are at a
large geographic scale. To evaluate robustness, we consider some additional geography
indicators in appendix section A6.

There is also potential for nonclassical measurement error. The accuracy of mea-
surement depends partly on the wind speed when the airplane is overhead. If this mea-
surement error is correlated with other factors, such as well operators’ costs or the com-
modity price of natural gas, then our estimates of the operators’ abatement costs will
be biased. For densely spaced wells, it is unlikely but possible that the leak is matched
to the wrong well, which would be another form of measurement error. We believe
these issues of selection and measurement error are small relative to the first-order ef-
fects we estimate—particularly because we focus on the relative gains of different pol-
icies instead of the specific dollar-value gains.

4.2. Estimating Equations

Our empirical analysis follows closely from our theory. The estimation process involves
two parts: estimating the leak sizes and estimating the cost function in the well op-
erators’ first-order condition (FOC). Our goal is to estimate a joint distribution of
the exogenous parameters in the model—the well operators’ cost parameters and pa-
rameters that determine leak sizes—that best fits the observed leak size and occurrence.
In the section below, we detail the specific functional form assumptions we apply, bring-
ing the general forms presented in the theory section to estimable models.
28. To address this specific example, we could include Bureau of Labor Statistics (BLS) es-
timates of county-level labor costs, but omitted variables would remain a concern.
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4.2.1. Leak Size

We model the measured leak size, ei, as lognormal. This choice fits the leak sizes rea-
sonably well, and is standard in the methane measurement literature.29 One wrinkle
to the estimation is that the lognormal distribution has positive probability everywhere
above zero, but our leak measurements are censored below by the AVIRIS-NG detec-
tion limit of 5–10 kg/hr (depending on local wind conditions). We assume that there
is no upper detection limit. To adjust for the lower limit, we model ei – e ∈ (0,∞) as
the dependent variable, where e 5 5 is the approximate censoring threshold. Let Xi

be well pad i’s covariates. We model the detected leaks as follows:30

ei ∼ LogNormal(Xiβ, j) 1 e,

where β and j are parameters to estimate.

4.2.2. Cost Function

To apply the cost functions to the data, we need a specific functional form.We assume
a cost function C, parameterized by heterogeneous values Ai and ai. (See below for
details on the heterogeneity allowed in Ai and ai.) In broad terms, Ai scales the level
of the cost and ai determines the elasticity with respect to the probability of leaking,
1 – qi. We assume:

Total cost:  Ci(qi) 5 C(qi;Ai, ai) 5 –
Ai

ai 1 1
(1 – qi)

ai11,

Marginal cost : C0(qi;Ai, ai) 5 Ai(1 – qi)
ai :

This cost function Ci(qi) has a constant elasticity of ai 1 1 with respect to the prob-
ability of having a leak, 1 – qi. In turn, the marginal cost function has an elasticity of ai.
The cost parameters Ai > 0 and ai < –1 allow for heterogeneity across wells. We
choose this form because it is relatively simple, allows for rich heterogeneity, and sat-
isfies our cost function assumptions. However, other cost functions are certainly pos-
sible, and, because our analysis extrapolates beyond current abatement costs, alterna-
tive cost functions could yield significantly different results.

We canmanipulate this cost function to consider the well operators’ first-order con-
dition (FOC), as they optimize their choice of qi. In our data, there is no fee on emis-
sions, so at the baseline wells set their marginal cost equal to the value of lost gas. We
29. Note that the distribution of leak sizes will change as well operators choose abatement
effort based on the potential leak sizes. This is because the incentive to fix larger leaks is greater
than the incentive to fix small leaks, for a given cost of repair. Consequently, there are fewer
large leaks in the distribution of realized leaks, compared to the distribution of potential leak
sizes.

30. About notation: “∼” indicates “is distributed as” and “5” indicates “is equal to.”We use
logit–1 as the inverse logit function, logit–1(z) 5 exp(z)/( exp(z) 1 1).
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can define some notation: pi is a price (dollars per kg of methane), ei is a leak rate (kg/hr),
and H is the period of hours that the well operator’s choice of qi applies to (one year).
Then the expected value of the lost gas is (1 – qi)pieiH. Rearranging the terms of the
FOC yields the following expression of the status-quo (policy 0) qi, which we define ~qi.

1 – ~qi 5
pieiH
Ai

� �1/ai

: (1)

In the data, we do not observe leak probabilities, only leak occurrence. Define di ∈
f0, 1g as the observation of having a leak for well pad i so we have:

di ∼ Bernoulli(1 – qi):

We can use the observations of status quo di to estimate ~qi.

4.2.3. Explanatory Variables and Cost Parameter Heterogeneity

The wells in our sample are quite heterogeneous, and we want to incorporate this het-
erogeneity into our cost parameter estimates. We allow Ai and ai to depend on ob-
served well pad covariates.

The simplest approach would be to allow Ai and ai to be affine combinations of
our covariates. Because the acceptable ranges of these cost parameters are bounded,
with Ai ∈(0, eipiH) and ai < –1, we add an inverse logit transformation to scale the
values such that the combination lands in the acceptable range:

Ai 5 logit–1(Xiw) � pi � ei � H ∈ (0, eipiH),

ai 5 –1/logit–1(Xif) < –1:
(2)

The choice of explanatory X variables matters in this analysis, though for a different
reason than in many analyses. They have some role in controlling for endogeneity (dis-
cussed in 4.1), but their role is at least as important in allowing for well pad heteroge-
neity. The variables we include are the inverse hyperbolic sine (IHS) of gas production
per month when the measurement occurred, the IHS of oil production that month,
geologic basin indicators, drilling direction indicators (to capture fracking), and the
fraction of production from oil (i.e., oil to gas ratio, converting gas to oil-barrel equiv-
alents). All of these are active wells. We use IHS, rather than logs, for oil production
because some wells produce no oil and we do not want to drop them. We use IHS for
gas production only for symmetry with oil; we have dropped wells with zero reported
gas production. These oil-only wells may still have methane emissions, but our private-
benefit abatement model would be a poor fit for abatement behavior at these wells.
Summary statistics for these variables are in table 1. There are other variables in the
well dataset, including specifics of well location and production history, identifiers for
the well and the operator, and timing of well drilling and spudding. Information on
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gathering lines is present but incomplete.We chose the specific variables listed in table 1
because they are central descriptors of the wells, available for every well, and parsimo-
niously describe the wells’ activity. Of course, it would be possible to use other variables,
or other functions of these variables. We explore robustness to using subsets of our
preferred variables in appendix section A6.

With all of these functional form assumptions in place, our goal is now to estimate
the parameters β, j, f, and w, the underling parameters that determine leak sizes and
cost of reducing leak probability.

4.3. Estimation Implementation and Priors

The functional forms described above lend themselves to a likelihood-based frame-
work, where leak sizes are described by the assumed lognormal distribution and leak
occurrence by the Bernoulli.

ei ∼ LogNormal(Xiβ, j) 1 e,

di ∼ Bernoulli
pieiH
Ai

� �1/ai

:

We estimate this model in a bootstrapped Bayesian framework (Huggins and Miller
2019), which allows for a better characterization of uncertainty than, for example, max-
imum likelihood. Our bootstrapping process produces a large number of Monte Carlo
draws.31 For each draw, we calculate outcomes (audit probability, DWL, emissions,
etc.). To report point estimates and confidence intervals (CIS), we use the means and
even-tailed 95% quantile ranges of the final outcome variables. This approach, called
“BayesBag,” has several advantages. First, it is relatively straightforward to estimate
this nonstandard model, with the predicted leak size entering the calculation of leak
probability. Second, Bayesian models handle uncertainty more cleanly than standard
frequentist models. (Meager [2019] highlights the benefits of this type of Bayesian
modeling in an economics context.) Finally, the bootstrap provides some robustness
to model misspecification—Huggins and Miller (2019, 1) note that “in the presence
of significant misspecification, BayesBag yields more reproducible inferences [and]
has better predictive accuracy.” Estimating this Bayesian model requires specifying pri-
ors. We choose priors that are very weakly informative on the outcome scale, following
current Bayesian standard practices (Gelman et al. 2020). Details are provided in ap-
pendix section A3.1.

The identifying variation comes from several types of heterogeneity in the covariates
and outcomes. Let us first imagine we estimated homogeneous cost parameters, withA
and a the same for all wells. We could do this estimation with no covariates, finding
31. We draw 100 bootstrap datasets with replacement, and for each dataset we generate
400 Markov chain Monte Carlo (MCMC) draws from the Bayesian posterior. We subset those
40,000 draws to 4,000 draws by taking every tenth draw.
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the values of A and a that fit the overall, unconditional leak probability given the un-
conditional distribution of leak sizes. That estimate would be unbiased if there were
no other factors that correlate with both the well’s leak probability and leak size.
We think it is important to allow for covariates that affect the cost of abatement—
for example, wells with low levels of production have smaller detected leaks—so we
define Ai and ai. These heterogeneous cost parameters vary with the covariates X. The
identifying variation here is that wells with different levels of the covariates have differ-
ent leak probabilities and different leak sizes.32

4.4. Fitted Values

To calculate the policy simulations, we need fitted values for the draws of Âi, âi, êi, and
q̂i(ti).We plug in our estimated coefficients. Each coefficient value is oneMarkov chain
Monte Carlo (MCMC) draw from the posterior distribution; we use each draw in turn
to calculate the posterior distribution of our policy simulations.

The terms Âi and âi are simple—we plug in the values of ŵ and f̂, as described in
equation (2). For êi, we use the estimated coefficients β̂. To bemore robust to violations
of the assumed lognormal distribution, we use the smearing estimator from Manning
et al. (1987) instead of using the expected value of the lognormal distribution. For that
smearing estimator, defineM as the number of wells with measured leaks in the data.
The smearing estimator uses the mean of the exponent of the residuals for leak sizes:
(1/M)oj exp(εj), where εj ≡ log(ej – e) – Xjβ̂.

The formula for q̂i(ti) closely resembles the expression above for ~q (eq. [1]) but now
must include a term for both the value of the lost gas and the fee paid. Recall thatH is
the number of hours in the well operator’s decision problem, T is the number of hours
the regulator can assume a leak lasts, and ti is the expected fee per hour per kilogram.
Combining all of these, in the fourth line we can predict how a well’s probability of hav-
ing no leak will increase when it faces expected fee ti.

Âi 5 logit–1(Xiŵ) � pi � êi � H,

âi 5 –1/logit–1(Xif̂),

êi 5 exp(Xiβ̂) � 1
Mo

j
exp(εj) 1 e,

q̂i(ti) 5 1 –
(Hpi 1 Tti)êi

Âi

� �1/âi

:

(3)
32. In unreported results, we have also modeled leak distributions that consider measure-
ment error in the AVIRIS-NG instrument. These models produced qualitatively similar mean
coefficients. However, running these models required assuming the same abatement cost param-
eters for every well, which we found undesirable. Additional modeling of measurement error
and its implications for regulation would be worthy of further research.
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The estimated values of β̂, ĵ, f̂, and ŵ are summarized in table A3. These parameters
drive our model, but the individual coefficients’ values or statistical significance are not
particularly meaningful.

4.4.1. Policy Simulation with Fitted Values

Using these values for policy simulation poses a challenge: êi is an expected value, with
lower variance than the observed distribution of ei from wells that leaked. Policy sim-
ulations that use êi could have the playing field tilted in their favor for two reasons.
First, a lower variance of emissions can make a simple audit policy, which does not
target very well, look better than it should. Second, the policy exercise becomes an
in-sample prediction, since we are using the same data to estimate êi as to target the
policy.

To avoid these issues, we calculate a new, random draw from the distribution of
leak sizes, conditional on Xi. Call this random draw e0i . We now have three different
leak rate variables. First, ei is the original, measured leak size for a subset of wells. Sec-
ond, êi is the predicted leak size that each well pad would have, if a leak occurred.
Third, e0i is a draw from the conditional distribution of modeled leak sizes, which
has a higher variance than êi. (Note that we draw and use a model-based e0i value, even
for wells with observed leaks.) The corresponding probability of not having a leak is q0i .
When we consider policies that differentiate between wells, we will target wells based
on êi and q̂i, but we will score the outcomes using e0i and q0i .

e0i ∼ LogNormal(Xiβ̂, ĵ) 1 e,

q0i 5 1 –
(Hpi 1 Tti)e0i

Âi

� �1/âi

:

Note that there is no analogous “A0
i”—we used ei in equation (2) in section 4.2 to en-

sure Ai was in a reasonable range, but we do not calculate a new Ai when we draw e0i .
The condition Âi ∈ (0, e0ipiH) still needs to be satisfied; otherwise q0i might not be a
well-defined probability. For a very small fraction of cases—approximately 0.005% of
observations across our MCMC draws—we draw a value of e0i such that the estimated
Âi ∉ (0, e0ipiH). For these cases, we redraw e0is until the condition is satisfied.

4.4.2. An Example Abatement Curve

To contextualize the estimated values of these cost parameters, we plot figure 3, which
highlights the abatement cost curve for one well, for one MCMC draw, for one imag-
ined policy that imposes some expected cost of emitting. The figure highlights that even
for a cost that is relatively small compared to the social cost, it is possible to have a
meaningful decrease in the probability of a leak. The deadweight loss in the figure is
reduced from the light gray area to the dark gray. In section 5, we perform this type
of analysis repeatedly, for each well, each MCMC draw, and each policy scenario.
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Figure A8 shows the distribution of the heterogeneous marginal cost elasticity across
wells, –âi. The bulk of these values end up around 1–1.25, though some show con-
siderably larger magnitudes. That figure takes the mean for each well pad of the pos-
terior distribution of a values.

5. POLICY SIMULATION

In this section, we consider how different policies translate into different expected fees
and how those fees affect the DWL and emissions outcomes. We begin in section 5.1
by examining how different policies and values of T and t translate into the expected
fee a well pad will pay. Then in section 5.2 we translate these fees into DWL and emis-
sions outcomes.

5.1. Audit Probabilities and Expected Fees

Recall that the policies we consider are: (0) conduct no audits, the status quo; (1) audit
every well pad with equal probability; (2) target audits based on well-pad covariates;
(3a and 3b) measure leaks remotely and target audits (with a low or high detection
threshold); and (4a and 4b) measure leaks remotely and assess fees based on measure-
ments (with a low or high detection threshold, respectively).
Figure 3. Example abatement cost and deadweight loss (DWL) reduction for one draw of one
well. The solid line represents one well operator’s estimated abatement cost curve for oneMarkov
chain Monte Carlo (MCMC) draw. The dashed lines show different expected costs of emitting:
the current private cost of lost gas, the expected cost under some policy, and a Pigouvian tax at the
social cost of emissions. Reducing the probability of a leak reduces the DWL, shown in shaded
gray areas. mcf 5 thousand cubic feet. Source: Authors’ calculations.
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Figure 4 summarizes the distribution of expected fees across wells, as a percentage
of the social cost. The x-axis groups policies according to the fee scenario (t × T) when
a leak is found. The two panels show the same outcome but use different y-axis scaling
to provide a closer view on the outcomes in the different policies. The top panel in-
cludes the uniform-audit policy (1) and the policy of targeting wells on their covar-
iates (2). The bottom panel includes the policies that feature remote detection: audits
with low and high detection thresholds (3a and 3b) and remote fees with low and high
detection thresholds (4a and 4b).

The y-axis values of figure 4 are the expected fee as a percentage of the fee that
would be assessed if the regulator charged the social cost d× one year.33 For a well pad
with leak rate ei and probability of not leaking qi, the expected quantity leaked in the
H hours of a year is (1 – qi)eiH kilograms of methane, with the associated externality
of (1 – qi)eiHd dollars. The expected fee for this well pad, which is audited with prob-
ability ri, is (1 – qi)eitTri dollars. The fee as a fraction of social cost is then (tTri)/(Hd);
Figure 4. Expected fees across policies and wells. Box plots show the distribution across wells
of expected fees. In the box plot, the point is the median well, the box is the 25th to 75th per-
centile, and the whiskers are the 1st to 99th percentile. Each value is the posterior mean across
Markov chain Monte Carlo (MCMC) draws. The upper and lower panels have different y-axis
scales. See discussion of results in section 5.1. The tabular version of this figure can be found in
appendix section A4.
33. As we discussed in sec. 2.2.1, we model the well operator choosing their leak probability
using a one-year time frame. Our modeling does not rely on a strong assumption of leaks lasting
one year.
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this is the value plotted on the y-axis. We summarize the distribution across wells in our
sample, using the mean across MCMC draws. The box plots include the median and
interquartile ranges of the well pads’ fees. The whiskers cover the 1st to 99th percentile.

Several features of figure 4 are notable. First, targeting on observed leaks dramati-
cally raises the expected fee, even for the same level of t × T. Note the very different y-
axis scaling between the top panel, where the policies do not target leaks, and the bot-
tom panel, where the policies do. Second, if we focus on the top panel, the distributions
of expected fees under the “Target covariates” policy (2) have significant variation
across well pads. For instance, in the “Medium × 3month” case, the interquartile range
of the box plot remains very narrow, with a considerable fraction of well pads facing
much higher expected fees: the 75th percentile is $0.00198, while the 99th percentile
is $2.3. In other words, the regulator of the “Target covariates” policy allocates nearly
the entire audit budget toward a fraction of well pads, which is in contrast to the uni-
form audit policy. Third, if we turn to the bottom panel, we note that the “Remote,
low threshold” case (policy 4a) simulates a standard Pigouvian tax that is limited only
by the “tax rate,” tT. For instance, in the highest fee scenario, every well pad is subject
to the same tax rate, which is half of d × 1 year. Fourth, the taller boxes for the policies
in the lower panel with high detection threshold indicate that many wells with leaks
below the detection threshold will rarely be audited, resulting in expected fees near zero.

5.2. Deadweight Loss and Emissions

We solve each policy’s optimization problem numerically, choosing audit probabilities
to minimize the DWL under the relevant constraints.34 For each policy and each set of
parameter values, we repeat the optimization process 4,000 times, once for each draw.

As noted in section 4.4, to score the policy in terms of DWL and emissions, we use
a draw e0i from the conditional distribution of êi conditional on Xi. When relevant, we
also use the draw to determine if the leak is above the high detection threshold.

Figure 5 presents percentage reductions of DWL and emissions relative to the no-
policy business-as-usual (BAU) case in different fee scenarios across policies. The emis-
sion reduction plot shares a similar pattern as that of DWL reduction, so our discussion
primarily focuses on the DWL reduction plot in the upper panel.

The target covariates policy offers an improvement over the uniform auditing policy
in relative terms. At low fees, when the absolute welfare gains from both are quite small,
the targeting on covariates leads to a DWL improvement 518% higher than the uni-
form. At higher fee levels, when both are much more effective in absolute terms, tar-
geting on covariates still yields gains 81.5% higher.
34. We note that the optimization problem is convex for the target-on-covariates policies, so
a local optimum is guaranteed to be a global optimum. The optimization problem is not convex
for the target-on-leaks policies, so we do not have the same guarantees.
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Recall that the remote fee policy with a low threshold, which is less feasible, emu-
lates a straightforward tax that is restricted only by the tax rate. Since this policy is not
subject to the audit budget constraint, it attains the highest welfare gains among all pol-
icies. In high fee scenarios, the target leaks policies achieve nearly the same DWL re-
duction as the infeasible remote fee policies. This result suggests that the audit budget
constraint can be significantly relaxed by targeting wells with remotely measured leaks.
Because leaks are rare, even with a limited budget, it can be possible to audit a majority
of wells with leaks.

For each policy, a higher fee level leads to a greater reduction of DWL, as predicted
by proposition 1. The value of information, as measured by the larger welfare gains
obtained from targeting wells with remotely measured leaks, also increases with the
fee level in the figure. In the lowest fee scenario, none of the policies perform well,
and the value of information is also minimal: the target covariates policy achieves an
0.0945% DWL reduction, while the target leaks policy with high threshold achieves
a 1.27% DWL reduction. In the highest fee scenario with minimal detection threshold,
the value of information is significant: the target covariates policy only achieves 13.7%
DWL reduction, while the target leaks policy nearly attains the first best. However,
note that the value of information is not monotonically increasing with the fee level.
When the fee level is sufficiently high (which is higher than the fee levels we considered
Figure 5. Expected deadweight loss (DWL) and emission reductions across policies and
wells. Points show the reduction from the DWL and emissions from the no-policy case.
DWL is in the upper panel, emissions in the lower. Policies are visually paired by what infor-
mation is available to the regulator. Points are posterior means; error bars are 95% CI. See dis-
cussion of results in section 5.2. The tabular version of this figure, and a version with a cardinal
x-axis, can be found in appendix section A4. BAU 5 business as usual.
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in our analysis), the audit budget constraint might no longer be binding. In that scenario,
even the uniform audit policy can achieve the first best so the value of information be-
comes zero.

The effectiveness of both the target leaks and remote fee policies is significantly in-
fluenced by the detection thresholds. However, policies with a high detection threshold
still capture a substantial portion of the welfare gains by policies with the less feasible
low detection threshold. In particular, the target leaks policy with the high detection
threshold achieves 73.7% of the DWL reduction achieved by the same policy with the
low detection threshold.

6. CONCLUSION

The five policies we consider, ranging from no audits to fully remotely assessed fees,
offer a sampling of feasible policies and infeasible benchmarks. All of the feasible pol-
icies fall short of the first best, some dramatically so. We can see the importance of the
fee level—a $5 per ton CO2e fee is not very effective, particularly when audit proba-
bilities are low. Importantly, we found that a policy that used remote sensing to guide
audits did quite well, almost as well as the infeasible policy where fees are assessed with-
out a corroborating on-the-ground audit. This remote-based policy does somewhat
worse when measurements have a high detection threshold, but overall the policy still
does quite well because it still allows the regulator to target much more effectively than
targeting on covariates alone.

In our study, policies can be improved with better information in multiple ways.
The well-level covariates and the remotely measured leaks are both sources of informa-
tion used for targeted auditing, which helps in the presence of limited audit budgets.
More accurate measurements, in terms of lower remote detection thresholds, can
further help improve targeting wells with more moderate leak sizes. In our policy sim-
ulation results, we find that the most significant improvement comes from targeting
leaks, even in the case when the detection threshold is reasonably high.

All of these policies are focused on the large, infrequent leaks that are measured in
the AVIRIS-NG datasets. Smaller leaks are more frequent, and while they make up a
minority of well emissions, it is worth targeting policy at these leaks as well. Such a pol-
icy could use audits, like the ones we consider above, or might use some other tool like a
stringent leak detection and repair (LDAR) mandate or a technology standard on com-
ponents that can leak.

To generate our estimates, we use the observed leaks to estimate the distribution
of leak sizes and the well operators’ costs of abatement, using a Bayesian bagging esti-
mate to simultaneously model the leak size and well operators’ costs.We then consider
how different policies translate into incentives the wells face, and how the operators
would change their abatement under each policy. We calculate the expected DWL
and changes in emissions for policies implemented under a number of different con-
straints, from limits on the fee that can be charged, to the number of audits that can
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be performed, to the size of leaks that can be detected remotely. These limits matter a
great deal to how effective the policy can be.

In our study, we make a number of strong assumptions. First, our study estimates
leaks of the size that can be detected by the AVIRIS-NG instrument, approximately
5–10 kg/hr. This detection threshold leaves out smaller emissions, which are more nu-
merous and contribute perhaps 20%–40% of total well pad methane emissions, de-
pending on the estimate and the basin (Sherwin et al. 2023). Second, we assume a very
specific form of abatement: we assume that well operators reduce the probability of
having a leak but do not abate the size of a leak, should one occur. We assume that
the well operator knows the size of their potential leak and optimizes their probability
of leaking. Our policy modeling considers abatement incentives that extrapolate signif-
icantly beyond the incentives we observe in the data. Third, the available data on meth-
ane leaks is limited—particularly data on leaks that are collected without preapproval
from the well operator. Many of the published leakage studies do not include details
that allow us to link leaks with other well covariates, limiting the usefulness of those
studies for our analysis. Because of this limited data, quasi-random price variation is
limited, and our analysis may have omitted variable bias. The data we use cover a few
basins in California, New Mexico, and Colorado for a small number of years in the
mid-2010s. Other basins, time periods, and policy regimes may have markedly different
abatement costs. Finally, data on leak persistence are particularly challenging to mea-
sure and, thus, lacking in the literature.35 Some of our analysis decisions allow us to
sidestep leak persistence—for instance, by considering the expected value of leak prob-
ability—but leak persistence will certainly matter for a regulator who tries to assess
the quantity emitted during a specific period of leakage.

Our findings highlight the importance of thinking about measurement and policy
together. We found that additional information on leaks can dramatically improve so-
cial outcomes. At the same time, the regulatory details matter—the policies that use
more information still perform poorly when the regulator’s ability to charge fees is se-
verely constrained. Our work contributes to a broader literature on the role of measure-
ment in determining policy outcomes.
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