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Abstract

Aerial LiDAR measurements of methane emissions at 7920 oil and gas production

facilities in the Permian Basin yield an emission rate distribution extending to the de-

tection sensitivity of the method, 2 kg/h at 90% probability of detection. The LiDAR

measurements are analyzed in combination with the heavy tail portion (> 600 kg/h)

of a distribution obtained from an intensive airborne solar infrared imaging spectrom-

etry study by Cusworth et al. to yield a more complete emission rate distribution.

Comparison of the data sets supports an assessment of the detection sensitivity of the

solar infrared study at 300 kg/h at 50% probability of detection. Emissions detected

by LiDAR increase the total emission rate for the survey region by a factor of 3.0 after

controlling for scale factors such as survey area and number of scans per facility. Ad-

ditionally, the role of spatial aggregation is highlighted as the cumulative emission rate

distribution shifts toward larger source emission rates by a factor of three when detec-

tions are aggregated to facility size scales (150 m) rather than resolved to equipment size

scales (2 m). The combined distribution derived for this study represents previously
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underreported emission sources at rates below 300 kg/h resolved at equipment-level

spatial precision.

Introduction

Methane is a potent greenhouse gas with a warming potential 80 times greater than that

of CO2 in a 20-year time frame.1 Its current global emission rate is great enough to impact

the climate significantly, with a greater contribution to global temperature rise in the first

ten years after emission than CO2 at its respective current emission rate.2 Consequently,

mitigation of methane emissions is viewed as particularly important for meeting climate

goals within the next decade. Economic sectors including agriculture, waste disposal, and

energy from oil and natural gas (O&G) are recognized as leading contributors to anthro-

pogenic methane emissions, representing domains where emissions can be most meaningfully

mitigated. In the O&G sector, emissions arise from discrete infrastructure elements and asso-

ciated processes that can often be addressed with targeted intervention. Mitigation involves

both the detection of emission sources and follow-up with repair and/or upgrade of emitting

equipment. Identifying the most important emissions drivers and tracking the efficacy of

mitigation efforts is key to making emissions reductions effective and efficient.3,4

Broadening the view of emissions from individual sources to a distribution of sources

provides large-scale context to set meaningful mitigation goals. Past characterization of

methane emission distributions has often relied on bottom-up models based on emission fac-

tors, such as those used for the U.S. Environmental Protection Agency’s Greenhouse Gas

Reporting Program and Greenhouse Gas Inventory. These models aim to identify dominant

emission sources at the component or equipment levels but have been shown to misrepre-

sent large-scale methane emissions distributions and the relative contribution of different

elements,3,5–8 with the greatest discrepancies existing in the production sector.9 In addi-

tion, emissions factors are meant to apply nationally, whereas leakage rate distributions in
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fact vary regionally and mitigation is performed locally.7,8 To more precisely account for

emissions, and to inform mitigation efforts, measurement campaigns have been conducted

to obtain locally relevant empirical data within individual production basins throughout the

United States and Canada.10–15

Many recent research efforts have focused on the Permian Basin because of its sizable

share of U.S. O&G production, comprising 43% of domestic oil and 22% of natural gas pro-

duced annually.16 Two studies on Permian methane emissions estimated region-wide O&G

system leakage rates at 3.7% of production,17,18 exceeding an estimated national average of

2.3%.7 These studies leveraged satellite observations for inversion modeling and mass balance

calculations, which are useful in benchmarking overall emissions but lack the detection sen-

sitivity or spatial resolution needed to identify individual methane sources and understand

their relation to infrastructure elements.

To provide a more specific account of emission sources, Cusworth et al. and Chen et

al. each reported on measurement campaigns in the Permian Basin using aerially deployed

solar infrared imaging spectrometers. The Cusworth study19 covered 55,000 km2 in the

Midland and Delaware basins located in Texas and New Mexico. Emission sources were

localized and attributed to individual facilities. Repeated sampling of the same sources was

used to evaluate emission intermittency. Highly intermittent sources (0-25% persistence)

were responsible for 48% of all point source emissions in the sample. The study by Chen

et al.20 was focused on the New Mexico Permian and encompassed over 90% of wellheads

in that region. Chen compared the measured emission rate distribution from their study to

that of Cusworth et al. in an overlapping spatial region and found that Cusworth detected

progressively fewer emission sources at rates below roughly 300 kg/h, while their own study

observed similarly reduced detections below 100-150 kg/h. Though the decline in detected

emission sources suggests that the Cusworth data underrepresent the actual emission sources

present below the roll-off rate, the heavy tail portion of the data set can still valuably inform

models of the emission rate distribution.
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For the present work, emissions in the Permian Basin were surveyed by Bridger Photonics’

first generation Gas Mapping LiDAR (GML) sensor. A comparison of the fully detected

part of the Cusworth emission rate distribution (> 600 kg/h) validates the assumption

that the two surveys represent measurements from the same emission rate distribution,

while the improved detection sensitivity of the GML survey is used to extend the measured

distribution to significantly lower emission rates. Emission sources at rates underrepresented

in the Cusworth survey are seen to contribute most of the total emission rate for the whole

distribution.

Methods

Different technical specifications are offered by GML in comparison to high-altitude solar

infrared imaging systems like the one used by Cusworth et al. Both technologies produce

georegistered plume imagery that is used to locate the source of methane emissions and

quantify their flow rate. Solar infrared systems can offer a greater capture rate (land area

per time), particularly if flown at high altitude, whereas GML technology scans less area per

time but offers improved spatial resolution and detection sensitivity. GML uses a spatially

scanned laser spectroscopy technique to actively probe the optical absorption of methane

plumes rather than passive imaging based on solar illumination. The instrument is flown

at altitudes in the hundreds of meters rather than several km. GML’s measured detection

sensitivity is 0.41 kg/h per m/s wind speed at 90% probability of detection,21 or 2 kg/h

at the average wind speed of 4.9 m/s in Midland, TX.22 Scans are performed at a flight

altitude of 250 m with 1 m maximum distance between LiDAR measurement points. The

GAO/AVIRIS-NG detection system used by Cusworth19 has a 4-8 m ground pixel size at

the flight altitudes used in the study (4.5 km and 8 km).

To compare spatial characteristics of the two detection systems, consider an example

of plume imagery overlaid on satellite visible imagery shown in Fig. 1. The same facility
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Figure 1: Example facility overlay with methane plume images from Cusworth (a) and
GML (b) scans superimposed on satellite imagery (courtesy Google Earth). GML emission
locations are marked by red dots. Cusworth and GML plumes were observed on different
dates; the GML image comprises plumes observed on multiple dates. GML identifies unique
emission sources at an interval of 4-5 m on a tank battery (upper center).

was observed by both AVIRIS-NG and GML on different dates. In (a), two possible gas

concentration peaks are not quite distinguishable, whereas in (b), multiple GML plumes

are visible. Pins mark localization of point sources with a precision of 2 m, which roughly

corresponds to the size of typical production equipment.

Beyond using different technology and flight altitudes, the Cusworth and GML surveys

differ in ways concerning time range, survey area, scan repetitions, and source aggregation.

As detailed below, we perform checks to support the assumption that GML and Cusworth

samples were drawn from the same emission rate distribution. We then describe the mathe-

matical considerations needed for analysis.

Simple characteristics of the GML sample suggest similarity to Cusworth. First, 96.0%

of GML detection locations lie within Cusworth’s survey region (see GAO survey polygons

in Ref. 19), with the remaining GML detections less than 70 km from the Cusworth sur-

vey boundaries. Second, the GML sample includes O&G production sites belonging to 28

operators, indicating a degree of operator diversity which is likely needed to represent the

larger distribution. Third, changes in regional emissions driven by production volume can

be broadly estimated using O&G production data. Average oil and gas production in Texas

and New Mexico differed by less than 3% between the two survey times (Fig. S1), suggesting
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little change in emissions from production scale. Finally, the Cusworth data have been fil-

tered in this work to exclude detections from O&G pipelines and unclassified sources. GML

data include detections from production facilities only. Excluding pipelines has a minimal

effect on the Cusworth distribution, as mentioned in the analysis.

Perhaps more significantly, the GML survey covered fewer facilities than the Cusworth

survey. Cusworth estimates that their survey area covered 72,000 wellheads, not counting

other infrastructure, whereas GML covered 7920 facilities, which includes wells and other

production infrastructure. Fewer scans were performed per site with GML (Fig. S2), with

two as the median number of scans per site, whereas in Cusworth, the median number of

scans is nine. Cusworth detections were filtered to those with N ≥ 3 scans to select for

higher accuracy in quantified persistence. GML sources detected in a first scan were often

revisited in the following days to determine a binary measure of persistence. Since these

repetitions are not independent, the GML scan count is effectively close to one for initial

detection of emitters.

Before directly comparing the Cusworth and GML measurements to one another, the

data must be reconciled to account for the different collection strategies of the two surveys.

Differences arise mainly from temporal sampling styles and spatial aggregation. Reconcilia-

tion utilizes mathematical transformations to remap the Cusworth data by persistence and

aggregate the GML data for comparison at the effective spatial resolution used by Cusworth.

We divide the differences into four categories: (a) spatial aggregation, or defining an emis-

sion source to be the sum of all plumes within a geographic area, (b) time averaging, which

influences the reported emission rate for a given source, (c) classifying a sample set as single-

scan or being comprised of many scans, and (d) in the case of multiple scans, considering

the effect of emitters absent from the observations due to intermittency.
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(a) Spatial aggregation.

Grouping of individual emitters within a proximity threshold sets a spatial unit of interest for

comparison between sources. An emission “source” in this paper means a set of plumes falling

into a defined group or aggregation area, whereas “emitter” means a source smaller than the

spatial detection resolution of the measurement system, inclusive of processing. Cusworth

employs a 150 meter diameter aggregation area to define its sources at the size of a typical

well pad. Since grouping individual emitters into the same source increases the represented

emission rates via summation, GML detections were also aggregated to 150 meter diameter

groups for comparison on an equal basis.

Spatial analysis of GML data is performed by first assigning an emission origin point,

or “location,” to each detected plume. Detections observed at different times are associated

with the same location if they are co-located within 2 m. Emission locations were spatially

aggregated by considering all locations within 150 m to belong to the same aggregated source.

GML detections can also be aggregated to “facilities” described by polygons enclosing site

assets. Facility polygons represent the boundaries around actual groups of surface infras-

tructure usually defined by the facility pad footprint. Polygons can be provided by operators

based on site data or generated from aerial photography, in which case the polygon is drawn

either manually or by an artificial intelligence model. A polygon is defined for every facility

on a GML flight path regardless of whether an emission is actually detected. Comparing

the number of GML locations found in each facility to the number per 150 meter aggrega-

tion diameter shows a near correspondence between the two aggregation styles (Fig. S3),

supporting the use of 150 meter aggregation to represent facility size scales. A smaller ag-

gregation area (30 meters) displays a steeper roll-off in number of detection locations per

source. The proportion of facilities with at least one detection was found to be 38.2% in the

GML data set, much higher than the reported 1.48% rate for Cusworth’s data set. This may

be explained by differences in detection sensitivity described in the analysis.
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(b) Time averaging.

Plumes detected asynchronously require considerations on uniqueness and averaging. Cus-

worth presents emissions as persistence-adjusted values q which are effectively time averaged.

These are calculated as the mean of all non-zero measured emission rates q̄ times the persis-

tence f , which may be written

q = f q̄, (1)

where f = M/N with M as the number of non-zero unique detections, N as the number of

scans, and

q̄ =
1

M

M∑
i=1

qi, (2)

where qi is a non-zero unique emission rate measurement.

Depending on the application, it can be useful to plot functions of the emission rate

versus either q or q̄. Persistence-adjusted emission rate q is often the quantity of interest

in large-scale inventories. However, q does not represent the actual emission rate observed

at the time of measurement. Whereas q tends to conflate persistence with the observed

emission rate, q̄ is the average of measurements when the source is actually emitting. When

sample sets with different temporal sampling modes are to be compared (e.g. “single-scan”

or “repetitive,” as described below), it becomes important to use q̄.

For GML locations, the average emission rate q̄ is calculated following Eq. 2 as the

average of non-zero emission rates resulting from each scan. Scan measurements, in turn,

may include multiple aerial passes and are calculated as an average of all emission rates (zero

and non-zero) from all passes within a 12-hour time window. Separate time windows are

treated as unique scans.

(c) Single scan vs. repetitive scanning

Temporal sampling influences the character of the measured sample. At the lowest sampling

limit is a single scan, in which all potentially emitting sites are observed only once. Persis-
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tence cannot be directly inferred from a single scan since individual sources are not observed

in both emitting and non-emitting states. At the opposite sampling limit is a highly repeti-

tive sample, in which all sources are observed so frequently that the persistence is known to

arbitrary precision. The GML data set closely approximates single-scan sampling, whereas

the Cusworth data set is moderately repetitive.

Figure 2: Transformation of a probability density function into different forms using the
observed persistence f and modified persistence g. Emission rate increases to the left.

Transformation of the probability density function (PDF) can be used to compare dis-

tributions obtained in these different sampling styles. Recall that the PDF can be defined

as the function of a random variable x over which integration yields the probability that x

falls within the integration range. Consider a point on the PDF, which is represented as a

delta function in Fig. 2. The persistence adjusted PDF (blue), where the emission rate is q,

is accessible only from a repetitive sample set and not a single scan, since the persistence f

is needed to obtain q. However, the PDF can be replotted at q̄, which effectively removes

the persistence from the emission rate. This represents the PDF at the average non-zero

emission rate that was actually measured in the field. This shift produces an intermediate

result with an effectively higher emission rate (green dashed). However, to obtain a correctly

weighted PDF for integration (red), the probability of observing the source must be reduced

by the persistence. The weight is written as g to represent a modified persistence discussed

below. For a continuous PDF, the remapping of q to q̄ and the persistence weighting g

applies to all points on the curve.
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With the above modifications, the new PDF originating from a repetitively sampled data

set mimics the PDF obtained from a single scan. A single scan reports all measured emission

rates at q̄ and contains information about probability density through counts rather than

through persistence. Assuming that the single-scan sample is sufficiently large, its PDF

should match the remapped “single-scan equivalent” obtained from the repetitive sample.

Related distributions, such as the cumulative distribution function (CDF) and cumulative

emission rate function, are then also directly comparable, aside from possible scale factors.

We utilize this to compare the GML and Cusworth data sets despite their different sam-

pling styles. The transformation is demonstrated on the Cusworth cumulative emission rate

distribution (Section S1).

(d) Selection bias

A more accurate single-scan equivalent PDF can be obtained from a repetitive data set using

a modified persistence g. The modification is meant to compensate for missed emission

sources arising from a limited number of scans. We begin by recognizing that the observed

persistence f = M/N is actually a conditional probability P (A|B), where A is the event

that an intermittent source was emitting during a given scan, and B is the event that the

source was emitting at least once in N scans. Bayes’ theorem can then be used to express

the true persistence

P (A) =
P (B)P (A|B)

P (B|A)
. (3)

Using the shorthand g ≡ P (A) and substituting P (A|B) = f , P (B|A) = 1, and P (B) =

1− (1− g)N from the binomial probability mass function yields

f =
g

1− (1− g)N
, (4)

which is plotted in Fig. 3. The observed persistence departs from true persistence at low

values by an amount that diminishes with increasing number of scans. The difference is
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largest for sources with small-valued persistence. Since the observed persistence can take

only M discrete values, we use a stepwise approximation to the curves. Taking for example

N = 3, steps are placed at the allowed values of f , with transitions placed to intersect the

curve halfway through each jump. We then approximate the persistence at each quantized

value by the midpoint of each step. This maps the input values of f to output values g, as

indicated by the dotted arrows. The resulting “true” persistence values g are strictly lower

than the observed persistence f . This expresses the notion that the persistence should be

corrected by the missed emitters that are not otherwise represented in the data set. For

a nearly single-scan distribution such as GML, g = 1 is a suitable assumption because the

observed sources have presumably self-selected into the sample at a rate proportional to the

true persistence and frequency of occurrence.

Figure 3: Persistence transformation to compensate selection bias. Stepwise function shows
an example at N = 3 scans to demonstrate measurement quantization at f = (1/3, 2/3, 1).

Results and discussion

With the above adaptations, we may now compare a repetitive, spatially aggregated data set

such as Cusworth with an effectively single-scan, single-emitter data set such as GML. In this

section, we will join the two data sets and model the underlying emission rate distribution.
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Comparing the PDFs will validate the assumption that GML and Cusworth data represent

the same distribution and quantify the detection sensitivity of the Cusworth survey. After

considering 150 m spatially aggregated sources, we repeat the analysis on single-emission

locations to demonstrate that spatial aggregation significantly increases the reported emission

rates for a given distribution.

Distribution of spatially aggregated sources (150 m)

To join the data sets and model the shared emission rate distribution, we compare and fit the

data sets using the cumulative distribution function (CDF). The CDF allows for differences

in sample scale and variability, which is useful because of GML’s smaller sample size. The

discrete CDF for a single-scan equivalent distribution is given by

c(x) =

∞∑̄
q≥x

g(q̄)

∞∑
q̄=xL

g(q̄)
, (5)

where x is the emission rate and x ≥ xL, with xL as the lower bound of a range of interest.

For clarity, the sum will be represented as a stepwise function. For Cusworth, g is given by

the abovementioned approximation to Eq. 4, whereas for GML, g = 1. The lower bound xL

specifies the endpoint of the summation. For comparing two sets of detections, xL is set to

the greater of the two so-called full detection limits, below which the probability of detection

for a nominal emitter becomes appreciably less than unity. We choose xL = 600 kg/h as the

effective full detection limit of Cusworth’s measurements.

Single-scan equivalent CDFs are plotted in Fig. 4. The samples are seen to agree closely,

with the maximum absolute residual indicated by the Kolmogorov-Smirnov (K-S) statistic.23

The p-value corresponding to the K-S statistic is 0.831, meaning that if hypothetically both

samples of this size were obtained from the same distribution, then 16.9% of all possible

sample sets would have a smaller maximum residual than the value indicated. The number
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Figure 4: Cumulative distribution function (CDF) of single-scan equivalent Cusworth and
GML data sets for emission rates above 600 kg/h. Kolmogorov-Smirnov (K-S) statistic and
associated p-value are indicated.

of emission sources bears strongly on the expected sample variation. GML observed only 16

sources in the range of interest, whereas Cusworth observed 282. Though the K-S p-value

does not affirmatively support the common identity of two sample distributions, it is capable

of highlighting sample variations that would be statistically unlikely if the two samples were

drawn from the same distribution. It also provides a convenient metric for goodness of fit,

which will be used in later optimization steps. Relative to Cusworth, the GML sample

somewhat underrepresents emitters above 2000 kg/h. These emitters represent a small part

of the population, but since they have an outsize importance on the total emission rate,

sampling variations can lead to noticeable deviations in the cumulative emission rate.

We next create a model of the distribution that represents both data sets. The model

PDF follows a lognormal form,

p(x) ∝ exp
[
−b(x− x0)

2
]
, (6)

where x is the base-10 logarithm of the emission rate. Integration over the range xL ≤ x < ∞
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yields the CDF

c(x) =
erf

[√
b(x− x0)

]
− 1

erf
[√

b(xL − x0)
]
− 1

, (7)

which has been normalized to the integration range. The model contains two fit parameters,

b and x0, the values of which are optimized by a joint fitting process. A third parameter, h,

is also introduced to allow for sample variation between the two data sets in the comparison

range x ≥ xL. The three parameters are jointly optimized using a metric that involves p-

values from three K-S comparisons: the model to GML scaled by h (p-value: p1), the model

to Cusworth (p2), and Cusworth to scaled GML (p3). Optimization minimizes the metric

1 − (p1p2p3)
1/3 to find the best-fit parameter values. The product m = p1p2p3 represents

the joint probability of all three K-S statistics occurring simultaneously, assuming each is an

independent event. Since the events are not entirely independent, m is likely to somewhat

underestimate the actual joint probability. This is neglected with the understanding that

m is an approximation to the total probability of the fit. Outputs of the fitting process are

detailed in Section S2. A nominal value of xL = 10 kg/h is chosen to represent the full

detection limit for GML. This value was chosen not to represent the detection sensitivity

but to conservatively overestimate the detection limit for unit detection probability.

With the fit parameters obtained from the CDF, we now plot the PDF to compare the

distributions across all emission rates. Results are shown in Fig. 5. Data are binned by

emission rate and normalized in probability density to a reference number described on the

vertical axis. The full detection limits of both data sets are shown by vertical dotted lines,

with the region above Cusworth’s limit shaded. Confidence bounds for the model are calcu-

lated to give the most extreme values of the PDF on the m = 0.05 contour of the parameter

space. Error bars are placed at ±pbin/
√
nbin, where pbin is the value of the PDF for the

bin and nbin is the count of emission sources in the bin. All three traces (Cusworth, GML,

and model) agree in the region above Cusworth’s full detection limit. However, Cusworth’s

PDF diminishes rapidly at emission rates below the full detection limit. By comparing the
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Figure 5: Scaled probability density functions of 150 m aggregated emission sources. Zoomed
in view near the Cusworth sensitivity limit (inset) shows the 50% detection ratio with respect
to model function and its confidence bounds.

lognormal model confidence bounds to Cusworth’s data around the roll-off region, which is

represented by an error-weighted cubic polynomial fit of the binned data, the 50% detection

ratio is placed at 290-328 kg/h at 95% confidence. This emission rate is considerably higher

than the detection limit quoted by Cusworth at 10-20 kg/h but is consistent with a previous

estimate in the range 100-300 kg/h.20 Interestingly, Cusworth’s mean observed persistence

versus emission rate also drops off rapidly beyond the 50% detection limit (Fig. S4), which

would be consistent with reduced probability of detection from limited detection sensitivity.

Without compensation, reduced detection probability leads to a significant underrepresen-

tation of smaller emission sources. Comparing the PDFs at 100 kg/h, for example, shows

that emission sources at this rate are in fact 50 times more common than the Cusworth

measurements would suggest.

Equipment-scale emission rate distribution

To demonstrate the effect of spatial aggregation on the emission rate distribution, we now

consider the distribution for equipment-scale emission sources. Performing the same model
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fitting and analysis process as above shows the relationship between equipment-scale sources

as measured by GML and spatially aggregated facility-scale emission sources as reported by

Cusworth. Aggregation can be expected to transform and shift the distribution toward larger

emission rates since co-located emitters count toward the same emission source. We aim to

quantify this shift and point out its implications for emission rate thresholds representing a

given fraction of the total emission rate.

In the following analysis, GML sources are considered in their native equipment-scale

resolution and not aggregated to 150 m. Cusworth sources are not reported at finer resolu-

tion. Instead, we manually filter them based on associated plume imagery24 to include only

sources with a single point emission. Human analysts classified Cusworth plume images as

either “single emitter” or “multiple or unclear.” Detections classified as “single emitter” were

selected for analysis, forming a subset of Cusworth’s data that was applied to the same model

fitting process as above. The data were cut to include only the first scan at each source,

making the data set effectively single-scan. The filter to N ≥ 3 scans was also removed and g

set to unity. By changing the data selection to match GML’s conditions, the number of Cus-

worth sources changed from 923 sources at 150 m to 645 single emitters. For GML, skipping

aggregation increased the number of GML sources from 2935 to 7959, though the number

of GML sources above the Cusworth full detection limit (600 kg/h) shrank from sixteen to

seven. Though the smaller sample size causes the confidence bounds to widen, the compar-

ison statistics do not oppose joining the two data sets. CDFs and residuals from the fitting

process display similar behavior to 150 m sources (Fig. S5). Spatial aggregation significantly

affects the Cusworth distribution; O&G pipeline sources do not do so (Section S3).

Single-emitter PDFs are shown together with aggregated source PDFs in Fig. 6. As ex-

pected, the probability density at lower emission rates is higher for single emitter sources

than for aggregated sources. This is clearest in the range 10-100 kg/h, where the GML curves

have significantly diverged as emission rates decrease. At 10 kg/h, single-emitter sources are

observed six times more frequently than aggregated ones. The filters used to resample the
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Figure 6: Probability density functions of emission sources aggregated at 150 m diameter
and single emission sources. The single emitter trace has been scaled by the ratio of detected
Cusworth sources, so the vertical axis refers to 1000 Cusworth sources at 150 m aggregation.

Cusworth data set do not appear to distort the distribution appreciably in comparison to

the equivalent GML distribution. The two aggregation levels remain overlapped for emis-

sion rates over the Cusworth full detection limit, and the 50% detection ratio remains near

300 kg/h for single emitters (Fig. S6).

The resulting emissions can be numerically integrated to yield the cumulative emission

rate distributions shown in Fig. 7. The exact sum is given by Eq. S1 (single-scan equiv-

alent). The aggregated distributions overlap well for heavy tail emission rates larger than

Cusworth’s full detection limit. At smaller emission rates, the GML cumulative rate distri-

bution continues to grow until reaching a plateau below 10 kg/h.

Expected error due to sample variation is shown in the plot. Error bounds show the 16

and 84 percentiles of the expected sample variation for an equivalently sized data set with

the same number of detections above the corresponding full detection limit. These are found

by running a Monte Carlo simulation of random sets of detections drawn from the model

PDF. Sample error from rates below the corresponding full detection limit is neglected, as

is instrument quantification error.

Since very large sources are slightly underrepresented in the GML data set due to sample
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Figure 7: Cumulative emission rate distribution of 150 m aggregated emission sources (GML
and Cusworth) and equipment-scale sources (GML only). Error bounds (shaded regions)
describe predicted sample variation.

variation (see >2000 kg/h in Fig. 4), the GML curve has been vertically shifted by 0.039 in

normalized units to pin its value to the model function at the Cusworth full detection limit.

The pinning shift is within the sample error bounds, suggesting that the correction is within

the likeliest range of magnitudes.

As shown by the top of the cumulative emission curves, the total emission rate of the

scaled distribution of GML measurements is 3.0 times greater than measured by Cusworth.

The difference is caused by false negative detections in the Cusworth study from emissions

below the detection sensitivity (300 kg/h). While Cusworth’s data would suggest that 90%

of the total emission rate is contributed by 150-m aggregated sources larger than 264 kg/h,

GML data suggest that the 90% threshold is 17 kg/h. When using equipment-scale resolution

rather than facility aggregation, rate thresholds shrink significantly further. Relative to the

150 m aggregated curve, the equipment-level single emitters curve is horizontally shifted

toward smaller emission rates by roughly a factor of three. From the shifted curve, GML

data suggest that the threshold at 90% of total emissions for equipment is 5.4 kg/h (or using

the estimated sample error from the plot, 3.8 to 7.1 kg/h). Since mitigation strategies are

often based on identifying equipment for repair, it is important to consider the distribution
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at this spatial resolution.

Although 5.4 kg/h is below the GML full detection limit conservatively selected for

fitting (10 kg/h), it is above the measured detection sensitivity of 2 kg/h at 90% probability

of detection. The shift to different emission rates depending on aggregation means that the

detection sensitivity of a given system should be specified with a spatial source resolution

when targeting a cumulative fraction of total emissions.

In summary, we have used GML survey data to extend the measured emission rate dis-

tribution for Permian Basin production infrastructure beyond Cusworth’s sensitivity limits

by roughly two orders of magnitude. GML detection data are scaled and supported by the

larger and repetitively-scanned Cusworth data set. From the combined distribution, it is

seen that emission sources with rates below the Cusworth detection sensitivity of 300 kg/h

(at 50% probability of detection) contribute two thirds of the total emission rate observed in

the survey region when measured at Gen. 1 GML sensitivity. Further, spatial aggregation

of emission sources to the facility level shifts the cumulative emission rate distribution sig-

nificantly toward larger rates. This paper has demonstrated that the total O&G production

emission rate in the survey region is significantly greater than previously reported, with 90%

of the total rate contributed from equipment-sized sources at emission rates above 5.4 kg/h.

Continued measurements and analysis, complete with reconciliation between different emis-

sions monitoring data sources, should inform actions to maximize the impact of mitigation

efforts.
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S1. Transformation to single-scan equivalent distribution

To demonstrate the transformation from a persistence adjusted distribution to a single-scan

equivalent distribution, consider the Cusworth cumulative emission rate distribution in the

forms shown in Fig. S7. The first trace (blue squares) is the persistence adjusted distribution

plotted at q, the second trace (green circles) is the same but remapped to q̄, and the red trace

(red dots) is the single-scan equivalent, which shows the cumulative sum with weighting by

persistence g. The traces correspond to the different versions of the PDF plotted in Fig. 2,

where the cumulative emission rate function has been computed using the discrete sums

a(x) =
1∑
q
·



∑
q≥x

q (persistence adjusted)

∑̄
q≥x

q (persistence removed)

∑̄
q≥x

gq̄ (single-scan equivalent)

, (S1)

where q and q̄ signify corresponding measurements of each source as defined by Eq. 1. The

total emission rate (rightmost point on the curve) is smaller in the single-scan equivalent

trace because the modified persistence g is always smaller than the observed persistence f .

The distribution is not strongly reshaped by the persistence weighting. This can be seen from

the similarity of the persistence-removed trace to the renormalized single-scan equivalent.

The renormalized trace (dotted red line) is simply the single-scan equivalent curve vertically

stretched to the height of the other two totals.
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S2. Model fitting for 150 m aggregated emission sources

Results from the fit optimization are shown in Fig. S8. The CDF and residuals for each

of the three comparisons mentioned in the main text are plotted along with the best fit.

Fit parameters are shown in the upper left plot. GML residuals show that the sample CDF

crosses the model multiple times without a bias toward the positive or negative direction. The

Cusworth residuals show that larger emitters are somewhat overrepresented in comparison

to the model, which could be a result of sample variation in the GML data set.

The expected number of observed sources in the comparison range for a sample of equal

size to GML is NGML(x ≥ xL)/h. Fig. S8 shows h = 0.89 and NGML(x ≥ xL) = 16, which

would predict 18.0 sources observed by a GML-sized sample in the comparison range. GML

sample variation in the fat tail does not translate proportionally to uncertainty in the model

function since support for the model fit comes predominantly from regions with large N , i.e.

x ≥ 600 kg h−1 for Cusworth and x ≥ 10 kg h−1 for GML.

The p-value for the “GML to Cusworth” comparison changes somewhat with scaling by

h. The scaled CDF and p-value in the rightmost plots of Fig. S8 can be compared to the

“before scaling” version in Fig. 4. With scaling by h, the p-value increases from 0.831 to

0.943.

The overall scale factor between the Cusworth and GML distributions may be calculated

by combining h with the ratio of number of detections expected in a hypothetical single scan

over both distributions, controlling for the number of sources in each distribution. This is

given simply by NCusworth(x ≥ xL)/NGML(x ≥ xL) ·h, which is 15.6 using the numeric values

in Fig. S8.

S3. Exclusion of pipelines from Cusworth data set

Inclusion of O&G pipeline sources in the Cusworth data set produces a negligible change in

the CDF. By comparison, the effect of filtering the data to single emitter sources changes
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the distribution significantly. Fig. S9 shows the CDFs for “with pipeline” and “without

pipeline” data sets for 150 m and single emitter aggregation styles. Based on the moderately

high p-values for the inclusion or exclusion of pipelines within each aggregation style, no

statistically significant differences between the distributions are seen. However, the p-value

for a comparison across aggregation styles is vanishingly small, meaning that the sample

distributions differ substantially.

Despite the lack of significant change in the Cusworth distribution with the inclusion

or exclusion of pipelines, small differences around the detection roll-off (300 kg h−1) lead to

slightly different estimates of the detection sensitivity. PDFs for the two aggregation styles,

with and without pipelines, are shown in Fig. S10. Comparing the model bounds at 95%

confidence to respective cubic polynomial roll-off fits yields detection sensitivity intervals of

283-323 (with pipelines) and 290-328 kg h−1 (no pipelines) for 150 m sources, and 267-324

and 297-369 kg h−1, respectively, for single emitter sources. Since these intervals overlap

significantly, the detection sensitivity roll-off can be considered as only weakly dependent on

both types of data filter.

Figures

Figure S1: Oil and gas production1 in Texas and New Mexico at the time of Cusworth and
GML surveys.
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Figure S2: Histogram counting emission sources by number of scan repetitions.

Figure S3: Histogram counting spatially aggregated sources by number of emitters in aggre-
gation area.

Figure S4: Cusworth modified persistence g plotted as a function of emission rate. Linear
trend above the full detection limit breaks suddenly below the 50% detection limit. Marker
area (circles) is proportional to number of emission sources in each bin.
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Figure S5: Joint model fitting of single emitter sources showing comparisons of cumulative
distribution functions (CDF) and residuals.

Figure S6: Scaled probability density functions of single-location emission sources. Zoomed
in view near the Cusworth sensitivity limit (inset) shows the 50% detection ratio with respect
to model function and its confidence bounds.
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Figure S7: Cusworth cumulative emission rate distribution resulting from the different per-
sistence treatments illustrated in Fig. 2.

Figure S8: Joint model fitting of 150 m aggregated emission sources showing comparisons of
cumulative distribution functions (CDF) and residuals.
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Figure S9: Comparison of Cusworth cumulative distribution functions (CDFs) over the whole
range of emission rates in the sample. Data are filtered to include or exclude O&G pipeline
emission sources at 150 m aggregation or single emitter sources. p-values are indicated
for “with pipeline” and “without pipeline” comparisons within each source type and a “no
pipeline” comparison across the two source types.

Figure S10: Cusworth probability density plots showing influence of O&G pipeline sources
on emission distribution around detection roll-off. 150 m aggregated sources (a) and single
emitter sources (b).
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