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ABSTRACT: Mitigating methane from the oil and gas supply chain is
a feasible and effective way to address global warming over the next
decade. Aerial measurement campaigns have been extensively
deployed to detect and quantify methane emissions from oil and gas
facilities to inform and assess the effectiveness of mitigation activities.
While performance benchmarks of these technologies have been
evaluated under controlled conditions, they have not been widely
validated under field conditions. Understanding the impact of ambient
conditions, such as wind, on the performance of aerial detection
technologies is essential not only for assessing their ability to detect
emission sources, but also for interpreting the measurements. Accurate
quantification of emissions requires estimating the portion of
emissions that may be missed. In this work, we present a method to determine a field performance threshold, which reflects the
magnitudes of emissions that these technologies can detect under real-world operating conditions. Our results show that wind speeds
have a more pronounced impact on minimum detection limits than predicted by analytical models or probability of detection curves
built from controlled test results. We find that under varied field conditions, approximately 18% of emissions may not be observed,
compared to what would be expected from minimum detection limits established through controlled release experiments. A field
performance threshold offers a more representative metric for evaluating performance and guiding the interpretation of results from
field measurement campaigns.
KEYWORDS: methane emissions, oil and gas, aerial measurement, probability of detection, meteorological parameters

1. INTRODUCTION
Methane (CH4) emissions from human activity represent a
critical challenge in global climate mitigation efforts.1 Methane
has a short lifetime but is a potent greenhouse gas (GHG),
whose emissions have led to a 0.5 °C warming over 2010−
2019 relative to 1850−1900 levels.2 Methane emissions from
the oil and gas sector are a significant component of the global
methane budget with recent studies finding that these
emissions are underreported by up to 60% globally.3 The
United States is the largest global emitter of methane from oil
and gas operations but studies suggest that 50% of these
methane emissions can be mitigated at no net cost using
existing technologies.4 Near-term action to lower methane
emissions will also lead to better air quality outcomes by
reducing coemitted pollutants.2 The European Commission
and 159 countries have signed on to the Global Methane
Pledge (GMP) to reduce global methane emissions by at least
30% from 2020 levels by 2030.5 In addition, several voluntary
initiatives such as the Oil and Gas Methane Partnership
(OGMP) have been launched that encourage measurement,
reporting, and verification (MRV) of methane emissions.6

Aerial methane detection technologies have become a
central tool for characterizing emissions across U.S. oil and

gas basins at multiple spatial scales. These field campaigns have
demonstrated the importance of large emitters in contributing
to a majority of methane emissions at the source-, site-, and
regional scales.7−18 The Permian Basin has been the focus of
numerous studies aimed at estimating methane leakage rates,
with reported results exhibiting both substantial variability and
some of the highest values among U.S. oil and gas
basins.8,10,11,13,19,20 Cusworth et al. (2021) highlight the
substantial variability in measured emissions across repeated
campaigns. During seven separate Airborne Visible-Infrared
Imaging Spectrometer-Next Generation (AVIRIS-NG) over-
flights in the Delaware sub-basin, annual CH4 emission
estimates varied from 0.54 to 1.04 Tg/a.10 Four Carbon
Mapper measurement campaigns over the Permian Basin from
2019 to 2021 estimated natural gas loss rate estimates varying
from 2% to 5%.20 Chen et al. (2020) analyzed data collected at
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91.2% of active wells in the New Mexico portion of Permian
using Kairos’ infrared imaging spectrometer.19 They concluded
that 50% of emissions originated from large sources emitting
more than 380 t/h, showing a gas production normalized
leakage rate of 9.4%.19

Measurements collected by different aerial methane
measurement technologies when deployed over similar spatial
and temporal scales often capture varying subsets of the full
emissions distribution.8,21 For example, Kunkel et al. (2023)
analyzed imaging spectrometer data from both Bridger
Photonics’ Gas Mapping LiDAR (GML) and Carbon Mapper
instruments - Global Airborne Observatory (GAO), AVIRIS-
NG collected across the Permian Basin between 2020 and
2021. The combined data sets revealed that Carbon Mapper
identified 1.48% of surveyed sites as emitters, whereas Bridger
identified 38.3%. The field based detection limit for Carbon
Mapper in the Permian Basin at 50% detection ratio is 280 kg/
h and 90% of the emissions are above 249 kg/h whereas for
Bridger GML 90% of the emissions are above 16.9 kg/h.8

Similarly, Stokes et al. (2022) compared Bridger GML with
Scientific Aviation’s aerial mass balance quantification
approach over Permian Basin facilities in West Texas. Bridger
reported a higher proportion of low-emitting sites (<10 kg/h;
29%) compared to Scientific Aviation (6%), while Scientific
Aviation reported a higher proportion of high-emitting sites
(>10 kg/h; 27%) versus Bridger (14%).21 These differences
suggest that each technology detects a specific subpopulation
of the total emissions occurring during the observation period.
When comparing emissions across large numbers of sites,
differences in observed distributions are generally attributable
to differences in both detection thresholds and measurement
techniques. In contrast, differences in measurements taken at
the same site but not at precisely the same time may also
reflect temporal variability in emissions, rather than differences
in technology alone. Ultimately, observed differences are likely
driven by a combination of factors, including variation in
minimum detection limits, differing approaches to emissions
quantification (e.g., plume imaging versus point sensing), and
the dynamic nature of emission sources.
An analysis of the top nine oil and gas producing basins in

the US concluded that the majority of methane emissions,
ranging from 63% to 90%, come from facilities emitting less
than 100 kg/h.22 The uncertainty in contribution from small
and large emitters in oil and gas basins underlines the need to
include low-emission rate sources in comprehensive methane
emission assessments. Measurement strategies must therefore
include the capability to accurately capture both high-
magnitude emissions from superemitters and low-magnitude
emissions from smaller sources. Additionally, the variability in
detection rates between technologies highlights the importance
of identifying and addressing differences in their measurement
capabilities.
Several studies have evaluated the performance character-

istics of aerial methane measurement technologies.23−29

Recent controlled release testing has shown that most aerial
platforms can reliably detect emissions down to 10 kg/h, with
some even detecting emissions below 3 kg/h under ideal
conditions.29 While controlled release testing is essential for
quantifying baseline detection capabilities, it does not fully
capture how these technologies perform under variable real-
world operating conditions. A study to assess the probability of
detection (PoD) threshold of a methane measurement satellite
shows that the detection limit in the field is 250−350 kg/h as

opposed to a stated minimum detection limit of 100 kg/h. The
study also notes that single blind releases may not be
temporally distributed sufficiently to capture potential seasonal
influences on plume retrieval conditions.30 In principle,
detection limits and PoD curves derived from controlled
tests should allow researchers to account for emissions that fall
below the field performance threshold. However, analysis of
large field data sets reveals that the apparent emissions
distributions from smaller sources vary with ambient
conditions, particularly wind speed. Across previous studies,
smaller sources are present but are not uniformly detected,
indicating that field detection performance is likely influenced
by local environmental conditions resulting in variable
probability of detection curves. These findings point to a
persistent challenge in reconciling controlled test results with
operational field performance. Moreover, there remains a lack
of validation of field measurements against PoD curves derived
from controlled releases, leaving uncertainty around what
proportion of total emissions is being missed in measurement
campaigns.
In this work, we address this gap by quantifying the

differences in performance of two commonly used aerial
methane technologies - Carbon Mapper and Bridger Photonics
GML - between controlled test settings and field deployment
in the Permian Basin. While earlier studies have primarily
focused on controlled release experiments to evaluate
minimum detection limits, quantification accuracy, and
retrieval algorithm performance, others have concentrated on
characterizing emissions distributions at scales ranging from
individual facilities to entire basins.7−18,23−29 These two types
of studies have remained largely distinct, limiting the ability to
understand whether performance parameters derived through
controlled releases translate to broader field campaigns. Kunkel
et al. (2023) suggests that field detection performance can
differ from the minimum detection limit developed from
controlled release tests. However, it focuses on constructing a
basin-scale emissions distribution for the Permian Basin, rather
than evaluating the factors that influence emissions detection
near the detection threshold.8 Our findings show that there is a
consistent upward linear trend in the field performance
threshold with increasing local wind speed, and emissions are
likely to be underestimated at very low and high wind speeds.
Validation of field results with controlled release studies and
probability of detection (PoD) equations highlights areas of
discrepancies. Our results indicate that the underperformance
during field campaigns relative to controlled-release bench-
marks is most pronounced near the minimum detection limit
of each technology. We show that large field-campaign data
sets can be used to characterize field detection behavior
including near-threshold detection performance. This comple-
ments and extends insights from controlled-release testing
without requiring exhaustive new controlled-release experi-
ments for every basin and season. These findings are critical for
refining technology deployment strategies and improving
detection reliability in real-world conditions.

2. METHODS
We assess two airborne methane detection technologies - Carbon
Mapper (AVIRIS-NG and GAO) and Bridger Gas Mapping LiDAR
(GML). Carbon Mapper is an aircraft-based platform that detects and
quantifies methane emissions across large areas. The platform uses
passive infrared spectrometry to detect and quantify methane
emissions by analyzing the attenuation of surface reflected light,
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where returned light intensity at certain wavelengths is diminished
due to absorption by methane. The platform’s detection capabilities
allow it to identify emissions down to 10 kg/h when tested in a
controlled release experimental setup.29

Field performance threshold is an empirical, basin-specific effective
threshold inferred from the field data sets for a particular technology.
It represents the lower end of emission rates that are reliably observed
under the local environmental conditions (equated in this paper to
the median of the lowest 10th percentile of emissions) detected in
that basin and season. Detection performance may be influenced by
local conditions, and we do not assume that this field threshold is
standard across basins. This field threshold is distinguished from the
minimum detection limit which is the detection limit as a function of
wind speed that is developed from controlled release tests. Controlled
methane releases are used to estimate detection performance across
various conditions and the results are regressed into a probability of
detection (PoD) equation as a function of wind speed (and other
factors where applicable). The minimum detection limit we use
corresponds to the 90% probability of detection (PoD) threshold at a
particular wind speed, following prior studies in this field.31

A field study to assess oil and gas emissions in the Permian Basin
shows that the field performance threshold varies between 70 and 150
kg/h during a 3-week campaign in the summer.31 Thorpe et al.
(2016) conducted controlled release experiments to assess AVIRIS-
NG’s effectiveness in detecting methane point sources with flight
altitudes spanning between 430 and 3800 m Above Ground Level
(AGL) and wind speeds ranging from 0.66 to 7.5 m/s.33 We expect
the detected emissions during field campaigns to largely follow the
models developed using statistical regression to define a predictor
function that accounts for methane release rate, wind speed, and flight
altitude.33 We use a rearranged form of this equation solved for
emission rate as a function of the other variables.
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Here, Q represents the emission rate in kg/h, PoDCM represents
the Probability of Detection for AVIRIS-NG, h is the flight altitude in
m, and u is the local wind speed in m/s.
Bridger Photonics’ Gas Mapping LiDAR (GML) is an airborne

methane detection technology that uses a topographic LiDAR system.
Methane is detected and quantified by measuring the attenuation of
reflected light at specific wavelengths using frequency-modulated
lasers that operate within a methane absorption band. Under optimal
conditions, the technology performs with a minimum detection limit
of 1 kg/h.26,34 A deployment invariant PoD model for Bridger GML
has been developed by Thorpe et al. (2024).27 The model
incorporates emission rate, wind speed, and gas concentration noise
(GCN) as key predictors and generalizes the results across
deployment configurations and environmental conditions. The
dependence of emissions detection on the altitude of the flight is
incorporated in the two GCN parameter values developed by Thorpe
et al. (2024). In our analyses, we use both GCN values, so any altitude
dependence is included in our results. The inverse PoD model for
Bridger GML developed from controlled release studies at Midland,
Texas is shown in an adapted form in eq 2.27
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Here, Q represents the emission rate in kg/h, u is the local wind
speed in m/s, GCN is the gas concentration noise (13 ppm-m and 22
ppm-m), and PoDB_GML represents the Probability of Detection for
Bridger Gas Mapping LiDAR.

Figure 1. (a) Timeline of the deployment of aerial methane measurement technologies across basins in the US�Permian (blue),8,10,11,13,14,19,21,22

San Joaquin (green),9,38 Appalachian (orange),22,39 Fayetteville (red),40 Denver-Julesburg (purple);41 (b) Timeline for controlled release tests
(blue) across the US for the five technologies.23,26−29,32−34,40,42,43 The analyses in this paper focus on Carbon Mapper and Bridger GML in the
Permian Basin due to availability of comparable field data sets.
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Both technologies use different light sources, and their minimum
detection limits depend on the source strength and the chosen
wavelength region. Bridger GML uses an active light source and
Carbon Mapper relies on passive light refelcted from the sun. This
allows for a comparative analysis of the effect of the various
meteorological factors on detection by the two technologies. The
rationale for choosing these technologies is their widespread
deployment at oil and gas sites and their effectiveness in detecting
methane emissions across a range of scales, from facility-level leak
detection to basin-wide emissions estimates. Both technologies have
been extensively deployed in measurement campaigns over the
Permian Basin. Details of deployment over different basins across the
United States is discussed in Section 3.1.
For Carbon Mapper, measurement data is publicly available for the

Permian Basin field campaigns conducted in the summer of 2020 and
the fall of 2021. Local meteorological factors such as wind speed, solar
irradiance, and albedo were gathered at the locations of plume
detection for Carbon Mapper measurements. Meteorological data is
obtained from the National Oceanic and Atmospheric Administration
(NOAA) via the Meteostat API.35

For the Bridger GML analysis, we use data collected during four
phases of field campaigns conducted in the Permian Basin
in 2021 and 2022.36,37 The Bridger GML and Carbon Mapper data
sets used in this analysis are based on individual overflights (single-
scan detections), not site-averaged values. Each detection corresponds
to a single pass over a facility, so the data sets for the two
measurement technologies are directly comparable in this regard.
Bridger GML is analyzed using meteorological data derived from the
nearest airport Meteorological Aerodrome Report (METAR) surface
observation (measured by an Automated Surface Observing System
(ASOS)) since plume detection coordinates were not available. The
Midland Airport in Texas and Carlsbad Airport in New Mexico serve
as representative locations for the meteorological factors. The
Supporting Information (SI) Section S4 includes a comparative
analysis to evaluate the validity of using representative airport data by
comparing Carbon Mapper’s results derived directly from plume
locations with those based on airport data. Since the wind speeds
taken from nearby airports may be noisy and may not represent the
wind speed transporting the plumes, this comparison assesses whether
the airport-based meteorological data can reliably substitute for local
wind speed values in accurately quantifying emissions. Based on the
comparison with location-specific winds, the average relative
uncertainty is ∼80% near Midland TX and ∼200% near Carlsbad
NM. The implications of wind speed error on emissions detection are
discussed in Section S5. Generally, Bridger GML incorporates
meteorological data at a finer spatial and temporal resolution than
available from the nearest airport.
We analyzed the detection performance of both aerial technologies

with respect to local wind speed, albedo, temperature, and solar zenith
angle. Wind speed emerged as the dominant factor affecting the field
performance threshold. The other parameters exerted less influence,
and their effects on detection performance are described in the SI
Sections S2 and S3. The comparison between emissions data from
field campaigns and controlled settings is quantified using regression
analyses and confidence intervals. The resulting coefficients are used
to determine the extent of the discrepancy between expected
minimum detection limits from PoD curves and the field performance
threshold to assess real world performance. To highlight the emissions
that are more likely to be missed in field settings, emissions data is
grouped into bins based on the local wind speed magnitude and the
10th percentile emissions are also identified. A comparative analysis of
the distributions of the true and detected emissions allows for the
quantification of specific range of emissions that may be under-
represented or missed in field campaigns.

3. RESULTS

3.1. Comparing Deployment Timelines across Basins
Figure 1 shows a deployment timeline to track the specific
times and locations where five different aerial methane

measurement technologies are deployed across major US oil
and gas basins. The timeline indicates the potential seasonal
effects on emissions detection by showing when each
technology was deployed in the field. In Figure 1a, there are
specific time blocks when technologies such as Bridger GML
and Carbon Mapper (AVIRIS-NG and GAO) are deployed.
This is then compared to the timeline for controlled release
tests conducted for each technology in Figure 1b, showing that
most of these controlled tests were carried out at distinct
locations and time blocks that differ from the field campaigns.
The controlled release test locations are chosen to offer
suitable ground conditions, remain well away from urban areas
and other methane emitters, and provide convenient access for
the instrument crews. For example, the performance character-
istics for Carbon Mapper have been developed by testing in
Colorado, Arizona, Wyoming and California while Figure 1a
shows it has been extensively deployed across various basins
throughout the year.29,33 The PoD equations for Bridger GML
have been developed from controlled releases in Texas,
Montana, California, and British Columbia.27 Additionally,
these controlled releases were held over a few weeks in
particular months as shown in Figure 1b. The fact that testing
locations and field campaigns may or may not coincide implies
that a detailed comparison of each technology’s performance
across varying geographic and environmental conditions is
necessary to assess potential discrepancies. For instance,
controlled release testing done at the METEC facility in
Colorado may not be representative of a field campaign
undertaken in the Appalachian or the Permian Basin. Colorado
has high elevation, low humidity, and strong winds while the
Appalachian Basin has forest covered terrain with mean annual
wind speed of <3 m/s. The Permian Basin has a flat semiarid
terrain with sparse vegetation and clear skies with no terrain
interference to hinder emissions detection throughout the year.
3.2. Performance of Methane Detection Technologies
under Varying Wind Conditions

Figures 2a and b show the variation in detection performance
of Carbon Mapper for measurement campaigns in the fall and
summer season respectively under varying wind conditions.
The bottom 10th percentile of the emissions detected across
the wind speed bins show an increasing trend in both the fall
and summer seasons, though there are no distinct operational
differences that otherwise explain a change in the true
emissions distribution available during observation. In the
summer, the bottom 10th percentile of emissions in the 0−4
m/s wind speed bin have a median value around 25 kg/h,
increasing to approximately 120 kg/h in the 8−9 m/s bin. In
the fall, emission detection trends rise similarly with wind
speed, starting from a median of about 30 kg/h in the 0−2 m/s
wind speed bin and reaching around 90 kg/h in the 10−12 m/
s bin. The best fit line for the median of the lowest 10th
percentile emissions has a slope between 12 and 13 kg/h per
m/s for both the seasons. This demonstrates that as wind
speed increases, the field performance threshold is higher. Even
with a difference of approximately 10% between the slopes of
the best fit lines, we demonstrate that there is a field
performance threshold with wind being the dominant factor in
the Permian Basin. The higher R2 and narrower interquartile
ranges at each fall bin may point to the effect of solar irradiance
affecting detection performance of the passive Carbon Mapper
sensor.
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Figure 3 shows the variation in detection performance with
local wind speed for Bridger GML across field campaigns in
the Permian Basin. We do not consider the seasonal effect for
Bridger GML as the measurement campaigns were conducted
through 2021−22 with no clear seasonal demarcation. Though
Bridger has a much lower minimum detection limit compared
to Carbon Mapper, regression of the median emissions at each
bin shows a similar increasing trend in emissions with wind
speed. Median emission rates for the bottom 10th percentile

increased from 1.0 kg/h when the wind speed is between 0 and
2 m/s to about 2.5 kg/h for winds in the 10−12 m/s bin. The
overall dependence on the local wind speed is 0.24 kg/h per
m/s meaning a 5 m/s increase in wind speed increases the field
threshold by 1.2 kg/h. For example, under field conditions, at
wind speeds around 8 m/s the lower tail of the distribution lies
above ∼2 kg/h, whereas at wind speeds below 6 m/s this part
of the distribution extends below 2 kg/h meaning consistent
detection of these emissions. However, individual detections at
small emission rates (<2 kg/h) do occur in all wind speed bins.
Overall, both technologies show a positive correlation

between wind speed and detected emissions with varying
degrees of sensitivity. Carbon Mapper shows a much steeper
dependence of reported emission rate on wind speed
compared to Bridger GML which indicates a greater sensitivity
to wind speed. The increase in emissions with wind speed is
more uniform across individual wind-speed bins for Carbon
Mapper, whereas Bridger GML shows larger bin-to-bin
variability. For Bridger GML, the dependence of performance
measurement on wind speed is higher for wind speeds above 6
m/s compared to wind speeds below this.
Prior bottom-up studies that quantified emissions using Hi-

Flow samplers have identified emitters that are significantly
below the detection threshold of aerial survey technologies. So,
the lower tail of the detected emissions in each wind-speed bin
is determined by the technology’s detection performance near
its detection threshold rather than by the full underlying
distribution. The 10th percentile of detected emissions thus
acts as a practical indicator of a lower bound for reliably
detected sources in that bin. This helps us analyze how factors
like wind speed affect an instrument’s detection capability.
Additionally, the maximum emissions detected by both
technologies do not differ significantly, and they capture
high-emission rate sources (superemitters) reliably.
3.3. Comparative Analysis of Field and Theoretical
Detection Performance
Figures 4a and b show a comparison between the 90% PoD
line based on controlled release tests and the bottom 10th
percentile detected emissions in the field by AVIRIS-NG
(Carbon Mapper) for the summer and fall campaigns,
respectively. The analyses here use all detected emissions

Figure 2. (a) and (b): The bottom 10th percentile of emissions
detected by Carbon Mapper as a function of wind speed over the
Permian Basin in Summer 2020 and Fall 2021, respectively. Line
segments in some bins indicate insufficient data. The horizontal axes
represent the different wind distribution profiles of the two seasons.
The best fit line is obtained using an ordinary least-squares (OLS)
regression.

Figure 3. Bottom 10th percentile of emissions detected by Bridger GML as a function of wind speed over the Permian Basin.
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across the full range of source strengths while Section
3.2focuses only on the lowest 10% of detected emissions in
each wind-speed bin, i.e., detections near the field performance
threshold. In the summer, the relative difference remains close
to zero at low wind speeds (3−4.5 m/s) but increases to more
than 30 kg/h at 10 m/s. The slope of the best fit line shows an
increase in the field performance threshold of 18.5 kg/h per
m/s increase in wind speed for the lowest 10th percentile of
emissions. The expected rate of the increase of minimum
detection limit from the 90% PoD line is approximately 6.6 kg/
h per m/s. In fall conditions, the difference in field
performance to the 90% PoD line is more uniform (25−35
kg/h) across the wind speed bins. Although emissions
threshold rose with wind speed bin, the slope of 13 kg/h
per m/s was shallower than in the summer with a greater
scatter and wider interquartile range. To evaluate whether the
difference in slopes is statistically significant across the two
seasons, we conducted a hypothesis test comparing the fitted
summer and fall slopes. The estimated difference in slopes is
not statistically significant at the 95% confidence level (i.e., the
95% confidence interval for the slope difference includes zero).
This discrepancy indicates that the field performance of
AVIRIS-NG (Carbon Mapper) diverges from the model
predictions and suggests that PoD models should incorporate
not only wind speed but also additional meteorological
conditions (e.g., temperature, humidity, boundary-layer
structure) and surface properties such as surface reflectance
and terrain type (albedo).
Figure 5 shows the comparison between the field derived

10th percentile of detected emissions and the 90% PoD line for
Bridger GML. At low wind speeds (∼2 m/s), the field
performance threshold for Bridger GML (∼1 kg/h) is more

than twice the minimum detection limit (0.4 kg/h) predicted
by the 90% PoD threshold. This high relative disparity suggests
that at lower wind speeds, Bridger GML is less effective at
achieving the minimum detection limit determined by the PoD
model. The relative difference between the field performance
threshold and the PoD curve decreases at higher wind speeds
(>4 m/s). This is because the field-derived slope (0.21 kg/h
per m/s) is shallower than the PoD curve (0.29 kg/h per m/s).
A t-test comparing the two slopes shows that this difference is
statistically significant at the 95% confidence level (t-statistic =
−2.22). This indicates that as wind speed increases, the
minimum plume strength required for a detection grows more
gradually in field conditions than predicted by controlled-test
performance.
The comparison between the 90% PoD line and the

empirical 10th percentile of detected emissions is conducted to
evaluate how well theoretical detection performance translates
into real-world conditions. Qualitatively, if the 90% PoD line is
consistently below the 10th percentile of detected emissions, it
suggests that the minimum detection limit based on the PoD
models is overestimated compared to observed performance in
field measurement campaigns. Overall, in the fall season the
AVIRIS-NG field-based 10th-percentile trend is offset by a
roughly constant amount across wind speed bins. Whereas, in
the summer the discrepancy between the field data and the
PoD curve increases with wind speed, potentially reflecting
seasonal environmental influences on detection efficacy and
the PoD model being developed by controlled release of
methane during fall. While the PoD models provide a robust
framework for expected performance, real-world factors
continue to impact detection capability.
3.4. Field Validation of Detection Sensitivity: Comparison
with PoD Model Predictions
In the following analysis, we combine field campaign data
collected across two seasons for AVIRIS-NG and derive local
wind speed at each plume location. For each observed wind
speed, the detected emissions are identified and plotted to
identify the trend for a field performance threshold. A 90%

Figure 4. (a) and (b): The difference in methane detection between
controlled releases and field campaigns in the Permian Basin for
Carbon Mapper in the Summer and Fall, respectively. The orange line
represents the 90% PoD over the Permian Basin, and the blue dot
indicates the 10th percentile of the detected emissions during the
aerial measurement campaigns over the Permian Basin.

Figure 5. Difference in methane detection between controlled
releases and field campaigns in the Permian Basin for Bridger GML.
The orange line represents the 90% PoD over the Permian Basin, and
the blue dot indicates the 10th percentile of the detected emissions
during the aerial measurement campaigns over the Permian Basin.
Values labeled n below each box indicate the number of detections
(sample size) included in that wind-speed bin.
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confidence interval line is added to the plot for statistical
robustness. A theoretical slope of 0.1201 is calculated from the
PoD function described in eq 1 to establish a benchmark for
the expected detection sensitivity. We calculate this slope for a
fixed flight altitude of 3000 m and 90% probability of detection
and then compare the theoretical slope with data from the field
campaign in the Permian Basin. Figure 6a shows the variation

in emissions with wind speed with the best fit line and 90%
confidence bands. We observe that in the field, the slope of the
log of emissions versus wind speed is in the range [0.1541,
0.2023] with 95% confidence. This shows that the trend of the
log-linear relationship between the emissions and wind speed
is linear as expected from the PoD function. However, at each
wind speed there were emission measurements that were likely
missed due to a variability in the detection performance under
changing local meteorological conditions.
We compare the minimum detection limit from the

deployment invariant model for Bridger GML with the
detections observed from the field campaigns. The median
emissions of the lowest 10% emissions in each wind speed bin
are compared to the predicted emissions for two gas
concentration noise values�13 ppm-m and 23 ppm-m. Figure

6b shows the variation of emissions with wind speed for field
detected emissions compared to the minimum detection limit
for the two GCN values. At low wind speeds (<5 m/s), the
observed emissions curve shown in green, are consistently
higher than both the predicted curves. At 3.5 m/s, the
observed emissions are 45% higher than predictions for GCN
= 13 ppm-m, and 4 times higher than the predictions for GCN
= 23 ppm-m. At higher wind speeds, while discrepancies
remain, the predictions for GCN = 13 ppm-m provide a better
approximation of observed emissions compared to GCN = 23
ppm-m. At wind speeds of 8−9 m/s, the observed emissions
are approximately 3.5−4.0 kg/h, which are 15−20% higher
than the predicted emissions for GCN = 13 ppm-m (3.0 kg/h)
and 3 times higher for GCN = 23 ppm-m (0.8−1.0 kg/h). At
wind speeds above 10−11 m/s, fewer emissions are observed.
This is likely due to limited measurements on very windy days,
making comparisons with predicted emissions at very high
wind speeds inconclusive. Overall, the analysis highlights the
challenges in accurately predicting detection performance
under varying wind conditions for Bridger GML, particularly
at low wind speeds where real-world variability may not be
fully represented in the model.
Finally, the higher slope observed in the field results for

AVIRIS-NG and the discrepancy observed in the slopes for
Bridger GML, even accounting for the 95% confidence interval
for both the aerial technologies, highlight a key difference.
While the field trends follow the overall relationship predicted
by the PoD models, the actual detection performance in the
field is overestimated since it is based on detection
performance developed during controlled release studies. It
also suggests that field calibration is essential for accurately
predicting technology performance across varied conditions.

4. DISCUSSION AND CONCLUSION
This study presents several key findings on the performance of
methane measurement technologies in real-world conditions.
First, an analysis of basin wide methane detection campaigns
shows that for both AVIRIS-NG and Bridger GML, the
minimum detection threshold increases with local wind speed.
The minimum detection threshold of AVIRIS-NG over the
two detection seasons increased by up to three times as the
local wind speed increased from 2 to 10 m/s. For Bridger
GML, the minimum detection threshold more than doubles
over the same wind speed range. Second, the comparison
between measured emissions from field data and emissions
expected to be detected from PoD curves for the two
technologies shows significant discrepancies. This discrepancy
is observed near both lower and upper bounds of wind speed.
Third, on validating the field data against deployment-invariant
PoD equations, our findings indicate that these equations tend
to overestimate detection performance. The PoD equations are
found to be useful in showing the general trend that emissions
from field campaigns follow, yet the observed emissions are
largely higher than predicted emissions at each wind speed.
Our findings demonstrate the unique challenges posed by
atmospheric variability, such as wind speed which affect field
campaigns in ways that controlled releases do not fully capture.
This reconciliation helps refine testing protocols and improve-
ment of methane emissions inventories at the facility, regional,
and basin scales.
A key implication of this study is the quantification of

methane emissions that are likely missed under operational
conditions compared to idealized detection scenarios. To

Figure 6. (a): Best fit line on a log-linear scale and 90% confidence
band for emissions vs wind speed for Carbon Mapper in the Permian
Basin. For each local wind speed, all the measured emissions during
the campaign (blue) along with the best fit line (black) are shown.
(b): Best fit and 90% confidence band for emissions vs wind speed for
Bridger GML in the Permian Basin. The dashed lines represent the
minimum detection limit at 90% PoD for each wind speed with
GCNs of 13 ppm-m (red) and 23 ppm-m (orange) respectively. The
median of the lowest 10% measured emissions (green) along with the
best fit curve and the confidence interval (green) show the field
performance threshold.
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assess these missed emissions, we conducted an analysis to
estimate the total methane emissions that would have been
detected under more favorable conditions for Carbon Mapper.
Our approach involves classifying emissions into wind speed
bins based on the local wind speed distribution for the Permian
Basin. Each wind bin is assigned a percentage of total
emissions based on the duration that the particular wind
speed occurred during the measurement campaign. This
ensures that the allocation reflects realistic environmental
conditions encountered during field campaigns.
For each wind-speed bin, we define a field performance

threshold as the median of the lowest 10% detected emissions
in that bin. This is used as an empirical metric for the
performance near the detection threshold used for this study
and does not correspond to a field based 90% PoD curve for a
particular technology. The assumptions and calculation steps
are described in detail in the SI Section 7. To determine the
portion of emissions missed, we use the cumulative
distribution function (CDF) of emissions, developed by
Kunkel et al. for the Permian Basin.8 The missed emission
fraction for each bin is calculated based on the proportion of
emissions falling below the detection threshold. We determine
the total fraction of emissions that went undetected by
aggregating the missed emissions across all wind bins. Figures
7a and b show the percentage of total emissions that go
undetected in each windspeed bin with the cumulative share of
missed emissions as wind speed increases for summer and fall

season measurement campaigns in the Permian Basin.
Approximately 20% of methane emissions in the Permian
Basin are cumulatively missed under fall and summer season
field conditions for AVIRIS-NG compared to what could
potentially be captured under more favorable conditions. The
proportion of emissions that remain undetected varies by wind
speed bin. In the summer season, most emissions are missed in
the 4−6 m/s bins. In fall, approximately 5 percentage points of
emissions are missed in the 4−6 m/s and 6−8 m/s bins,
whereas about 3 percentage points are missed in the 2−4 m/s
and 8−10 m/s bins. At higher wind speeds (>8 m/s) the
incremental missed emissions per bin drop below 1 percentage
point for both the seasons which could be due to a lower
number of plumes available to detect at these wind speeds.
Another implication relates to the sensitivity of methane

emission estimates to wind speed measurement errors. To
assess the extent to which errors in wind speed affect the
performance of two detection technologies, we conducted an
analysis by introducing a ±5% and ±10% variation in the
measured wind speeds for both technologies. Wind speeds are
binned into increments of 0.05 m/s, and a probable emission
rate is assigned to each wind speed based on a Monte Carlo
simulation of existing emission rates. This probabilistic
approach ensures that the analysis reflects the natural
variability in emissions typically observed in field settings.
The results show that there is a difference in sensitivity to

wind speed uncertainty. Carbon Mapper exhibits a wider
change in estimated emissions compared to Bridger. This
finding presents implications for the design of field monitoring
strategies, particularly regarding the use of representative wind
speeds. For Bridger, a representative airport wind speed is used
to analyze the dependence of emissions on various
meteorological factors. While this approach works for Bridger’s
technology, using a similar method for other technologies such
as Carbon Mapper may yield different results due to its heigher
sensitivity to wind speed changes. Supporting figures are
provided in the SI Section S5 (Figures S10 and S11). So,
methane monitoring campaigns should be designed to account
for the wind speed dependency of different technologies. This
is essential for ensuring consistency in methane inventories and
improving the reliability of methane detection and quantifica-
tion across different technologies.
Our results demonstrate a systematic underestimation of

low-magnitude emissions in field campaigns compared to
controlled-release experiments. The discrepancy is particularly
pronounced in regions with highly variable wind speeds with
emissions being missed at lower and higher wind speeds during
limited duration aerial surveys. This observed difference
between the field performance threshold and the minimum
detection limit from controlled release results can be attributed
to the change in a technology’s performance due to
environmental variability present in operational settings.
Specifically, high wind speeds increase plume dispersion,
making it harder for remote sensing technologies to detect low-
magnitude emissions. Meanwhile, controlled release experi-
ments are conducted under relatively stable and controlled
conditions, leading to better algorithm performance and
reduced uncertainty in measurements.
We focus on the Permian Basin due to the availability of

extensive data sets from repeat surveys that allow for a more
detailed analysis of the impact of environmental variability on
detection capabilities. Given the Permian Basin’s status as one
of the largest sources of methane emissions in the U.S., the

Figure 7. (a) and (b): Blue bars show the percentage of total field-
measured emissions that Carbon Mapper failed to detect in each
wind-speed bin and the orange line represents the cumulative fraction
of missed emissions as wind speed increases during the aerial
measurement campaigns (summer 2020 and fall 2021) over the
Permian Basin. The missed emissions are relative to the total
emissions from the basin-level PDF at each wind speed bin.
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insights derived from this study have significant relevance for
broader methane monitoring initiatives. While the methods
and frameworks developed in this study should extend to other
basins, differences in emission characteristics and operational
practices across regions may influence detection outcomes.
Future research can apply these methods to other basins to
validate the findings and assess potential region-specific
variations in methane emission distributions and detection
sensitivities.
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