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A B S T R A C T   

Thorough characterization of probabilities of detection (POD) and quantification uncertainties is fundamentally 
important to understand the place of aerial measurement technologies in alternative means of emission limi
tation (AMEL) or alternate fugitive emissions management programs (Alt-FEMP); monitoring, reporting, and 
verification (MRV) efforts; and surveys designed to support measurement-based emissions inventories and 
mitigation tracking. This paper presents a robust framework for deriving continuous probability of detection 
functions and quantification uncertainty models for example aerial measurement techniques based on controlled 
release data. Using extensive fully- and semi-blinded controlled release experiments to test Bridger Photonics 
Inc.’s Gas Mapping LiDAR (GML)™, as well as available semi- and non-blinded controlled release data for Kairos 
LeakSurveyor™ and NASA/JPL AVIRIS-NG technologies, robust POD functions are derived that enable calcu
lation of detection probability for any given source rate, wind speed, and flight altitude. Uncertainty models are 
separately developed that independently address measurement bias, bias variability, and measurement precision, 
allowing for a distribution of the true source rate to be directly calculated from the source rate estimated by the 
technology. Derived results demonstrate the potential of all three technologies in methane detection and miti
gation, and the developed methodology can be readily applied to characterize other techniques or update POD 
and uncertainty models following future controlled release experiments. Finally, the analyzed results also 
demonstrate the importance of using controlled release data from a range of sites and times to avoid under
estimating measurement uncertainties.   

1. Introduction 

Methane is a potent yet short-lived greenhouse gas and rapid re
ductions in methane emissions from energy, waste, and agriculture 
sectors are an essential part of the pathway to limiting global temper
ature rise (Arias et al., 2021; CCAC, 2021; IPCC, 2018). However, suc
cessful mitigation of emissions is contingent on the ability to reliably 
detect potential emissions from both known and unknown sources. 
Moreover, development of trustworthy emission inventories and 
tracking progress toward mitigation targets requires accurate measure
ments within defined uncertainties. This challenge is central to 
emerging monitoring, reporting and verification (MRV) efforts (Euro
pean Commission, 2021) and the associated verification role of the 
United Nations International Methane Emissions Observatory (IMEO). 

In recent years, a range of potential detection and/or measurement 
technologies have been explored with promise to significantly reduce 
time and labour costs to find and measure sources of methane, especially 

for applications in the oil and gas sector (Bell et al., 2020; Fox et al., 
2019; Kemp and Ravikumar, 2021; Rashid et al., 2020; Ravikumar et al., 
2019; Schwietzke et al., 2019). Of particular interest are airplane- 
mounted technologies, which are increasingly used in large-scale field 
campaigns with success (Chen et al., 2022; Cusworth et al., 2021; 
Johnson et al., 2023; Tyner and Johnson, 2021) and gaining acceptance 
in alternate fugitive emissions management programs (Alt-FEMP) 
replacing or supplementing optical gas imaging (OGI) surveys using 
hand-held infrared cameras (EMNRD, 2023; AER, 2021; Bridger Pho
tonics, 2021). With sensitivities >100–1000 times better than current 
satellite systems, airplane-mounted sensors have emerged as a key tool 
for mitigating methane, well-suited to the challenging “verification” 
component of MRV and capable of being used to create 
measurement-based inventories. However, successful application of 
these technologies and interpretation of collected data requires a thor
ough understanding of the probability of detecting unknown sources 
under different conditions and uncertainty in quantifying emissions 
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from detected sources. To date, only limited controlled release studies 
have appeared in the literature (Bell et al., 2020; Johnson et al., 2021; 
Ravikumar et al., 2019; Sherwin et al., 2021; Thorpe et al., 2016 plus 
(Bell et al., 2022) which appeared after final revisions of the present 
article prior to final publication) and robust methodologies to meet 
these requirements have not been developed. 

This paper has four main objectives. First, a novel generalized 
approach to deriving continuous probability of detection (POD) func
tions is presented that significantly improves upon existing formulations 
in the literature that are often non-physical. Generalized POD functions 
are essential for understanding what is or is not captured in field mea
surements and modelling the applicability and mitigation potential of 
technologies in programs like FEAST (Fugitive Emissions Abatement 
Simulation Toolkit; Kemp et al., 2016). Second, a statistical error model 
is presented to derive quantification uncertainties in aerial-estimated 
source rates. Together with robust POD data, quantification un
certainties are essential for defensibly applying airborne measurements 
for MRV and ultimately for using aerial data in measurement-based 
inventories. Third, using extensive controlled release experiments 
completed to evaluate Bridger photonics’ gas mapping LiDAR (GML)™ 
system (Bridger Photonics, 2021) as an initial case study, a continuous 
POD function and separate quantification uncertainty model are 
derived. Finally, using available published controlled release data, the 
methods are extended to also estimate robust POD and quantification 
uncertainty of Kairos LeakSurveyor™ (Kairos Aerospace, 2022) and 
POD of NASA’s Jet Propulsion Laboratory’s Next-Generation Airborne 
Visible/Infrared Imaging Spectrometer (AVIRIS-NG) platform (Thorpe 
et al., 2016). 

2. Methodology 

2.1. Methane detection technologies 

2.1.1. Bridger photonics gas mapping LiDAR™ 
Bridger Photonics Gas Mapping LiDAR (GML) uses an airplane- 

mounted scanning laser, camera, and Global Navigation Satellite Sys
tem – Inertial Navigation System to detect methane sources and produce 
quantitative geo-located imagery of associated plumes (Bridger Pho
tonics, 2021; Hunter and Thorpe, 2017; Johnson et al., 2021; Kreitinger 
and Thorpe, 2018). Originally developed through the Advanced 
Research Project Agency – Energy (ARPA-E) MONITOR program (ARPA- 
E, 2018), the technology uses wavelength modulation spectroscopy at 
1651 nm to measure path-integrated methane concentrations between 
the aircraft and the ground, which acts as a topographic backscatterer. 
Forward and backward looking measurements as the plane flies give 
information on the detected plume height, typically within 2 m accuracy 
(Johnson et al., 2021). At typical target altitudes between 168 and 230 
m above ground level (AGL), the sensor’s 31◦ field-of-view results in an 
approximately 94–130 m wide measurement swath on the ground and 
resolves plumes with ~1–2 m spatial resolution. Source emission rates 
are estimated by a proprietary method that combines information about 
the spatial concentration of methane in the detected plume, the height of 
the plume above ground level, the horizontal wind speed at the time of 
detection (Bridger Photonics typically uses interpolated hourly meteo
rological station data from the public High-Resolution Rapid Refresh 
(HRRR) database (NOAA, 2020) or Meteoblue (http://meteoblue.com) 
depending on coverage in the region of interest), and the assumed ver
tical profile of wind speed. Preliminary analysis of blinded controlled 
releases by Johnson et al. (2021) suggests that 1σ quantification un
certainties of ±31–68% can be expected from a single pass of sources 
near the sensitivity limit. However, uncertainties at higher release rates 
and over a broader range of conditions are not well-described in the 
literature and a robust understanding of these uncertainties is an 
important goal of this paper. 

2.1.2. Kairos Aerospace LeakSurveyor™ 
Kairos Aerospace’s LeakSurveyor is an airplane-mounted methane 

imaging system that combines an infrared imaging spectrometer, global 
positioning system (GPS) and inertial monitoring unit, and optical 
camera to detect methane plumes (Berman et al., 2021; Branson et al., 
2021; Schwietzke et al., 2019). Path-integrated methane concentrations 
are measured via absorption of reflected sunlight from the ground in 
spectral regions where there is no interference from other common 
hydrocarbons (Berman et al., 2021). For the targeted flight altitude of 
900 m AGL, each measurement swath is approximately 800 m wide with 
a spatial resolution of ~3 m (Sherwin et al., 2021). As summarized in 
Berman et al. (2021) and Sherwin et al. (2021), quantification is via a 
proprietary algorithm that calculates pixel-level methane column den
sity between the airplane and the ground, sums these estimates within a 
core-plume region with distinguishable methane enhancements from 
background, divides by the length of this core plume region, and mul
tiplies by an estimated wind speed. Compared to Bridger Photonics’ 
active GML sensor, the passive LeakSurveyor from Kairos Aerospace 
trades potential advantages of larger measurement swath permitting 
greater facility coverage per airplane pass with the disadvantages of 
lower spatial resolution and higher minimum detection limits as well as 
potentially greater sensitivity to environmental lighting conditions. 

Because in-situ wind speed is not generally available for aircraft- 
detected sources and database wind speed can be highly uncertain, 
Kairos Aerospace typically provides source rate estimates on a wind- 
normalized basis – i.e., in units of emission rate per wind speed (Bran
son et al., 2021). Kairos’ in-house (Berman et al., 2021) and third-party 
(Sherwin et al., 2021) assessments of the LeakSurveyor technology have 
estimated detection sensitivities in these units of approximately 8.2 (at a 
50% POD) and 5–15 (kg/h)/(m/s) (“partial detection range”), respec
tively. Quantification bias was also assessed by Kairos Aerospace on a 
wind-normalized source rate-basis and found to be approximately − 2% 
(Branson et al., 2021); precision errors were not analyzed. In their 
controlled release study, Sherwin et al. (2021) independently evaluated 
quantification error in emission rate (non-normalized units of kg/h) by 
multiplying LeakSurveyor-reported wind-normalized source rate data 
by wind speed estimated from four different sources. The parity slope of 
estimated-to-controlled source rates ranged from 0.88 to 1.45×, repre
senting a bias on the order of − 12 to +45% depending on the source of 
wind speed data. Precision errors were estimated using the residuals of 
linear fits to controlled release data and were on the order of 30–42% 
(1σ). 

2.1.3. NASA JPL’s next-generation airborne visible/infrared imaging 
spectrometer 

The next-generation airborne visible/infrared imaging spectrometer 
(AVIRIS-NG; Hamlin et al., 2011) is an improvement on the original 
AVIRIS instrument (Green et al., 1998) developed by the U.S. National 
Aeronautics and Space Administration’s (NASA) Jet Propulsion Labo
ratory (JPL). The AVIRIS-NG instrument is a push-broom imaging 
spectrometer with approximately 5 nm spectral resolution over the 
visible and near-infrared spectra (380 to 2510 nm). Methane point 
source detection studies have flown the AVIRIS-NG instrument at 
different altitudes: 430 to 3800 m AGL (Thorpe et al., 2016) and, more 
recently, 3000 to 8000 m AGL (Thorpe et al., 2021). For the approxi
mately 34◦ field-of-view, swath widths and spatial resolutions are on the 
order of 1800 m and 3 m at a typical/common flight altitude of 3000 m 
AGL (Duren et al., 2019; Thorpe et al., 2021) and approximately 3300 m 
and 8 m at a flight altitude of 8000 m AGL. Methane columns are 
retrievable using differential optical absorption spectroscopy (e.g., 
Cusworth et al., 2019; Thorpe et al., 2017) or matched filter methods (e. 
g., Foote et al., 2020; Thompson et al., 2015) permitting downstream 
processing to identify methane plumes. 

Although the development of AVIRIS(-NG) was not specifically 
motivated by methane detection, AVIRIS-NG has been successfully used 
to detect, map, and monitor large-scale methane emitters. Methane- 
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relevant studies have targeted measurements at an array of assorted 
facility types (Duren et al., 2019; Guha et al., 2020) with some focusing 
on oil and gas facilities (Cusworth et al., 2021; Frankenberg et al., 2016; 
Thorpe et al., 2020) solid waste facilities (Cusworth et al., 2020; 
Krautwurst et al., 2017), and arctic permafrost (Elder et al., 2020). In 
2013, Thorpe et al. (2016) mounted the AVIRIS-NG instrument on a 
Twin Otter aircraft during controlled release experiments to evaluate 
methane retrieval algorithms and assess detection sensitivity as a func
tion of wind speed and aircraft altitude. At the time of writing, the ac
curacy of methane source rate estimation using AVIRIS-NG has not been 
evaluated in detail, although a recent study focusing on the evaluation of 
an airborne Doppler wind LiDAR instrument (Thorpe et al., 2021) in
cludes source quantification data for a pair of controlled release tests. 

2.2. Controlled releases – Bridger GML 

For this study, controlled methane releases were completed as part of 
two separate field campaigns during September 5–8, 2020 and August 
19–22, 2021 at oil production sites near Lloydminster, Saskatchewan to 
assess Bridger Photonics’ GML technology. These releases were 
completed as part of broader measurement surveys across western 
Canada and included both semi-blinded and fully blinded experiments 
to assess quantification accuracy as well as detection sensitivity under 
varying conditions. First, working collaboratively with Bridger Pho
tonics and the contracted airplane operator, high-flowrate controlled 
releases were completed to derive GML quantification uncertainties 
when measuring methane sources emitting between 1 and 66 kg/h, 
consistent with 96% of sources found in a recent survey of oil and gas 
infrastructure in BC, Canada (Tyner and Johnson, 2021). These semi- 
blinded releases, where Bridger was told that controlled releases were 
being performed but not informed of the exact release locations within 
the facilities nor the flow rates, were made from a set of four inactive oil 
and gas facilities conveniently arranged in a line approximately 375 m 
apart (refer to supplemental information (SI) for additional detail). Over 
four days during each campaign, the plane flew laps over the test fa
cilities while flow rates at each site were independently varied between 
each lap at predetermined random flow rates (including zero releases) 
that were not shared with Bridger Photonics nor the aircraft operator. 

Second, following the same approach used in Johnson et al. (2021), 
additional low-flowrate controlled releases (0.4–5.2 kg/h) plus zero- 
releases were performed from active sites included in parallel con
tracted surveys of oil and gas infrastructure in the region. In collabo
ration with industry operators, methane was released from within 
facility premises at random rates near the expected sensitivity limit of 
the GML technology to test its ability to correctly detect unknown 
sources at unknown locations. These tests, performed considering im
pacts from interaction of the temporally varying wind with adjacent 
infrastructure and in the potential presence of additional sources from 
the active facilities, were fully blinded in that they were conducted 
without informing Bridger Photonics nor the aircraft operator that the 
experiments were taking place. Bridger provided final source detection 

and quantification data (obtained using their internal analysis of 
Meteoblue wind data) without having access to data from the semi- 
blinded releases and without having been informed of the fully blin
ded release experiments. 

At each release location time-resolved wind speed at 3 m above 
ground level was measured at 1 Hz using an ultrasonic wind sensor 
(Anemoment, TriSonica mini) with a rated accuracy of ±0.2 m/s over 
the relevant range of 0–10 m/s. Methane from compressed cylinders 
(PraxAir, >99% purity) was released through Bronkhorst thermal mass 
flow controllers (various models, rated accuracy of ±0.1% of full scale 
or ± 0.5% of reading). For the larger flow rates, a custom-built heated 
regulator and liquid-gas heat exchanger system were used to overcome 
Joule-Thomson cooling of the gas and ensure temperatures were near 
ambient as it entered the flow controllers. The methane then flowed 
through at least ~20 m of tubing to a release point from a vertically 
oriented, 1 m length pipe (i.e., typical working height for oil and gas 
infrastructure) temporarily secured to the ground. GPS-synchronized 
data loggers were used to record methane release rate and wind speed 
data that could subsequently be matched with time-stamped data pro
vided by Bridger. This was especially important in confirming missed 
detections during the fully blinded releases from within sites included in 
the parallel surveys of oil and gas infrastructure. Although exit tem
perature of each methane release was not measured, calculations 
confirm that the length of tubing was such that it would have been 
ambient in all cases, consistent also with the field experiments of 
Sherwin et al. (2021). Table 1 summarizes the controlled release 
experiments. 

2.3. Available controlled release data for Kairos’ LeakSurveyor 

Using the new methodology presented below, a robust POD function 
and uncertainty model were also developed for Kairos’ LeakSurveyor 
using published controlled release data from Sherwin et al. (2021) 
augmented with internal controlled release data obtained from Kairos as 
in Chen et al. (2022). Sherwin et al. (2021) completed 234 semi-blinded 
controlled release tests of Kairos’ LeakSurveyor from a single facility 
located in San Joaquin County, California over four days spanning 
October 8–15, 2019. These included 210 non-zero controlled releases 
between 18 and 1025 kg/h. Three data points were discarded following 
Sherwin et al.’s (2021) initial quality control and the remaining 207 
releases were used to assess detection sensitivity in the present work – 
40 of these 207 releases were purposely performed at low flowrates near 
the lower limit of the flowmeter (<50 kg/h). Of the original 210 re
leases, 148 were considered for the present assessment of quantification 
error, corresponding to the subset of release data with a successful 
detection, a controlled rate > 50 kg/h, and no quality control concerns. 
Wind speeds were measured in situ at 8 ft. (~2.43 m) above ground level 
using two instruments: a cup-based wind meter and a two-dimensional 
ultrasonic anemometer (on the latter three days only). Sherwin et al. 
(2021)’s analysis also evaluated quantification error for the practical 
scenario where in-situ wind speed data are not available, testing 

Table 1 
Summary of controlled release experiments to test Bridger Photonics’ GML completed as part of the present study.  

Release Set Period Count 

High-flowrate (1–66 kg/h), semi-blinded releases from a fixed set of inactive facilitiesa 
Sept. 5–8, 2020 138 

(122 non-zero) 

Aug. 19–22, 2021 
175 
(162 non-zero) 

Low-flowrate (0.4–5.2 kg/h), fully blinded releases from within active sites included in parallel oil & gas sector surveysb 
Sept. 5–7, 2020 

67 
(38 Misses) 

Aug. 19–21, 2021 115 
(24 Misses) 

Total 495 total releases  

a All non-zero semi-blinded releases were detected. 
b Representative scene noise was provided with the standard data product for small-volume releases in 2020 and 2021. 
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accuracy when using minute-resolved data from the commercial Dark 
Sky database (Apple Inc., 2022) and hourly data from the HRRR data
base (NOAA, 2020). The LeakSurveyor sensor was used to detect and, 
where possible, quantify the controlled releases and was flown at a 
nominal altitude of 900 m AGL throughout the study. For the present 
analysis of POD, in-situ wind speed from the ultrasonic anemometer is 
favoured when available due to its improved accuracy over the cup- 
based meter; for the measurement day where only data from the cup- 
meter were available, these data are corrected based on a linear fit 
with available ultrasonic data. Sherwin et al. (2021) chose the one- 
minute gust as the representative measured wind speed (correspond
ing to the maximum speed during the minute prior to the aircraft 
overpass) in the main text of their analysis, which matches the wind 
speed preferred in Kairos’ quantification as further discussed below. By 
contrast, the present analysis uses the one-minute averaged wind speed 
prior to the aircraft overpass as it is likely to be more indicative of 
convective dispersion of the plume prior to detection and is the relevant 
windspeed to consider when planning a survey or modelling expected 
performance in simulators like FEAST. To standardize wind speeds 
against the present controlled releases, all available wind data were 
scaled to a 3-m height AGL using a logarithmic profile with a specified 
zero-displacement plane, d, of 0.066 m and a surface roughness, z0, of 
0.01 m representative of the graded areas around oil and gas areas as 
used in Bridger’s algorithm (Johnson et al., 2021). 

As in Chen et al. (2022), additional data from internal controlled 
release studies were provided by Kairos to augment the present analysis 
of detection probabilities and quantification error/uncertainty. These 
confidential data include controlled source rate, estimated wind- 
normalized source rate, measured wind speed, and one-minute gust 
wind speed from the Dark Sky database for 375 additional non-zero 
releases. Noting that the blindedness of Kairos’ internal studies could 
not be evaluated, within these data a total of 45 releases were missed 
and 296 releases were automatically detected by Kairos’ algorithm; the 
remaining 34 were tagged as partial detects, which required human 
interpretation to identify a plume. When combined with the publicly 
available controlled release data of Sherwin et al. (2021) (which are 
treated as automated detects since the available data did not distinguish 
partial detects), there were a total of 485 detects, 34 partial detects, and 
63 missed detections. Additional analysis in the SI shows the effects of 
treating these data sets separately. For the quantification uncertainty 
modelling, where only sources >50 kg/h were considered and partial 
detections were not quantified, there were 148–376 available source 
measurements depending on which wind data source was considered. 

2.4. Published controlled release data for NASA JPL’s AVIRIS-NG 

A POD function for the AVIRIS-NG sensor was derived using the 
controlled release data reported by Thorpe et al. (2016). These experi
ments were originally designed to evaluate the ability of AVIRIS-NG in 
detecting methane point sources and the available data do not include 
separate source rate estimates from the plane. A total of 143 non-blinded 
controlled releases were completed over seven days in June 2013 from 
three separate sites within the Rocky Mountain Oilfield Testing Center in 
Wyoming, U.S.A. Thorpe et al. (2016) measured wind speeds at 8–9 m 
AGL using a 3D ultrasonic wind anemometer. For the present analysis of 
detection probability, reported wind speeds (averaged over the minute 
preceding a detection) were scaled from an average height of 8.5 m AGL 
to 3 m AGL using the same logarithmic profile and parameters noted 
above; the resulting wind speeds at 3 m spanned 0.66–7.5 m/s. 
Controlled release rates ranged from 2.2 to 96 kg/h and flight altitudes 
were between 430 and 3800 m AGL. For each release, the methane 
plume was flagged as either detected (automatic detection by algorithm, 
N = 94), partially detected (requiring human interpretation, N = 25), or 
missed (N = 24). 

3. Statistical analysis 

3.1. Generalized approach to deriving robust probability of detection 
functions 

For a specified remote detection technology, the probability of 
detection (POD) function represents the likelihood of successfully 
detecting an emitter at some source rate for a given set of conditions 
during a single measurement observation. Although different technol
ogies may be affected by additional parameters, in general, detectability 
of a given source (at rate Q) depends on the wind field that drives plume 
dispersion, the spatial resolution of the measurement, and the effective 
signal-to-noise ratio (SNR) of the measurement system. For simplicity, 
the effects of wind can be parameterized by the true/measured 3-m wind 
speed (u3). For Bridger’s GML technology, the measured 3-m wind speed 
is computed from in-situ wind measurements at 1 Hz using Bridger’s 
Gaussian smoothing algorithm. For the imaging spectrometers, 
measured wind speed is averaged over one minute prior to the aircraft 
overpass to be consistent with Sherwin et al. (2021). For a fixed set of 
sensor optics, the ground-level spatial resolution is defined by the alti
tude of the measurement system above ground level (h̃ [m]). The 
effective SNR for a given measurement is itself a function of Q and u3 
(which affect the observed path-integrated concentration of the plume), 
h̃ (which affects signal strength through the inverse square law), the 
spectral albedo of the ground (which affects the strength of the return 
signal), and potentially other parameters specific to the technology. 
Although additional SNR data may or may not be readily available for a 
given technology as further considered below, it is initially considered in 
this general analysis as a representative scene noise in units of column 
density (ñ [ppm-m]). Using these parameters, a POD function can be 

derived that depends on x =
[
Q, u3, h̃, ñ

]T
. Technically, the plume height 

(z̃p) is also a relevant parameter since plume dispersion is height- 
dependent; however, since this is undefined for a failed detection, it is 
necessarily ignored in the derivation of a POD function. 

A broad range of potential POD functions were evaluated using bi
nary regression on the collected controlled release data. The objective of 
binary regression is to model a binary dependent variable, here D rep
resenting a successful (1) or failed (0, “missed”) detection, which follows 
a Bernoulli distribution having the POD function, POD(x), as its 
parameter, i.e., 

D ∼ Bernoulli(POD(x) ) (1)  

The POD function (POD(x)) is modelled as a composite of a “predictor” 
function (g(x;ϕ)), with variables x and coefficients ϕ, and a continuous 
“inverse link” function (F(g(x;ϕ);θ)), with coefficients θ: 

POD(x) ≡ F(g(x;ϕ) , θ) (2)  

For a candidate pair of predictor and inverse link functions, ϕ and θ are 
obtained by maximum likelihood estimation (MLE) of the Bernoulli 
distribution using controlled release data. This can be found via opti
mization to minimize ℓ, the negative logarithm of the likelihood func
tion, where for the Bernoulli distribution: 

ℓ(ϕ, θ) =
∑

i
− (DilnFi +(1 − Di)ln(1 − Fi) ) (3)  

and Fi = F(g(xi;ϕ),θ) for each controlled release data point, i. 
For a fixed probability of detection (p), the POD function may be 

inverted to define contours of constant sensitivity for the measurement 
technique. In the present case, this permits calculation of a critical 
source rate at some detection probability, as a function of the remaining 

parameters in x – i.e., Qp

(
u3, h̃, ñ; p

)
. A linear prediction model is often 

used in binary regression, such that g(x) = ϕTx, which is coupled with a 
logistic inverse link function (logistic regression) or a normal cumulative 
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distribution function (CDF; probit model). However, in the present 
application, this approach produces lines of constant detection proba
bility that converge to zero at zero wind (u3 = Qp = 0) for a fixed 
aircraft altitude and scene noise. This implies that an infinitesimally 
small emitter could be detected as wind reduces toward zero, which is 
non-physical for a noise-laden system. To avoid this, candidate predictor 
functions are permitted to be nonlinear, while remaining monotonic 
with each element in x and non-negative (consistent with the definition 
of each element). Candidate predictor functions are also required to 
provide a non-negative output that increases with the likelihood of 
detection. The inverse link function then maps the output of the pre
dictor function to a continuous POD between 0 and 1, as required. 

3.2. Source quantification uncertainty 

To interpret estimated source rate data, it is critical that measure
ment uncertainties are thoroughly understood. This section presents the 
method by which controlled release data can be used to derive predic
tive estimates for the true source rate (Q) given an estimated source rate 
(Q̃). Mathematically, the objective is to derive the conditional proba

bility of Q given Q̃ – i.e., π
(

Q|Q̃
)

. This challenge was approached by 

parsing observed errors during controlled release experiments into bias 
and precision components. 

Consider hypothetical multiple detections/measurements of a single, 
steady-state source observed on a single, specific date. It can be assumed 
that, on average, there will be some error in the estimated value of the 
source rate, which represents bias in the measurement of this source on 
the specific date. A bias-correction procedure that accounts for this 
average error in Q̃ can be developed using a bias-corrected estimate of the 

source rate 
(

Q̂ = fB
(

Q̃
))

, which may be assumed to follow a condi

tional distribution π
(

Q̂|Q̃
)

. A precision distribution that accounts for 

precision error of the bias-corrected estimate can be similarly defined, 
π(Q|Q̂). The desired distribution of the true source rate given the esti
mated source rate can then be computed from these distributions via: 

π
(

Q|Q̃
)
=

∫

Q̂
π(Q|Q̂) π

(
Q̂|Q̃

)
dQ̂ (4)  

where the integration is performed over all possible values of Q̂. For 
convenience, Eq. (4) can be re-written in terms of probabilistic correction 

parameters κQ and λQ – where κQ = Q̂/fB
(

Q̃
)

is a bias-correction 

parameter and λQ = Q/Q̂ is a precision-correction parameter – that are 
statistically independent from Q̃, Q̂, and Q. Letting the probability 
distributions of these correction parameters be πκQ(κQ) and 
πλQ(λQ), respectively, their statistical independence implies via 
a change of variables that π(Q|Q̂) ≡ πλQ (Q/Q̂)/Q̂ and 

π
(

Q̂|Q̃
)
≡ πκQ

(
Q̂/fB

(
Q̃
))/

fB
(

Q̃
)

. Introducing these into Eq. (4) gives: 

π
(

Q|Q̃
)
=

∫

Q̂
πλQ

(
Q
Q̂

)

πκQ

⎛

⎝ Q̂

fB

(
Q̃
)

⎞

⎠ 1

Q̂fB

(
Q̃
) dQ̂ (5)  

Since bias-correction accounts for the average error in Q̃, the parameters 
of the precision-correction distribution (πλQ) must be chosen to yield a 
unit mean. Likewise, the parameters of the bias-correction distribution 
(πκQ) can be constrained to have a unit mean to permit consideration of 
measurement bias through the optimized coefficient(s) of the bias- 
correction function (fB). 

There is one simplifying limiting case for the conditional distribution 
shown in Eq. (5) that is necessary if controlled release data are con
strained to a small set of sites and/or measurement days. In this case, 
measurement error must be assumed to be independent of time and 

location, implying that the required bias-correction is non-probabilistic. 
With this assumption, Eq. (4) simplifies to: 

π
(

Q|Q̃
)
= πλQ

⎛

⎝ Q

fB

(
Q̃
)

⎞

⎠ 1

fB

(
Q̃
) (6)  

The conditional probability distributions in Eq. (6) were computed via 
MLE using controlled release data for Bridger’s GML and Kairos’ Leak
Surveyor technology. This approach optimizes the parameters for πλQ 

(constrained to yield a unit mean) and the coefficients of the bias- 
correction function, fB. 

Myriad other parameters could influence error in source rates esti
mated from aerial measurements. These include the time-history of the 
turbulent wind field over the site as well as parameters impacting the 
quality of the measurement signal (e.g., aircraft altitude/orientation and 
surface albedo). In the most general sense, the desired probability dis
tribution(s) should be conditioned on these additional parameters. 
However, error caused by these parameters are likely to be highly site-, 
source-, and time-dependent, such that these confounding variables are 
inherently considered if extensive controlled release data for multiple 
sites over multiple days are available and Eq. (5) can be used to model 
quantification error. Conversely, since Eq. (6) assumes errors are inde
pendent of site, source, and time, this latter model can be expected to 
underestimate variance in the quantification error. Sufficient data were 
obtained during the high-flowrate controlled release experiments of 
Bridger’s GML to permit evaluation of quantification error via both Eq. 
(5) and (6). This case study identifies the importance of site- and day- 
dependent quantification error as discussed in Section 4.2.1 below. 

4. Results 

4.1. Probability of detection 

Starting first with the detailed case-study of Bridger’s GML, Fig. 1a 
plots the 466 non-zero controlled releases obtained during the 2020 and 
2021 campaigns as a function of measured 3-m wind speed, calculated 
from in-situ measurements following Bridger’s Gaussian smoothing al
gorithm. Successful detections of fully and semi-blinded releases are 
identified in blue and green, respectively, and misses in red. There were 
no false positives during the 29 zero controlled releases. Over this range 
of wind speeds between 0.5 and 7.2 m/s, all controlled release sources 
greater than ~4.5 kg/h were detected. Fig. 1b shows a magnified view of 
the same data for source rates <8 kg/h, which highlights the probabi
listic nature of detection success. 

Expectedly, successful detection appears more likely at higher source 
rates and lower wind speeds – i.e., detection probability is correlated 
with the wind-normalized source rate as in previous studies (e.g., 
Sherwin et al., 2021). This is anticipated by the simplified Gaussian 
plume dispersion model (Hanna et al., 1982), where the wind- 
normalized source rate is proportional to the plume column density 
along the vertical axis (i.e., the observable “signal” for an airborne 
measurement). However, detection is also affected by the strength of the 

return signal at the optics which is proportional to h̃
− 2 

(inverse square 
law) and the spatial resolution of the imagery, which for Bridger’s 

scanning laser and GML optics is approximately proportional to h̃
− 0.5

. 
Including these effects, while still ignoring the effect of instrument noise 
for the time-being, provides an informative, non-parametric, simple 
predictor function for Bridger’s GML, g(x;ϕ) ≈ Q

u3 h̃
2.5. This function is 

used to colour the data in Fig. 1b, scaled to units of μg/m3.5. Visually, the 
colour gradient in the data from the top-left (high detection probability) 
to the bottom right (low detection probability) suggests strong correla
tion of this simple predictor with detectability. 

Similar data are shown for the Kairos LeakSurveyor (Fig. 1c-d) and 
AVIRIS-NG (Fig. 1e-f) instruments. In contrast to Bridger’s GML with 

B.M. Conrad et al.                                                                                                                                                                                                                              



Remote Sensing of Environment 288 (2023) 113499

6

actively scanning optics, the detection sensitivity of these passive im
aging spectrometers is expectedly lower, such that some emissions likely 
to be detected by Bridger may be missed by Kairos’ LeakSurveyor or 
AVIRIS-NG. Additionally, for these imaging optics that can be approxi
mated with a pinhole model, spatial resolution at the ground/plume is 
linear with aircraft altitude, implying that signal strength is proportional 

to h̃
− 1

. Combining this with the inverse square law (h̃
− 2

) suggests that 
the equivalent simple prediction function these techniques should be 
g(x;ϕ) ≈ Q

u3 h̃
3, indicating a greater potential sensitivity to aircraft alti

tude than Bridger’s GML. Fig. 1d and f show the controlled release data 
according to this latter predictor function in units of ng/m4 – recall 

Fig. 1. Available controlled release data for (a,b) Bridger Photonics GML, (c,d) Kairos LeakSurveyor, and (e,f) AVIRIS-NG. Successful detections are outlined in blue 
(fully blinded data), green (semi-blinded data), or black (non-blinded data); partial detections in purple; and missed detections in red. Righthand panels (b, d, and f) 
show a zoomed subset of lower release rate data from the corresponding left panels, where the data points are also shaded according to each technique’s simple 
predictor function (described in the main text) as outlined on the right of each panel. (For interpretation of the references to colour in this figure legend, the reader is 
referred to the web version of this article). 
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however, that available Kairos data were acquired at the single targeted 
altitude of 900 m AGL. Interestingly, in contrast to Bridger’s GML, the 
gradient in this colouring scheme is less pronounced for AVIRIS-NG, 
indicating that detection sensitivity is not well-captured by the simple 
predictor model. 

Although potentially useful, the simple predictor functions g(x;ϕ) ≈

Q

u3 h̃
2.5 and g(x;ϕ) ≈ Q

u3 h̃
3 in Fig. 1b, d, and f are sub-optimal since, in 

addition to being non-parametric and approximate, this formulation 
forces contours of constant POD to be linear and converge at the origin 
in the Q-u3 domain. Thus, for a fixed aircraft altitude, this formulation 
results in the same non-physical POD at low wind speeds as the linear 
predictor model. To avoid this issue and to generalize the predictor 
model, the present analysis considers an optimizable model of the form: 

g(x;ϕ) = ϕ7

(
Q[kg/h] − ϕ1

)ϕ3

ñϕ4
[ppm⋅m]

(
h[m]

1000

)ϕ5
(

u3[ms ]
− ϕ2

)ϕ6
(7)  

where representative scene noise (ñ) has been introduced for complete
ness and may be optionally considered via optimization of coefficient ϕ4 
and units of each variable have been explicitly stated in square brackets. 
Choosing ϕ1 > 0 and/or ϕ2 < 0 ensures a physically reasonable POD at 
zero-wind, unlike the linear prediction model and the simple, non- 
parametric predictor functions described above and used to colour data 
in Fig. 1b, d, and f. Similarly, non-negative exponents ϕ3− 6 allow for 
deviation from linearity or, in the case of ϕ5 for aircraft altitude, from the 
simple predictor functions described above. Importantly, the generalized 
predictor model of Eq. (7) is non-negative and monotonically increases 
with source rate and decreases with scene noise, aircraft altitude, and 3-m 
wind speed. This means that candidate inverse link functions can take the 
form of the cumulative distribution function (CDF) of any distribution 
with non-negative support (e.g., lognormal, Fréchet, etc.). 

As further detailed in the SI (see especially Table S1), the optimi
zation considered a broad range of possible inverse link functions while 
independently testing the importance of each variable in Eq. (7). 

Considering first the subset of controlled release measurements where 
scene noise data were available, in all instances the optimization showed 
that including either scene noise or aircraft altitude in the model, i.e., 
permitting ϕ4 or ϕ5 to be non-zero, was strongly statistically justified. By 
contrast, including both parameters was either not justified or only 
marginally justified (ΔAICc <

̅̅̅̅̅̅
10

√
, see SI); that is, classed as “not worth 

more than a bare mention” (Kass and Raftery, 1995; Snipes and Taylor, 
2014). Thus, given that aircraft altitude is a trivial parameter to quantify 
(and in the present case available for Bridger’s GML as a standard 
output), the remainder of the POD derivation ignores scene noise, 
forcing ϕ4 = 0 and optimizing for the exponent on aircraft altitude, ϕ5. 

Subsequent optimization was performed using all available 
controlled release data plotted in Fig. 1a for Bridger’s GML (N = 466), 
Fig. 1c for Kairos’ LeakSurveyor (N = 582), and Fig. 1f for AVIRIS-NG 
(N = 139). As an example, the best-fitting model for the GML data 
had the following optimized predictor function: 

g
(

Q, u3, h̃
)
=

0.152 Q1.07
[kg/h]

(
h̃m

1000

)2.44(
u3[m/s] + 2.14

)1.69
(8)  

and employed a Fréchet CDF for the inverse link function: 

F(g) = exp
(
− 0.372g− 2.53) (9)  

Combined, these give the probability of detection for any specific source 
rate, wind speed, and altitude using Bridger’s GML. Importantly, the 
generalized approach used to produce this detailed model can be readily 
extended to any other technology for which sufficient controlled release 
data are available. Using published controlled release data for Kairos’ 
LeakSurveyor (Sherwin et al., 2021) and AVIRIS-NG (Thorpe et al., 
2016) and additional internal controlled release data from Kairos, POD 
functions were derived for each of these technologies using the devel
oped method. The final optimized POD functions, which combine the 
predictor and inverse link functions, are summarized for each technol
ogy in Table 2; optimized predictor functions are available in the SI. For 

Table 2 
Derived POD functions for GML, LeakSurveyor, and AVIRIS-NG, combining optimized predictor and inverse link func
tions. Detailed equations of the predictor and inverse link functions for each technology are summarized in Table S2 of the 
SI.  

Technology Optimized Probability of Detection (POD) Function 

Bridger Photonics Inc. 
Gas-mapping LiDAR (GML) POD = exp

⎛

⎜
⎜
⎜
⎝

−

⎛

⎜
⎜
⎜
⎝

0.224 Q1.07
[kg/h]

(
h̃[m]

1000

)2.44
(
u3[m/s] + 2.14

)1.69

⎞

⎟
⎟
⎟
⎠

− 2.53⎞

⎟
⎟
⎟
⎠

Kairos Aerospace LeakSurveyora 

(Excluding Partial Detections) POD = 1 −

(

1 +

(( 8.50 × 10− 3) Q1.99
[kg/h]

(
u3[m/s] + 0.534

)1.92

)2 )− 1.5 

Kairos Aerospace LeakSurveyora 

(Including Partial Detections) POD = 1 −

(

1 +

(( 7.71 × 10− 3) Q1.87
[kg/h]

(
u3[m/s]

)1.41

)2 )− 1.5 

NASA JPL AVIRIS-NG 
(Excluding Partial Detections) POD = 1 −

⎛

⎜
⎜
⎜
⎝

1 +

⎛

⎜
⎜
⎜
⎝

(
31.1 × 10− 3) Q1.99

[kg/h]
(

h̃[m]

1000

)1.91

exp
(
0.239 u3[m/s]

)

⎞

⎟
⎟
⎟
⎠

2⎞

⎟
⎟
⎟
⎠

− 1.5 

NASA JPL AVIRIS-NG 
(Including Partial Detections) POD = exp

⎛

⎜
⎜
⎜
⎝

−

⎛

⎜
⎜
⎜
⎝

0.365 Q1.10
[kg/h]

(
h̃[m]

1000

)0.731

exp
(
0.114 u3[m/s]

)

⎞

⎟
⎟
⎟
⎠

− 2.53⎞

⎟
⎟
⎟
⎠

a Aircraft altitude during controlled release experiments of Kairos’ LeakSurveyor did not deviate from the targeted 
aircraft altitude of 900 m AGL (approximately 3000 ft), so aircraft altitude is necessarily ignored in the stated POD 
function. The optimized model can theoretically be extended to other altitudes by forcing the exponent on aircraft 
altitude to its expected value of 3.0 and updating other coefficients as necessary. Note however that there are no public 
data to support model accuracy at other altitudes and this extrapolation should be performed with caution given the 
observed deviation of AVIRIS-NG’s optimized predictor function from the same expected value of 3.0. 
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both Kairos’ LeakSurveyor and AVIRIS-NG cases, representative in
strument noise data for the controlled releases were not available 
(hence, ϕ4 = 0). Additionally, for Kairos’ LeakSurveyor, aircraft altitude 
was constant during controlled release experiments so the optimized 
exponent on aircraft altitude (ϕ5) was also necessarily ignored. 

Optimization of the generalized predictor function in Eq. (8) using the 
controlled release data for Bridger’s GML technology identified an optimal 
exponent on aircraft altitude (ϕ5) of 2.44, quite close to the theoretical/ 
expected value of 2.5. By contrast, optimization of the AVIRIS-NG 
controlled release data yielded an optimal exponent on aircraft altitude 
of 0.731–1.91, which is lower than the expected value of 3.0 assuming 
simple pinhole optics. Given this deviation and noting that aircraft altitude 
was not varied from the targeted level in the controlled release studies of 
Kairos’ Leak Surveyor, one should use caution if seeking to extrapolate 
from the presented POD function for Kairos to other altitudes. 

Fig. 2a-c plots detection success against the value of the optimized 
predictor function for the controlled releases of Bridger’s GML, Kairos’ 
LeakSurveyor, and AVIRIS-NG, respectively. The optimized inverse link 
function is overlaid in each plot. Fig. 2d-f combines the optimized pre
dictor and inverse link to display the POD function within the Q-u3 
domain at typical/common aircraft altitudes for Bridger’s GML (175 m), 
Kairos’ LeakSurveyor (900 m), and AVIRIS-NG (3000 m, Duren et al., 
2019; Thorpe et al., 2021), respectively. Contours at probabilities of 
detection of 10, 50, and 90% – and the associated functions, Qp – are also 
plotted as solid lines. The dashed lines (and associated functions, Qp

′) 
show the POD if partial (human-identified) detections are included in 
the analyses of Kairos’ LeakSurveyor and AVIRIS-NG and treated equally 
as algorithmic detections. 

The POD functions plotted in Fig. 2d-f and summarized in Table 2 
provide continuous detection probabilities on a measurement-specific 
basis for any given wind speed, source rate, and altitude. These functions 
have not existed to date and are precisely what is required for realistic 
analysis using emissions abatement simulators like FEAST (Kemp et al., 
2016) and modelling efforts supporting alt-FEMP applications. In FEAST 
for example, detection sensitivity has to date been treated as a binary 
variable with successful detection assumed if an instrument’s sensitivity 
is exceeded by the maximum plume concentration estimated from 
Gaussian plume dispersion theory. This approach inherently ignores the 
continuous nature of detection probability and assumes idealized plume 
dispersion that is not supported by the data. The continuous POD 
functions developed in this work identify non-linear sensitivities to 
source rate size and measurement conditions and can be readily 
implemented within FEAST and other models to probabilistically assess 
detection success. Similarly, robust POD data are vital for objective 
analysis of missed detections in situations where multiple measurements 
are made over the same facility. 

As expected, and noting the different scales in Fig. 2d-f, the detection 
sensitivities of Bridger’s active sensor are much lower than either of the 
passive sensors. Considering typical altitudes of 175, 900, and 3000 m 
AGL (corresponding to approximate measurement swaths of 100, 800, 
and 1800 m) for each technology respectively, at a common reference 
wind speed of 3 m/s, the controlled release data identify that Bridger’s 
GML might be expected to detect single sources of 1.2 kg/h in size at 
50% probability, Kairos a 27/32 kg/h source, and AVIRIS-NG a 8.1/21 
kg/h source (the latter two lower/upper values depending on whether 
partial, human-reviewed detections are considered as detections or not). 

Fig. 2. Robustly derived probability of detection (POD) functions for Bridger’s GML technology, Kairos’ LeakSurveyor technology, and AVIRIS-NG. a-c) detection 
success against optimized predictor function values for all available controlled release data for each instrument alongside the corresponding optimized inverse link 
function (green line). d-f) calculated probability of detection as a function of source rate and 3-m wind speed at typical flight altitudes (corresponding approximate 
swath widths also shown) for each instrument. Contours for probabilities of detection of 10, 50, and 90% and their associated functions (Qp) are overlaid in each plot 
as solid lines. For comparison, POD contours if partial detections are included are also plotted with their associated functions (Qp

′) as dashed lines. Table 2 provides 
general equations for POD as a function of source rate, wind speed, and altitude (where relevant) for all cases in this figure. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the web version of this article). 
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At 90% detection probability, these thresholds become 2.3 kg/h, 44/51 
kg/h, and 16/33 kg/h, respectively. At an aircraft altitude of 8000 m 
AGL, the upper limit of flights in a recent study (Thorpe et al., 2021), the 
50% and 90% detection thresholds for AVIRIS-NG are 15/53 kg/h and 
30/84 kg/h, respectively, although estimates for this altitude are 
necessarily extrapolated from the available published data which in
cludes releases for flight altitudes up to 3800 m AGL. At fixed altitudes, 
the optimized POD functions for all three technologies provide physi
cally realistic non-zero intercepts at zero wind speed when ignoring 
partial detections. These contours contrast with assumed detection 
sensitivities or partial detection ranges with non-physical zero-in
tercepts based on wind-normalized source rates (Berman et al., 2021; 
Chen et al., 2022; Sherwin et al., 2021; Bell et al., 2022) as well as the 
assumed linear model of Johnson et al. (2021) for Bridger’s GML. Fig. S4 
of the SI compares the newly derived continuous POD functions with 
these previously published detection sensitivities for each technology. 
There is a slight improvement in the detection sensitivity of Bridger’s 
GML over that estimated from limited tests in the 2019 data of Johnson 
et al., 2021. Detection sensitivities are of similar magnitude for Kairos’ 
LeakSurveyor as in Sherwin et al.’s (2021) and Berman et al.’s (2021) 
analyses. Likewise, the present approach overlaps significantly with 
Thorpe et al.’s (2016) stated partial detection range, however the new 
result improves upon this by parameterizing the POD with wind speed 
and aircraft altitude. 

The optimized POD function for Kairos’ LeakSurveyor is approxi
mately linear with wind speed when ignoring partial detections. While 
this result is justified by goodness-of-fit statistics, subjective inclusion/ 
exclusion of data can yield significantly different results. Using this 
technology as an example and referring to Fig. S5 in the SI, POD con
tours are strongly super-linear if Sherwin et al.’s (2021) data are 
considered alone (Fig. S5a) but, by contrast, become approximately 
linear if only Kairos’ internal data are considered (Fig. S5b). When 
combining these unique data sets, the optimized POD function biases 
toward the former and yields contours that are approximately linear 
(Fig. 2e and S5c). This sensitivity to data inclusion is likely due to the 
scarcity of data near the sensitivity limit in Sherwin et al.’s (2021) ex
periments (see Fig. S5a in the SI). For instance, one-minute-averaged 3- 
m wind speeds during Sherwin et al.’s (2021) experiments did not 
exceed 5.5 m/s as compared to maximum wind speeds of 7.4 m/s in the 
Bridger GML and > 8.0 m/s in the AVIRIS-NG controlled release data. 
Moreover, due to instrumentation constraints noted by Sherwin et al. 
(2021), releases near the sensitivity limit were occasionally held con
stant during consecutive (up to 16) flight passes, letting the variable 
wind perturb detectability of the plume. Consequently, the available 
controlled release data tend to be clustered in the Q − u3 domain, such 
that a POD function for Kairos’ LeakSurveyor derived from Sherwin 
et al.’s (2021) data alone should not be extrapolated. Nevertheless, the 
observed sensitivity of the optimized POD function to the contributing 
datasets supports the continued acquisition (and public sharing) of 
controlled release data for these technologies. 

The controlled release data for AVIRIS-NG resulted in optimized POD 
functions with large values of ϕ2. This coefficient, which translates the 
wind speed coordinate in the predictor and POD functions, optimized 
toward negative infinity as ϕ1 and ϕ6 optimized toward positive infinity. 
It is unclear whether this is a consequence of the plume segmentation 
algorithm employed by Thorpe et al. (2016) or their experimental 
approach to the controlled releases. Given this result, at the optimum, 
the predictor function for the AVIRIS-NG instrument can be more 
concisely written than Eq. (7) by replacing (u3 − ϕ2)ϕ6 with exp(ϕ2

′u3) as 
shown in the final optimized POD functions of Table 2. This formulation 
avoids potential issues with numerical resolution and improves 
convergence during optimization. Considering this specific observation, 
but also the POD analysis more generally, it is important to note that 
optimized coefficients are fundamentally empirical in nature; caution 
should be used in interpreting/comparing fitted coefficients, which are 
sensitive not just to the underlying data, but also the specific form of the 

best-fitting predictor and inverse link functions identified for each 
technology. 

As presented, the derived POD models assume accurate knowledge of 
aircraft altitude and 3-m wind speed. This is the appropriate form when 
trying to understand what might be detectable in a range of field study 
scenarios and/or modelling of alternate fugitive emissions management 
programs (Alt-FEMP) or alternative means of emission limitation 
(AMEL) proposals. However, when interpreting data from a specific field 
campaign, accurate in-situ wind data are generally not available and 
database/modelled wind speed at some arbitrary height above ground 
level (z) must instead be used to infer the POD. This scenario necessarily 
requires an error model for the wind speed and, if z ∕= 3 m, an assumed 
vertical wind speed profile. Such a model is likely to be highly depen
dent on time and location as well as the source of the wind speed esti
mate and ideally should be derived from data relevant to any particular 
measurement campaign. However, if a wind error model of the form 

π
(

u3|ũz

)

exists (i.e., a conditional distribution of the true 3-m wind 

speed given the available estimate at z – i.e., ũz), then the POD can be 
readily quantified considering bias/precision in the estimated wind 
speed via: 

POD
(

Q, ũz, h̃
)

=

∫∞

0

POD
(

Q, u3, h̃
)

π
(

u3|ũz

)

du3 (10)  

Wind speed error distributions from a reference 3-m height π
(

u3|ũ3

)

, 

were derived using available wind data from the controlled release trials 
of Bridger’s GML and Kairos’ LeakSurveyor. The resulting distributions, 
optimized in the same manner as the quantification error distributions, 
are summarized in Table S4 of the SI and can be used with the optimized 
POD functions in Table 2 to compute probabilities of detection given 
estimated wind speed via Eq. (10). 

4.2. Source quantification uncertainty 

Fig. 3a and b compare the known (Q) and estimated (Q̃) source rates 
across the controlled release studies of Bridger’s GML and Kairos’ 
LeakSurveyor technologies. Estimated source rates for Bridger’s GML 
technology were taken directly from their reported results; all 284 non- 
zero, semi-blinded, high-flowrate releases in the 2020 and 2021 cam
paigns are shown in Fig. 3a alongside a 1:1 parity line. Fig. 3b plots 
similar data from Sherwin et al.’s (2021) external controlled release 
experiments and Kairos’ internal experiments of its LeakSurveyor, 
where data correspond to all detected controlled releases >50 kg/h and 
without any identified quality control concerns. Source rates were 
computed from Kairos’ estimated wind-normalized source rates and 
multiplied by modelled wind speed at 3-m height above ground. Four 
datasets are shown in Fig. 3b corresponding to wind data from Dark Sky 
– one-minute average (green) and gust (yellow) – and HRRR – one-hour 
average (red) and gust (blue). Recognizing that quantification errors 
scale with source rate, Fig. 3c plots the resulting probability distribu
tions for the relative error ratio (RER = Q/Q̃) from the data in Fig. 3a and 
b according to Eq. (6), which ignores potential site-to-site and day-to- 
day variability in measurement accuracy; means of each distribution, 
representing overall measurement biases, are identified by points. 
Bridger’s GML estimates using Meteoblue wind data and Kairos’ Leak
Surveyor estimates using one-minute gust data from Dark Sky show 
minimal bias errors, with relative error ratios of 0.92 and 1.07, 
respectively. By contrast, bias errors can be larger (1.34) when using 
one-hour gust wind data from HRRR and prohibitively large using one- 
minute average Dark Sky or one-hour average HRRR data (2.14 and 2.53, 
respectively) with Kairos’ LeakSurveyor technology. Table 3 summa
rizes key statistics (mean, median, and 95% equal tail confidence in
tervals) for each of these distributions shown in Fig. 3c and Table S3 of 
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the SI provides detailed equations for the conditional probability dis

tribution, π
(

Q|Q̃
)

, for each combination of technology and wind speed 

data source. These distributions are the essential inputs for Monte Carlo 
methods enabling comprehensive uncertainty analysis in large mea
surement campaigns that specifically include aggregation of detected 

sources to develop measurement-based inventories (e.g., Johnson et al., 
2023; Tyner and Johnson, 2021). Importantly, such measurement 
campaigns may also include multi-pass measurements of single sour
ces/facilities; the presented distributions can be used to predict and 
calculate quantification uncertainties to support survey design and data 
analysis in this multi-pass context. Using Bridger’s GML as an example, 
the quantification error model via Eq. (6) suggests the 95% equal tail 
confidence interval of the RER for a single pass is 0.31–2.13, which 
narrows to 0.56–1.52 after just four flight passes. 

The improved quantification accuracy when using gust instead of 
average wind speeds to estimate source rate with Kairos’ LeakSurveyor is 
somewhat counterintuitive since average wind speed is more indicative 
of the history of plume propagation prior to any observation. This 
seemingly anomalous observation could be a result of the coarse 
spatiotemporal resolution in database/modelled winds, which might 
tend to underestimate averages of non-negative and right-skewed wind 
speeds. However, this is much more likely related to how Kairos’ wind- 
normalized source rate is estimated based on a defined “core” of the 
plume. Specifically, Kairos estimates wind-normalized source rate by 
dividing the total observed excess methane mass in the “core” of the 
plume by the length of this plume “core” in the direction of the wind; to 
then estimate source rate, this parameter is multiplied by the estimated 
wind speed. This is equivalent to averaging the flux of methane through 
control surfaces orthogonal to and spanning the length of the plume 
core. This approach is only valid in the case of infinite sensitivity where 
excess methane at the edges of the plume is fully resolved. In practice 

Fig. 3. Summary of controlled release data 
and quantification error analysis for a) 
Bridger’s GML technology using Meteoblue 
wind data (purple) and b) Kairos’ LeakSur
veyor technology, computed using Dark Sky 
one-minute average (green) and gust (yel
low) and HRRR hourly average (red) and 
gust (blue) wind data. (c) Resulting distri
butions of the source rate relative error ratio 
(RER) for each technique and wind source 
via fitting of Eq. (6) in addition to the source 
rate RER for Bridger’s GML technology using 
Eq. (5). Distribution means, representing 
quantification bias error are identified for 
each distribution by a point. (For interpre
tation of the references to colour in this 
figure legend, the reader is referred to the 
web version of this article).   

Table 3 
Statistics of the relative error ratio (RER = Q/Q̃) for Bridger’s GML and Kairos’ 
LeakSurveyor technologies; source data corresponds to the high-flowrate (1–66 
kg/h) controlled releases from the present study and all valid controlled releases 
> 50 kg/h from Sherwin et al. (2021) and Kairos’ internal experiments. RER 
statistics (mean, median, and 95% equal tail confidence interval (CI)) are shown 
for each technique and, for Kairos’ LeakSurveyor, when using different sources 
of wind speed data.  

Instrument Wind 
Source 

Wind 
Statistic 

Mean 
(Bias) 

Median 95% Equal 
Tail CI 

Bridger GML Meteoblue Proprietary 0.92 0.82 0.31–2.13 

Kairos 
LeakSurveyor 

Dark Sky 
1-min Gust 1.07 0.99 0.45–2.17 
1-min 
Average 

2.14 1.99 0.94–4.23 

HRRR 1-h Gust 1.34 1.07 0.57–3.74 
1-h Average 2.53 1.74 0.77–8.82 

In Situ 
1-min Gust 0.99 0.92 0.45–1.88 
1-min 
Average 1.38 1.29 0.60–2.74  
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though, finite sensitivity implies that the excess mass of methane in the 
plume is inherently underestimated, and this effect is accentuated by 
constraining the analysis to an arbitrary plume core. To overcome this 
underestimation of plume mass, an upward correction to wind speed 
would be necessary. This same result has been identified for satellite- 
based methane detection methods – particularly the cross-sectional 
flux (CSF) method (e.g. Varon et al., 2018 and references therein), 
which is similar to Kairos’ approach. Robust analyses of this quantifi
cation method in the context of satellite remote sensing confirms that 
database/modelled average wind speeds must be calibrated/corrected 
to accurately recover known source rates. The calibration correction has 
been found to be sensor noise- and plume-dependent and studies have 
estimated it to range from +30 to +75% for satellite instruments (Jervis 
et al., 2021; Varon et al., 2020). Recognizing that database/modelled 
wind speeds are inherently biased and uncertain, it is possible and 
perhaps likely that the upward correction used to estimate gust wind 
speed from an average wind speed tends to mimic this required cali
bration correction. 

To explore this further, Table 3 shows RER statistics for Kairos’ 
LeakSurveyor using in-situ wind speed data from Sherwin et al. (2021) 
and Kairos’ internal controlled release studies. One-minute-averaging of 
in-situ wind speed tends to underestimate the true source rate (RER of 
1.38), corresponding to a +38% calibration correction needed to mini
mize bias; this is consistent with published corrections needed for sat
ellite imagery using the CSF method (Jervis et al., 2021; Varon et al., 
2020). However, the in-situ, one-minute gust wind speed compensates 
for this underestimation (RER of 0.99). Thus, in this specific example, if 
wind-normalized source rate is derived using Kairos’ plume “core”, then 
the one-minute gust wind speed empirically minimizes bias. 

4.2.1. Spatiotemporal variability of measurement bias 
Use of the simpler error model shown in Eq. (6) assumes that site-to- 

site and day-to-day bias in measurement error for a given technique is 
negligible. While this is a necessary assumption if controlled release data 
are limited to few locations/days, it is also simplistic. For example, drift 
in optical components and general atmospheric conditions may influ
ence day-to-day variability in quantification accuracy, while localized 
conditions such as wind direction/turbulence and ground albedo can 
affect site-to-site variability. To glean insight into this bias variability, an 
additional analysis was performed using the present controlled release 
data for Bridger’s GML technology, which includes releases from four oil 
and gas sites recorded over multiple days in two field campaigns one 
year apart. Fig. 4a presents a box-whisker diagram for the relative error 
ratio (RER) of the Bridger GML-estimated source rate, which takes the 
284 controlled releases and computes statistics for data aggregated by 

measurement day (eight days spanning 2020 and 2021) and site (four 
locations). In these diagrams the central bar represents the interquartile 
range (25th to 75th percentile), the gray bars extend to the 90% equal 
tail confidence interval (CI), and the red crosses indicate extreme data 
outside the 90% CI. The central bars are notched at the mean value of the 
aggregated data, which represents bias for a specific measurement day 
or location. Measurement bias (quantified as the mean source rate RER 
at a particular site or on a particular measurement day) varied moder
ately on a site-by-site basis, from 0.89 to 0.99, and significantly on a day- 
to-day basis, from 0.53 to 1.74. This implies that bias on any one day 
and/or at any one site can be significant; however, available data also 
imply that, on average, bias across multiple days/sites is not statistically 
different than unity at a 5% significance level. 

Fig. 4b provides insight into the source of bias variability by showing 
the same box-whisker diagrams for the RER in modelled 3-m wind speed 
from Meteoblue (used in Bridger’s quantification) vs. the actual 
measured wind speed. As evidenced by these figures, day-to-day bias 
errors in estimated source rate correlate with the errors in the modelled 
3-m wind speed (ρ = 0.974), implying that source rate bias on a day-to- 
day basis is driven by error in the windspeed. By contrast, source rate 
and wind speed bias are negligibly correlated on a site-by-site basis (ρ =
0.048). This implies that, at least for the present dataset, site-specific 
sources of bias like surface albedo and site infrastructure that affects 
wind speed error may be unimportant relative to day-to-day variability 
in wind speed error. 

Thus, while Eq. (6) is the only practical error model when con
strained by limited controlled released data, Eq. (5) is preferred to avoid 
underestimation of uncertainties given the potential significance of day- 
to-day variability in measurement bias. The difference between these 
approaches is demonstrated in Fig. 3c, where the present controlled 
release data for Bridger’s GML from four sites over eight unique days in 
two different years is sufficient to model uncertainties via either Eq. (5) 
or (6). Use of Eq. (5) in place of the simplified Eq. (6) yielded no 
meaningful effect on the average bias, which changed <1.5%. However, 
as shown in the figure, and expected given the proper consideration of 
bias variability, Eq. (5) estimates higher dispersion in source rate RER 
(33% increase in standard deviation of RER) than Eq. (6). This increased 
variability when considering day- and site-dependent bias is moderate 
but not insignificant, and implies an underestimation of quantification 
uncertainty if controlled release data are limited to a small number of 
locations and/or measurement days and Eq. (6) is used for quantifica
tion error analysis. Based on these results, it is highly recommended that 
future controlled release studies be completed from a range of unique 
locations and over as many different days as feasible. 

Fig. 4. Box-whisker diagrams for the relative 
error ratio (RER) of source rate using Bridger’s 
estimates with Meteoblue wind data, accumulated 
by measurement day (a) and site (b). The central 
bars of the box-whisker diagrams are notched at 
the mean error (i.e., bias) and span the inter
quartile range; whiskers correspond to the 90% 
equal tail confidence interval (CI) and red crosses 
mark extreme data outside the 90% CI. Day-to-day 
variability is significant with bias errors ranging 
from 0.53 to 1.74. (For interpretation of the ref
erences to colour in this figure legend, the reader 
is referred to the web version of this article).   
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4.3. Limitations 

The methodology presented in this manuscript permits derivation of 
physically realistic and continuous POD functions and robust quantifi
cation error models for aerial methane measurement technologies. The 
application of these new methods to the three example technologies 
provides informative results for use in other studies but are inherently 
specific to the data available at the time of publication. 

Depending on the design of existing controlled release experiments, 
available data may be insufficient to fully resolve the sensitivities of the 
POD function and quantification error model to source location (i.e., 
terrain and landcover) and measurement date (i.e., weather conditions 
and optical drift). As identified in Section 4.2.1, site-to-site and day-to- 
day variability in quantification bias can be significant and future 
studies should strive to perform experiments at a variety of sites/loca
tions over as many days as feasible to permit construction of error 
models via Eq. (5). Moreover, Section S3 the SI, which includes a 
comparison of the optimized POD function for Kairos’ LeakSurveyor 
using only semi- or only non-blinded detections, identifies the need for 
future third-party studies that focus on rigorous experimental blinding; 
this is especially needed for the passive imaging spectrometers. Lastly, to 
maximize the accuracy of any empirical model it is important that 
controlled release experiments are performed in realistic situations. This 
includes releases among active oil and gas infrastructure that influence 
the complex wind field driving plume propagation and may introduce 
confounding emissions that affect (reduce or enhance) the ability to 
detect and accurately quantify sources with overlapping plumes. 

5. Conclusions 

Generalized models to characterize probabilities of detection and 
quantification error were developed and applied to three aerial 
methane-detection technologies: Bridger Photonics Inc.’s Gas-Mapping 
LiDAR (GML), Kairos Aerospace’s LeakSurveyor, and the (U.S.) Na
tional Aeronautic and Space Administration’s Jet Propulsion Labo
ratory’s Next-Generation Airborne Visible/Infrared Imaging 
Spectrometer (AVIRIS-NG). Leveraging binary regression with a gener
alized predictor function, this new method improves upon existing 
techniques in the literature by enabling derivation of continuous and 
physically realistic POD functions that are variable on methane source 
rate, ambient wind speed, and aircraft altitude (where available). POD 
functions optimized to available controlled release data identified 
technology-specific detection sensitivities that vary with wind speed and 
altitude. At typical/target aircraft altitudes and a representative average 
wind speed of 3 m/s, Bridger’s GML, Kairos’ LeakSurveyor, and AVIRIS- 
NG were predicted to identify methane emissions of 2.3, 44/51, and 16/ 
33 kg/h with 90% probability, respectively, where the latter two lower/ 
upper values depend on whether partial, human-reviewed detections are 
considered as detections or not). 

Using a subset of controlled release data for Bridger’s GML and 
Kairos’ LeakSurveyor that included source rate estimates for comparison 
with ground truth, controlled source rates, quantification uncertainties 
were separately characterized, including analysis of effects of using four 
optional database sources of wind speed for Kairos’ LeakSurveyor. The 
developed statistical model permits analysis of measurement bias, 
variability in measurement bias (where data permit), and measurement 
precision, where the latter two are treated as probabilistic variables. 
Using the Meteoblue wind speed data product, the source rate relative 
error ratio (RER – i.e., actual over estimated source rate) for Bridger’s 
GML averaged to 0.92 with a 95% confidence interval of 0.31–2.13. The 
analysis of Kairos’ LeakSurveyor identify that source rate RER was 
highly sensitive to the wind speed data source and statistic (i.e., gust vs. 
average wind speed) and gust wind speed provided significantly less- 
biased results. One-minute gust wind speed from the Dark Sky data
base and one-hour gust wind speed from the HRRR database yielded 
mean source rate RERs of 1.07 and 1.34 with 95% confidence intervals 

of 0.45–2.17 and 0.57–3.74, respectively. Data from the present 
controlled release study of Bridger’s GML demonstrated that day-to-day 
variability in measurement bias was strongly correlated with wind speed 
error and appreciably increased the dispersion of the source rate RER. 
These results identify the need to target an assortment of different 
measurement locations and maximize measurement days during future 
controlled release studies. 

Ultimately, the described methods – successfully applied to three 
example technologies – yield the robustly derived continuous POD 
function and probabilistic quantification error model that are needed to 
properly simulate emissions abatement/reduction and support methane 
monitoring, reporting, and verification via aircraft-based remote 
sensing. Moreover, the developed generalized methods are readily 
extensible to analysis of other remote sensing techniques or can be used 
to update POD and uncertainty models as further controlled release data 
become publicly available. 
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