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ABSTRACT:  

We estimate the global oil and gas (O&G) emission rate distribution above ~20 kg h-1 at facility scale 

using 16,294 quantified O&G methane emission rates detected from five high-resolution satellite 

instrument/data processing combinations in 2024 and 2025 (GHGSat/GHGSat, Tanager/Carbon Mapper, 

EMIT/Carbon Mapper, Sentinel-2/IMEO-MARS, Landsat/IMEO-MARS). We find that the emission rate 

distribution is well-described by a lognormal model. Because our estimation method explicitly incorporates 

a model for each system’s detection sensitivity, we simultaneously retrieve the facility scale, condition-

averaged “survey-mode” detection probability for each satellite system. We estimate the relative spatio-

temporal coverage of each satellite system directly from their measured emission rates and quantify the 

effective spatial coverage by calculating the Earth Mover’s Distance between each satellite system’s plume 

detection locations and the Global Fuel Exploitation Inventory v3 O&G predictions, estimating that all 

satellite systems have global coverage of O&G emissions within sampling error. The O&G facility scale 

emission rate distribution estimate is constrained by the largest collection of satellite detections to date, 

providing valuable information about the expected number of O&G emission events at different emission 

rates. Finally, the detection probability, spatial and temporal coverage estimates are combined into a total 

relative observation completeness metric for each satellite system that should be of interest to research and 

policy makers for understanding the relative survey capabilities of different high-resolution satellite 

systems.  
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INTRODUCTION 

 Methane is second only to CO2 in its contribution to global warming1. Anthropogenic methane 

sources are responsible for the majority of methane emissions and, consequently, reducing emissions 

from anthropogenic sources has received significant attention in recent years owing to methane’s 

relatively short atmospheric lifetime and potential to be mitigated at low-cost. The oil and gas (O&G) 

sector is responsible for over 20% of total anthropogenic methane emissions2. However, methane 

emissions from O&G sources are hard to accurately model and predict due to a combination of factors, 

including that emission events can have instantaneous emission rates that vary by orders of magnitude3–10. 

The emission rate distribution quantifies the fraction of events detected at different emission rates and is 

therefore a key metric for characterizing O&G sector methane emissions: it can help refine bottom-up 

inventory estimates11–14; can reveal the portion of large, “super-emitting” sources for which there exists 

efficient mitigation opportunities4,6,15,16; and can help inform detection technology requirements17. 

Satellite remote sensing instruments offer detection capability at global scale, frequent temporal revisits 

(hourly-to-weekly) over extended time periods (>5 years per mission), allowing for a comprehensive 

measurement of the global O&G emission distribution. 

Over the past decade, a new generation of space-based methane imaging spectrometers have been 

shown to be capable of detecting methane emissions at facility scale spatial resolution. Sentinel-2 and 

Landsat-9 provide methane information with 20 and 30 m ground sample distance (GSD)4,18, respectively, 

but with relatively poor sensitivity (>20% of background19,20) at 5 – 16 day revisit periods; the Earth 

Surface Mineral Dust Source Investigation (EMIT) instrument provides methane column density 

enhancements21 at 60 m GSD with moderate precision (~5% of background20); while the GHGSat 

constellation22,23 and the Tanager-1 satellite from Carbon Mapper24 provide targeted monitoring at ~30m 

resolution and good column density precision (~1-2% of background). Together these instruments 

comprise a global methane observing system that enables detection and attribution of methane emissions 

at the facility scale. Other high-resolution instruments in orbit (e.g. PRISMA, EnMAP, WorldView-3) 

can detect methane plumes yet currently yield fewer detections than the systems noted above. 

 A measured emission-rate distribution reflects the spatial resolution, sensitivity and 

spatiotemporal coverage of the measurement system that produced it. A system with fine spatial 

resolution is able to resolve distinct sources that would be aggregated into a single emission for 

instruments with coarser spatial resolution7,14,25. A system that reliably detects only larger emissions 

reveals little about the true distribution at smaller emission rates. Conversely, an instrument with near-

perfect sensitivity but limited geographic or temporal coverage provides an incomplete view of emissions 
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occurring outside its sampling window. Any empirical estimate of an emission rate distribution must 

therefore account for the differing spatial resolution, detection thresholds and spatio-temporal coverage of 

the measurement systems contributing to the dataset.  

MATERIALS AND METHODS 

Materials 

The O&G methane emission catalogues used in this study are produced not by the satellites alone, 

but by the organizations that convert raw imagery and/or methane column density measurements into 

plume detections and emission‐rate estimates. Because the plume detection and emission rate 

quantification methods strongly influence how many plumes are found and how accurately they are 

quantified, we treat each satellite instrument + data processing and provider pair as a single system when 

evaluating detection performance and spatiotemporal coverage. The specific data processing 

organizations considered in this study are GHGSat, Carbon Mapper, and the Methane Alert and Response 

System service of the UN Environment Program’s International Methane Emissions Observatory (IMEO-

MARS).  For some instruments, the organization that designs and operates and operates the instrument is 

the same as the data processing organization that distributes it (e.g. GHGSat and Tanager/Carbon 

Mapper). Other instruments (EMIT, Sentinel-2, and Landsat) have their data processed by multiple data 

provider organizations. For EMIT, like Tanager, we use the Carbon Mapper data catalogue 

(https://data.carbonmapper.org/) owing to the close relationship between Carbon Mapper and NASA-JPL 

who operate EMIT. For Sentinel-2 and Landsat, we rely on the IMEO-MARS database 

(https://methanedata.unep.org/). By analyzing these combined instrument/processing systems, we capture 

the real-world performance that users encounter when they rely on each data source. 

Methods 

 Let 𝑸𝑘 = {𝑄1, 𝑄2, … , 𝑄𝑁𝑘
} be the emission rates of plumes detected by satellite system 𝑘. The 

probability density distribution of a detected emission 𝑄𝑖 is 

𝑓(𝑄𝑖|𝒛𝑘 , 𝜽𝑘) =
𝑃𝑂𝐷(𝑄𝑖; 𝒛𝑘)𝜌(𝑄𝑖; 𝜽𝑘)

𝑍𝑘(𝒛𝑘, 𝜽𝑘)
(1) 

and, correspondingly, the likelihood of satellite system 𝑘 detecting the emission rates 𝑸𝑘 is given by the 

product of these terms 

ℒ(𝒛𝑘 , 𝜽𝑘| 𝑸𝑘) = ∏ 𝑓(𝑄𝑖|𝒛𝑘, 𝜽𝑘)
𝑁𝑘

𝑖=1
. (2) 

We assume that all detected emission rates are independent of each other. Here, the probability of 

detection is modelled as a lognormal cumulative distribution function 

https://data.carbonmapper.org/
https://methanedata.unep.org/
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𝑃𝑂𝐷(𝑄; 𝒛𝑘) = 1 −
1

2
Erfc (

ln(𝑄) − ln(𝑄𝑘;𝑑𝑒𝑡)

√2𝑠𝑘

) (3) 

with the parameter vector 𝒛𝑘 = {𝑄𝑘;𝑑𝑒𝑡, 𝑠𝑘}. The emission rate density distribution is modelled as a 

lognormal probability distribution function 

𝜌(𝑄; 𝜽𝑘) =
1

𝑄𝜎𝑘√2𝜋
𝑒

−
(ln(𝑄)−𝜇𝑘)2

2𝜎𝑘
2

(4) 

with the parameter vector 𝜽𝑘 = {𝜇𝑘 , 𝜎𝑘},  and the normalization constant is given by 

𝑍𝑘(𝒛𝑘, 𝜽𝑘) = ∫ 𝑃𝑂𝐷(𝑄; 𝒛𝑘)𝜌(𝑄; 𝜽𝑘)𝑑𝑄.
∞

0

(5) 

We fit parameters by minimizing the negative log likelihood 

−logℒ(𝒛𝑘 , 𝜽𝑘| 𝑸𝑘) = − ∑[log 𝜌(𝑄𝑖; 𝜽𝑘) + log 𝑃𝑂𝐷(𝑄𝑖; 𝒛𝑘)]

𝑁𝑘

𝑖=1

+ 𝑁𝑘 log 𝑍𝑘(𝒛𝑘, 𝜽𝑘) . (6) 

We estimate the probability of detection and emission rate distribution functions in a two-stage 

process. First, we assume a common emission rate distribution across all satellite systems, i.e. 𝜽𝑐𝑜𝑚 = 𝜽𝑘 

for all 𝑘, and minimize the summed negative log likelihood over all satellites to obtain the parameters 

{𝒛̂𝑗𝑜𝑖𝑛𝑡;𝑘   , 𝜽̂𝑗𝑜𝑖𝑛𝑡}. We estimate errors on the retrieved parameters using a non-parametric bootstrap 

method where 𝐵 = 500 samples of data of length 𝑁𝑘 are sampled, with replacement, for each satellite 

system. We refit each data sample, yielding estimates {𝒛̂(𝑏)
𝑗𝑜𝑖𝑛𝑡;𝑘   , 𝜽̂(𝑏)

𝑗𝑜𝑖𝑛𝑡}
𝐵

𝑏=1
.  The standard errors 

𝛿𝒛̂𝑗𝑜𝑖𝑛𝑡;𝑘 and 𝛿 log 𝜽̂𝑗𝑜𝑖𝑛𝑡;𝑘 are computed from these bootstrap estimates.  

Second, for each satellite system 𝑘, we re-estimate both the probability of detection and emission 

distribution parameters for each satellite system independently, with Bayesian constraints provided by the 

joint estimates, by minimizing 

𝑓𝑘(𝒛𝑘, 𝜽𝑘) = −logℒ(𝒛𝑘, 𝜽𝑘| 𝑸𝑘) + ∑
(𝑧𝑘;𝑗 − 𝑧̂𝑗𝑜𝑖𝑛𝑡;𝑘;𝑗)

2

𝛿𝑧̂2
𝑗𝑜𝑖𝑛𝑡;𝑘;𝑗𝑗

+ ∑
(log 𝜃𝑘 − log 𝜃𝑗𝑜𝑖𝑛𝑡;𝑘;𝑗)

2

(𝛿 log 𝜃𝑗𝑜𝑖𝑛𝑡;𝑘;𝑗)2
𝑗

(7) 

which is equivalent to a maximum a posteriori estimate with independent Gaussian priors centered at the 

joint fit parameter results with variances given by the bootstrap standard errors. This yields per-satellite 

system estimates {𝒛̂𝑘   , 𝜽̂𝑘}. From these parameter estimates, we can estimate the probability of detection 

for each satellite system 𝑃𝑂𝐷𝑘(𝑄; 𝒛̂𝑘) as well as the pooled emission rate distribution 𝜌(𝑄; ⟨𝜽̂⟩) were 

⟨𝜽̂⟩ =
1

𝐾
∑ 𝜽̂𝑘

𝐾
𝑘=1  is the average of the emission rate distribution parameters estimated across all satellite 

systems. 

 To justify our two-stage estimation method, we compare joint and per-satellite fits. As 

documented in the supporting information, per-satellite retrieved emission rate distributions yield a lower 
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summed Akaike Information Criteria (AIC) than a single common emission rate distribution, indicating 

genuine instrument-specific differences. However, the empirical-Bayes penalty centered on the joint 

solution stabilizes weakly identified parameters and prevents overfitting. All further results in this paper 

that require a single emission rate distribution use the pooled estimate 𝜌(𝑄; ⟨𝜽̂⟩), while the detection 

probabilities 𝑃𝑂𝐷𝑘(𝑄; 𝒛̂𝑘) are reported per satellite system with bootstrap uncertainties. 

 For illustration purposes, the measured emission rate probability density distributions are 

partitioned into 𝑚 = 25 logarithmic bins with edge positions 𝑒𝑖 = 10−3+0.2𝑖 t hr-1 (𝑖 = 0, … , 𝑚 + 1) and 

widths 𝑤𝑖 = 𝑒𝑖+1 − 𝑒𝑖 (𝑖 = 0, … , 𝑚).  These edge positions encompass the minimum (0.018 t h-1) and 

maximum emission rates (225 t h-1) present in this study. For satellite system 𝑘, let 𝑛𝑘;𝑖 be the number of 

detected plumes in bin window 𝑖 and 𝑁𝑘 = ∑ 𝑛𝑘;𝑖𝑖=1  be the total. The empirical bin probability densities 

are 𝑝𝑘;𝑖 = 𝑛𝑘;𝑖/(𝑁𝑘𝑤𝑖) with normalization such that ∑ 𝑝𝑘;𝑖𝑤𝑖 = 1𝑖=1 . To compare to the data, we plot the 

binned estimated probability density model 𝑝̂𝑘;𝑖(𝒛̂𝑘 , 𝜽̂𝑘) 

𝑝̂𝑘;𝑖(𝒛̂𝑘, 𝜽̂𝑘) =
∫ 𝑃𝑂𝐷(𝑄; 𝒛̂𝑘)𝜌(𝑄; 𝜽̂𝑘)𝑑𝑄

𝑒𝑖+1

𝑒𝑖

𝑍𝑘(𝒛̂𝑘, 𝜽̂𝑘)𝑤𝑖

. (8) 

 

RESULTS AND DISCUSSION  

A map showing the detected locations of all O&G facility scale methane emissions detected in 

2024 by the satellite systems considered in this study, and part of 2025 for the case of Tanager/Carbon 

Mapper, are shown in Figure 1. Of these 16,294 quantified emissions, 11,752 are from GHGSat/GHGSat, 

2,284 are from Tanager/Carbon Mapper, 460 are from EMIT/Carbon Mapper, 732 are from 

Landsat/IMEO-MARS, and 1,066 are from Sentinel-2/IMEO-MARS. Emissions are distributed globally, 

with notable clusters of emissions in North America, North Africa, and Central Asia. In Figure 2a, we 

show the relationship between the cumulative number of unique 0.5∘ x 0.5∘ grid cells where satellite 

system 𝑘 detected an emission and the cumulative number of detected plumes. The grey 1:1 line 

represents the regime in which each detection occurs in a unique location. Departures from this line 

indicate locations where multiple plumes were seen over the study time period and we note the similar 

shapes of these excursion curve across the different satellite systems suggesting similar underlying source 

heterogeneity. We can see that GHGSat/GHGSat detected plumes in the largest number of unique 

detection locations 𝑀𝑘, as well as detecting the largest number of plumes 𝑁𝑘. Landsat/IMEO-MARS and 

Sentinel-2/IMEO-MARS – even though they detect more plumes than EMIT/Carbon Mapper – do so over 

fewer locations. In Figure 2b, we attempt to quantify how representative the spatial distribution of 

detected O&G emission events from each satellite system are to the best estimate of the expected spatial 

distribution by calculating the Earth Mover’s Distance (EMD) between the collection of 𝑀𝑘 0.5∘ x 0.5∘ 
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unique detection locations (unweighted by detection counts) and the O&G emissions estimated by the 

Global Fuel Exploitation Inventory version 3 (GFEIv3)26. The EMD estimates the minimum amount of 

work required to transform one spatial distribution into another and is described in the supplementary 

information. For reference, we calculate i) the EMD for grid cells in the Permian basin region where any 

of the satellite systems made a detection and the full, global GFEIv3, and ii) the EMD between 𝑀𝑘 

random, emission-weighted, samples of GFEIv3 and the full GFEIv3 emissions prediction. For i), we 

observe that all satellite systems have EMDs much lower than the Permian-GFEIv3 EMD, quantifying the 

spatial coverage advantage that global satellite systems possess in comparison to Permian aircraft survey 

campaigns, for example those described in Ref6,7,15,16. For ii), we show that all satellite system EMDs are 

within the (10%, 90%) random sampling EMD values of GFEIv3, suggesting that all satellite systems 

considered here have representative global coverage of the expected spatial distribution of global O&G 

emissions.  The GHGSat/GHGSat EMD is the lowest of all the satellite systems, indicating that the 

locations where it detected plumes were most spatially similar to the GFEIv3 O&G emissions. The EMD 

of Sentinel-2/IMEO-MARS is approximately 3.5x larger than that of GHGSat/GHGSat, indicating that 

the locations of its detected emissions were approximately 3.5x farther away to GFEIv3 per unit of 

emission. The EMD values from 𝑀𝑘 samples of GFEIv3 indicate that the EMD is sample-number 

dependent (at least for this situation where there are many more non-zero GFEIv3 grid cells than grid 

cells with plume detections): the satellite systems with the largest number of unique detection locations 

𝑀𝑘 have the smallest EMDs with respect to GFEIv3.  

 The measured emission rate density distributions 𝑝𝑘 for each instrument/data provider system 𝑘 

are shown in Figure 3 alongside the modelled bin probability densities 𝑝̂𝑘(𝒛̂𝑘, 𝜽̂𝑘). Colloquially, the 

emission rate corresponding to the peak of the distribution has been understood to be indicative of the 

detection limit. We note that these peak positions are separated by roughly an order of magnitude, from 

~200 kg h-1 (GHGSat/GHGSat and Tanager/Carbon Mapper) to ~ 2 t hr-1 (Landsat/IMEO-MARS). We 

retrieve the following parameters for the lognormal parent distribution ⟨𝜽̂⟩   = (𝜇̂, 𝜎̂) =

(−6.72−0.72  
+0.70 , 2.56−0.19

+0.22) where the errors correspond to the minimum and maximum across the per 

satellite system estimates and the parameters are for emission rates 𝑄 expressed in units of t h-1. We plot 

the retrieved emission distribution model 𝜌(𝑄; ⟨𝜽̂⟩) in Figure 4a. A lognormal form of the emission rate 

distribution has been found to best describe the facility scale (150 m) emission rate distributions measured 

with airborne instruments over the Permian basin7 for emission rates between 3 – 1,000 kg h-1. We note 

that our retrieved distribution resembles a power-law 𝑝 ∝ 𝑄−𝛼 with an exponent of approximately 𝛼 =

2.3 (see supporting information), roughly consistent with what has been previously observed for both 

airborne and satellite data5,25,27. We present analysis in the supplementary information showing that the 
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lognormal fit model yields a lower AIC than a power-law model for the common emission-rate 

distribution assumption, implying that the lognormal model describes—and predicts—the measurements 

more effectively. We note that our estimated lognormal distribution for O&G facility scale emissions is 

only informed between the minimum and maximum emission rates for which we have empirical data – 

i.e. between the ~0.02 t hr-1 and 225 t hr-1 emission events detected by GHGSat/GHGSat. Therefore, the 

global O&G facility scale emission rate distribution remains unconstrained in our study outside of these 

emission rates. In principle, this makes it impossible to infer a cumulative distribution function 

𝐶𝐷𝐹𝑝𝑎𝑟𝑒𝑛𝑡(𝑄) = ∫ 𝜌(𝑄′)𝑑𝑄
𝑄

0
 since the CDF presumes knowledge of the emission rate distribution for 

arbitrarily low emission rates. Finally, the facility scale O&G emission rate distribution estimated here 

should be understood as distinct from an emission rate distribution measured at the spatial resolution of 

individual equipment (< 10 m). Airborne measurements at 2 m GSD of in the Permian7 have shown that 

emission rate distributions at the equipment scale (2 m GSD) and facility scale (2 m GSD measurements 

aggregated to 150 m) have different shapes, especially at emission rates that within the partial detection 

region. Numerical experiments have also shown the emission rate distribution to be dependent on spatial 

resolution25. In the supplementary information (S6), we develop simulations, an analytical model, and 

perform cross-sensor comparisons in the Permian basin (2 m airborne, ~30 m satellite, and ~7 km 

satellite), to show that the tail of the measured emission rate distribution is likely resolution-invariant.  

Our estimate of the O&G facility scale emission rate distribution is distinguished from previous remote 

sensing estimates4–7,15,16,28 in a two significant ways. First, the analysis uses an unprecedented global 

sample of individual plumes—an order of magnitude more than previous studies4,5 – and uses new 

satellite systems with much more sensitive detection performance. This reveals O&G facility scale 

emission rate behaviour across a wider range of emission rates, and with greater statistical confidence. 

Second, we incorporate each instrument’s detection probability directly in the O&G emission rate 

distribution analysis. By fitting the measured emission rate distributions to a function comprised of the 

emission rate distribution and detection probabilities simultaneously, we are able distinguish which 

portions of the measured distribution are affected by sensor sensitivity, and by how much. 

 We note that several methods have been proposed, and used, to quantify detection probability. 

Controlled release measurement campaigns22,29–31 are the most widely regarded method for establishing 

benchmark detection probability and quantification accuracy performance. Controlled release experiments 

typically comprise a relatively small number observations (typically between 5 and 100) in which 

methane is released from a specified location and the truth rate is measured with high accuracy on the 

ground. A second estimate is then made using the satellite measurement and compared to the ground truth 
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rate. The main limitations of controlled release experiments are that 1) the small number of observations 

available limit the ability to perform a proper statistical inference of the detection limit and quantification 

accuracy, especially to different environmental and observation conditions encountered in nominal 

operations and 2) there is generally prior knowledge about both the release location as well as the special 

nature, or importance of, controlled release observations. Therefore, while the detection limit inferred 

from controlled release measurements is appropriate for “target-mode” observations of pre-determined 

sites, it may be less suitable for “survey-mode” observations over the complete range of observational 

conditions encountered by the satellite system, where both the existence and location of emitting sites in 

unknown. The latter situation describes the plume catalogue dataset studied here. In addition, controlled 

releases typically involve a single source, whereas in nominal operations multiple equipment-scale 

plumes may be aggregated within one facility scale detected emission. Such aggregation can produce a 

peak in the aggregated emission rate distribution25 that, if at-or-above the partial detection region of the 

satellite system and not modeled, can lead to an estimated detection probability that is biased to larger 

rates (i.e. larger 𝑄𝑘;𝑑𝑒𝑡. See section S6 for further explanation).  

 The retrieved survey-mode detection probability model parameters for each satellite are tabulated 

in Table S2 and the estimated detection probability models are shown in Figure 4b. We highlight that this 

detection probability estimate averages over the ensemble of environmental and viewing conditions 

encountered. When comparing to controlled release results for GHGSat22,32 we find that an inferred 

survey-mode value at 50% probability of detection of 𝑄̂𝐺𝐻𝐺𝑆𝑎𝑡;𝑑𝑒𝑡=0.46 t h-1 that is approximately 4.5x 

higher than the controlled release “target-mode” value of 0.1 t hr-1 (at 3 m s-1 wind speed). Compared to a 

similar experiment for EMIT performed with nearly coincident aircraft measurements used as a proxy for 

ground truth, the survey-mode value 𝑄̂𝐸𝑀𝐼𝑇;𝑑𝑒𝑡=1.87 t h-1 is approximately 2.5x higher than the ~0.7 t h-1 

(at 3 m s-1 wind speed) reported value33. This discrepancy extends to airborne sensors as well: AVIRIS 

has and estimated 50% detection probability below 10 kg hr-1 in controlled release tests34, but qualitative 

inspection of field campaign cumulative emission rate distributions16,35 has estimated the detection limit 

to be above ~100 kg h-1; Bridger GML controlled release testing has demonstrated a 50% detection 

probability of ~0.3 kg h-1 per m s-1 of wind speed36, but a measured source-resolved emission rate 

distribution from a Permian campaign (average wind speed of 4.9 m s-1, giving a 50% controlled release 

detection probability estimate of ~1.5 kg h-1) shows a distribution peak7 occurring above 3 kg h-1 which, 

based on the consistent trend in our satellite system analysis, would imply a 50% POD emission rate in 

excess of 3 kg h-1. We expect similar differences between controlled release and survey-mode detection 

probabilities to persist for other satellite systems if/when controlled release results for each become 

available. Beyond the possible spatial aggregation effect mentioned above, we hypothesize that these 
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differences are due to differences in both the prior knowledge available in controlled release experiments, 

and the range – or lack thereof - of observational and environmental conditions (e.g. different albedos, 

wind speeds, observation geometries, solar zenith angles, etc.). An empirical study of GHGSat methane 

retrievals found that albedo was a strong driver of column density precision22, and both a controlled 

release32 and situational study37 have established the dependence of detection probability on wind speed. 

Therefore, we suggest that the width 𝑠̂𝑘
2 = 𝑠𝑘;0

2 + Var[ln(𝛿Ω) + ln(𝑢) ] of the survey-mode detection 

probability function is due to the increased variance due to averaging over different precision and wind 

conditions over the situation-specific statistical width 𝑠𝑘;0 encountered in controlled release experiments. 

Finally, we note the sensitivity of the estimated detection probability on the estimated emission rate 

distribution, evident in Equation 1. 

The estimated survey-mode detection probabilities 𝑃𝑂𝐷(𝑄; 𝒛̂𝑘) can be used alongside the 

estimated distribution 𝜌(𝑄; ⟨𝜽̂⟩) to compare satellite systems under the conditions of equal spatio-

temporal coverage by their expected detection fraction 𝑍𝑘 introduced in equation 1 of the methods 

section. We report a relative survey-mode detection completeness 𝑐𝐷, akin to the absolute completeness 

measure introduced in Ref.20 

𝑐𝐷;𝑘 =
𝑍𝑘

max𝑗(𝑍𝑗)
(9) 

We restrict ourselves to a relative detection fraction measure given our ignorance of the global 

emission rate distribution below ~0.02 t h-1, the smallest emission rates for which we have empirical data. 

We find GHGSat/GHGSat to be the most sensitive system with 100%−2%
+6.4%  relative detection 

completeness, with Tanager/Carbon Mapper having similar detection capability, detecting 93%−2%
+12% of 

plumes compared to GHGSat/GHGSat for equal spatiotemporal coverage. EMIT/Carbon Mapper, 

Landsat/IMEO-MARS, and Sentinel-2/IMEO-MARS are estimated to be able to detect (20.8%−0.4%
+6.0%, 

8.7%−0.3%
+1.7% and 10.8%−0.2%

+2.6%) of the plumes as GHGSat/GHGSat for equal spatio-temporal coverage. Figure 

4a shows the scaled, or unnormalized, measured and modelled emission rate density distribution, 𝑝𝑘 ⋅ 𝑍𝑘 

and 𝑝̂𝑘(𝒛̂𝑘, 𝜽̂𝑘) ⋅ 𝑍𝑘. We can see how the scaled distributions overlap for emission rates above their 

respective partial detection regions, as they should when 𝑃𝑂𝐷 → 1, explicitly illustrating how the combined 

satellite systems can constrain the emission rate distribution estimate. 

We propose a method to estimate a sensor’s effective spatio-temporal coverage directly from 

plume counts and 𝑍𝑘, rather than from retrieval-area coverage or revisit rates (which are, in general, 

unavailable and/or not always comparable between satellite systems). The expected number of facility 
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scale detections for satellite system 𝑘 is 𝑁𝑘 = 𝑁𝑘;𝑜𝑐𝑐𝑍𝑘 where 𝑍𝑘 is the expected detection fraction over 

the actual set of observation opportunities used by satellite system 𝑘, and 𝑁𝑘;𝑜𝑐𝑐 is the expected number 

of plume occurrences that happened when, and where, the system observed. Therefore, we can define the 

relative spatio-temporal coverage, or completeness, as: 

𝑐𝑆𝑇;𝑘 =
𝑁𝑘;𝑜𝑐𝑐

max𝑗(𝑁𝑗;𝑜𝑐𝑐)
=  

𝑁𝑘
𝑍𝑘

max𝑗 (
𝑁𝑗

𝑍𝑗
)

. (10) 

We find that GHGSat/GHGSat has the largest relative spatio-temporal coverage with 𝑐𝑆𝑇 =

100%−6%
+2%. Therefore, all 𝑐𝑆𝑇 are scaled relative to the GHGSat/GHGSat system and are shown in Figure 

5b. We estimate that Landsat/IMEO-MARS and Sentinel-2/IMEO-MARS have roughly similar spatio-

temporal coverage with 𝑐𝑆𝑇 equal to (72%−11%
+3% , 84%−16%

+1% ) of GHGSat/GHGSat, respectively. We estimate 

that Tanager/Carbon Mapper  - after scaling the 2,284 O&G plumes it has detected between September 

2024 and August 2025 to an estimated 4,025 for a full year’s worth of detections at full operational capacity 

(see supporting information) – would have a relative spatiotemporal completeness of 37%−4%
+1%, and 

EMIT/Carbon Mapper 19%−4%
+1%. We add that, given that all satellite systems were found to have 

representative global spatial coverage of O&G emissions through the EMD investigation, it would be 

reasonable to factor out an equal spatial coverage component of the relative spatio-temporal completeness 

metric and interpret 𝑐𝑆𝑇 instead as a relative temporal completeness. 

 Finally, the survey-mode detection and spatio-temporal completeness measures can be combined 

as a product to estimate a total relative survey-mode emission event completeness measure shown in 

Figure 5c. We can see how the total relative emission event completeness reduces, intuitively, to a 

relative comparison of detected plume totals by each instrument  

𝑐𝑘 =  
𝑁𝑘;𝑜𝑐𝑐 ⋅ 𝑍𝑘

max𝑗(𝑁𝑗;𝑜𝑐𝑐 ⋅ 𝑍𝑗)
=

𝑁𝑘
𝑍𝑘

⋅ 𝑍𝑘

max𝑗 (
𝑁𝑗

𝑍𝑗
⋅ 𝑍𝑗)

=
𝑁𝑘

max𝑗(𝑁𝑗)
(11) 

while the decomposition of 𝑐𝑘 indicates how much comes from coverage versus detectability. Given that 

GHGSat/GHGSat detected the most plumes, it is defined as having a total relative emission completeness 

of 100%−8%
+9%; Tanager/Carbon Mapper has 34%−4%

+5%; EMIT/Carbon Mapper has 3.9%−0.9%
+1.2%; 

Landsat/IMEO-MARS has 6.2%−1.2%
+1.4%; and Sentinel-2/IMEO-MARS has 9.1%−1.9%

+2.3%. 
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 There are differences worth highlighting between the relative completeness measures developed 

here and the absolute completeness definition introduced in Ref20. Starting with the absolute emission 

event detection completeness, the original definition implicitly requires knowledge of the true global 

emission rate distribution for all emission rates 𝑄, including in the 𝑄 → 0 t h-1 limit. Although aircraft 

campaigns in the Permian6,7,14–16,20 and continental USA28 have studied the emission rate distribution with 

sensitivity down to the kg h-1 level, these studies are still far from constraining the complete global 

distribution across the entire range of rates. For that reason, we introduced a relative detection 

completeness measure 𝑐𝐷 which only quantifies completeness with respect to the subset of the 

distribution that is actually observed. The absolute temporal completeness measure likewise presumes 

prior knowledge of the source persistence 𝑃. In reality, the true persistence is unknown and the measured 

persistence is a function of an instrument’s detection probability38, 𝑃(𝑃𝑂𝐷(𝑄; 𝒛̂𝑘)). Our relative spatio-

temporal completeness measure, 𝑐𝑆𝑇, relies only on the empirically sampled detection record. The relative 

completeness framework provides a practical and transparent measure of how well current observing 

systems constrain methane emissions in the face of still-unknown complete global emission rate and 

persistence distributions. 

We note that many of the satellite systems here either already have, or are projected to, increase 

their observation capacity since the 2024 study period: GHGSat launched 2 more satellites in June 2025, 

GHGSat-C12 and C13, and has plans to launch an additional 2 instruments in 2025, plus more in 2026; 

Carbon Mapper is currently developing the Tanager-2, 3 and 4 satellite instruments; Sentinel-2c was 

launched in September 2024; and the Sentinel-5 mission was launched in August 2025. These new 

instruments will increase the spatio-temporal coverage of the satellite systems relative to the 2024 

measure 𝑐𝑆𝑇 estimated here. The detection completeness may also improve for all systems as 

organizations develop better methods to reduce column density precision and better identify plume 

enhancements. 

We suggest that these results may be useful for those who want to aggregate data from multiple 

instruments with different sensitivities and coverage. An estimate of the facility-scale, survey-mode 

detection probability derived under nominal conditions for different instruments can be used to estimate 

the persistence of a source using the multi-sensor persistence methods introduced in Ref33 and, alongside 

the estimate of the relative spatio-temporal coverage of each satellite system, better constrain time-

averaged emission rate estimates for improving inventory estimates5,20,36. The estimated O&G facility 

scale emission rate distribution may be useful to researchers and policy makers for constraining of total 

plume emissions occurring at certain emission rates. 
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SUPPORTING INFORMATION 

Additional description of the satellite instruments (Text S1), the Akaike Information Criteria for 

determining best estimation functions (Text S2; Fig. S1),  the Earth Movers Distance (Text S3; Fig. S2; 

Table S1), the estimation of the annual Tanager-1 O&G plume count (Text S4; Fig. S3), joint and satellite 

system specific POD and PDF estimates (Text S5; Tables S2), and the spatial resolution dependence of 

measured emission rate distributions (Text S6; Figures S3 and S4). 
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Figure 1: Map of methane plumes detected from oil-gas sources in 2024*. The total number of plumes 

detected by each satellite is annotated in the legend. *For Tanager/Carbon Mapper, we take plume 

detections from Sept 19th, 2024 (immediately after launch) until August 31st, 2025. The number of plumes 

in parentheses is our estimate of the total annual O&G emissions Tanager/Carbon Mapper would have 

detected in a full calendar year.  
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Figure 2: Spatial distribution of detected plumes. a) The number of unique locations 0.5∘ x 0.5∘ where a 

plume detection was found versus the ranked number of plume detections. b) The Earth Movers Distance 

(in dimensionless units) calculated between gridded plume detection locations and the GFEIv3 O&G 

inventory. The plume detection locations are gridded to 0.5∘ x 0.5∘ resolution and the unit of the EMD is 

distance (in grid cell units) to move a unit of detection location probability onto the GFEIv3 emissions 

probability distribution. The bar data indicates the EMD between detected plume detection locations for 

each satellite system and GFEIv3. The marker and error bars indicate the mean and (10%, 90%) values of 

𝑀𝑘 random, emission-weighed and non-repeated samples of GFEIv3, where 𝑀𝑘 ≤ 𝑁𝑘 is the number of 

unique gridded detection locations for each satellite system. The EMD between GFEIv3 and grid cells 

that had a detection by any satellite system in the Permian basin region is calculated for reference and 

shown as a dashed line. 
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Figure 3: Measured emission rate density distributions 𝑝𝑘;𝑖 for the six different satellite systems studied. 

Measured data points with error bars provided for visualization (estimated from counting statistics as 

𝑝𝑘;𝑖 ⋅ 𝑛𝑘;𝑖
−0.5). The lines are the retrieved models 𝑝̂𝑘;𝑖(𝒛̂𝑘, 𝜽̂𝑘).  
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Figure 4: Scaled measured emission rate density distributions and estimated detection probability. a) The 

measured emission rate density 𝑝𝑘;𝑖 scaled by the detection fraction 𝑍𝑘, as well as the estimated emission 

rate density distribution 𝜌(𝑄; ⟨𝜽̂⟩). b) The estimated survey-mode detection probability 𝑃𝑂𝐷𝑘(𝑄; 𝒛̂𝑘) 

with (10%, 90%) confidence bounds. The emission rates corresponding to a 50% probability of detection 

are annotated for each instrument and illustrated with a dashed vertical line. 
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Figure 5: Relative completeness measures for satellite/data provider systems. a) The relative detection 

completeness 𝑐𝐷. b) The relative spatio-temporal completeness 𝑐𝑆𝑇. c) The relative total completeness 𝑐. 

Error bars encompass the (10%, 90%) percentile estimates of the bootstrap results.
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S1 Satellite Instruments and Data providers 

GHGSat: The GHGSat methane satellite constellation comprises 12 commercial satellites as of October 

2025 (though only data from 10 methane satellites were in operation in 2024 and therefore used in this 

2024 study), all of whom travel in a sun-synchronous orbit at approximately 500 km altitude. The 

instruments capture solar backscattered radiation between the wavelengths of 1630 – 1670 nm and the 

light is spectrally filtered using a wide-angle Fabry-Perot spectrometer(1). The methane column density is 

retrieved with a ~25 m ground sample distance over targeted 15 x 12 – 15 x 30 km2 retrieval domains. 

 Candidate methane enhancement plumes in the column density fields are first identified with a 

machine learning model. Human operation technicians then inspect each candidate plume enhancement to 

either validate or reject the plume. For validated plumes, the plume enhancement is delineated from the 

background using a semi-automated floodfill algorithm. Once the plume has been masked, the source rate 

is estimated using an IME method(2) using wind speed from a 3rd-party meteorological reanalysis product 

(OpenWeather) at the location and time of observation. The origin of the plume is estimated by the human 

operator and attributed to a sector based on facility type identification. 

  

Tanager: Carbon Mapper is a non-profit organization based in Pasadena, California that leads a public-

private coalition including Planet Labs, NASA-JPL, the State of California, the University of Arizona, the 

Rocky Mountain Institute, and others. The Tanager satellite, Tanager-1, from Carbon Mapper was 

launched on August 16, 2024 and started delivering methane plumes on September 19th, 2024. The 

instrument is a push-broom grating instrument spanning the 400 – 2,500 nm spectral region with ~5.5 nm 

spectral sampling(3) and a 500 km, sun-synchronous orbit(4). The mean sample distance is calculated to 

be 38m from their observation specific data between September 19th, 2024 and May 7th, 2025. The 

standard sensitivity mode results in retrieval domains that are 19 km x 481 km in area. Plumes are 

identified, then segmented with an automated procedure that identifies connected and nearly-connected 

plume enhancements. The emission rate is estimated using the IME method described in Ref(5). The 

Tanager methane emission rate data is obtained from the Carbon Mapper data portal 

(https://data.carbonmapper.org/). 

 

EMIT: The NASA/JPL Earth Surface Mineral Dust Source Investigation (EMIT) has been mounted on 

the International Space Station (ISS) since 2022, orbiting at an altitude of approximately 400 km. EMIT 

is an imaging spectrometer able to collect contiguous spectra between 380 – 2,500 nm with ~7.4 nm 

spectral resolution(3). The ground sample distance is approximately 60 m and the push-broom array 

collects spectra from ~80 km-wide swaths in dust emitting regions(6). The methane column density 

enhancement is estimated using a matched filter technique(6, 7). Methane enhancements corresponding to 

https://data.carbonmapper.org/
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plumes are identified and delineated using a semi-automated procedure that collects plume enhancements 

within a 200m “merge” distance, and up to a 1000m maximum “fetch” distance. The emission rate is 

estimated using an IME method with wind speed provided by ECMF ERA5 hourly data(6). EMIT 

methane emission rate data was obtained from the Carbon Mapper data portal 

(https://data.carbonmapper.org/). 

 

 

Sentinel-2: The Sentinel-2 mission consists of polar-orbiting satellites (Sentinel-2A launched in 2015, 

Sentinel-2B launched in 2017, Sentinel-2C launched in September 2024) at an altitude of approximately 

800 km altitude, with an equator crossing time of approximately 10:30 (local solar time) and a cross-track 

swath of 290km(8), providing a ~5-day revisit time at the equator. The Sentinel-2 mission is a 

multispectral instrument, with the methane sensitive band, Band 12, having a spectral width of 

approximately 90nm with a ground sample distance of 20m. Methane column density enhancements can 

be estimated using band reflectance ratios (8) and/or machine learning methods(9–11). Sentinel-2 

methane emissions data is provided via the IMEO-MARS Eye on Methane data platform 

(https://methanedata.unep.org/).  

 

Landsat: Landsat 8 was launched in 2013 and Landsat 9 was launched in 2021, both orbiting in a sun-

synchronous 705 km altitude orbit with a combined ~8-day revisit time. The instrument collects 

backscattered radiation between 430 – 2,300 nm, with the methane sensitive Band 7 having a ~200 nm 

bandwidth. The Landsat multispectral instruments have demonstrated the ability to detect methane 

plumes(12, 13) using similar techniques employed for the Sentinel-2 instruments(8, 11). Landsat methane 

emissions data is obtained from the IMEO-MARS Eye on Methane data platform 

(https://methanedata.unep.org/).  

 

https://data.carbonmapper.org/
https://methanedata.unep.org/
https://methanedata.unep.org/
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S2 Akaike Information Criteria for determining best fit functions 

 

The Akaike Information Criteria (AIC) is a statistical measure of a model’s predictive quality and 

is given by: 

𝐴𝐼𝐶(𝑙, 𝒛, 𝜽) = 2𝑙 − 2logℒ(𝒛, 𝜽| 𝑸) (1) 

where 𝑙 is equal to the number of parameters in the model and ℒ(𝒛, 𝜽| 𝑸) is the likelihood. A lower AIC 

indicates a more predictive model since it suggests a better combination of fitting the data well (lower 

NLL) and fewer parameters (thus preventing overfitting).  

 We first use the AIC to estimate the relative prediction quality of a lognormal probability 

distribution function versus a power law model for the emission rate distribution 𝜌(𝜽). The lognormal 

model is defined in equation 3 of the main text and repeated here: 

𝜌𝑙𝑜𝑔(𝑄; 𝜽𝑙𝑜𝑔) =
1

𝑄𝜎𝑘√2𝜋
𝑒−

(ln(𝑄)−𝜇)2

2𝜎 (2) 

And the power law model is defined as 

𝜌𝑝𝑜𝑤𝑒𝑟(𝑄; 𝜽𝑝𝑜𝑤𝑒𝑟) = 𝑏𝑄−𝛼 (3) 

Where 𝑏 =
1−𝛼

𝑄𝑚𝑎𝑥
1−𝛼 −𝑄𝑚𝑖𝑛

1−𝛼  (𝛼 ≠ 1, with the  𝛼 = 1 case using the logarithmic normalization) is a 

normalization constant defined from the emission rate bounds {𝑄𝑚𝑖𝑛, 𝑄𝑚𝑎𝑥} corresponding to the 

minimum and maximum emission rate bin edges. As in the first stage of our estimation procedure, we 

assume a common emission rate distribution across all satellite systems while allowing satellite system 

specific detection probability parameters. Thus, the number of parameters for the lognormal and power 

law models are 𝑙𝑗𝑜𝑖𝑛𝑡−𝑙𝑜𝑔 = 2𝐾 + 2 and 𝑙𝑗𝑜𝑖𝑛𝑡−𝑝𝑜𝑤 = 2𝐾 + 1, respectively, for 𝐾 = 5 satellite systems 

(two POD parameters per satellite plus {𝜇, 𝜎} or {𝛼} for 𝜌). We find an AIC difference of 

Δ𝐴𝐼𝐶 =  𝐴𝐼𝐶𝑗𝑜𝑖𝑛𝑡−𝑙𝑜𝑔 − 𝐴𝐼𝐶𝑗𝑜𝑖𝑛𝑡−𝑝𝑜𝑤 = −1.14 (4) 

That is, the lognormal has the lower AIC by 1.14 points which can be interpreted as the lognormal model 

being approximately 𝑒Δ𝐴𝐼𝐶/2 ≈ 2 times as probable as the power law at minimizing the information loss. 

Figure S1 shows a comparison of the joint lognormal and power law fits to the data. We find a best-fit 

power-law exponent of 𝛼̂ = 2.29. 
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Figure S1: Empirical and modelled emission rate distributions. Solid lines correspond to the lognormal 

model, dashed lines to the power law model. Both lognormal and power law emission rate distribution 

models are common to all satellite systems in the fit. 

 

 Having established that a lognormal emission rate distribution model is preferred, we then 

examined whether the emission rate distribution model should be common across satellite systems or 

satellite system specific. For the joint (common) model, we fit 𝑙𝑗𝑜𝑖𝑛𝑡−𝑙𝑜𝑔 = 2𝐾 + 2 parameters 

{𝒛̂𝑗𝑜𝑖𝑛𝑡;𝑘   , 𝜽̂𝑗𝑜𝑖𝑛𝑡}; and for the independent model we fit 𝑙𝑖𝑛𝑑−𝑙𝑜𝑔 = (2 + 2)𝐾 parameters {𝒛̂𝑘  , 𝜽̂𝑘}. 

Comparing the AIC difference evaluated on the same data, we find 

Δ𝐴𝐼𝐶 =  𝐴𝐼𝐶𝑗𝑜𝑖𝑛𝑡−𝑙𝑜𝑔 − ∑ 𝐴𝐼𝐶𝑖𝑛𝑑−𝑙𝑜𝑔;𝑘

𝐾

𝑘=1

= 18.9, (5) 

meaning that the satellite system specific model has the lower (better) AIC by 18.9 points, indicating that 

the satellite specific emission rate assumption is 𝑒18.9/2 ≈ 13,000 times as probable as the common 

emission rate model at minimizing the information loss. We therefore report parameter estimation results 

from our second stage (Bayesian penalized independent) fits, which retain this improved predictive 

quality while stabilizing weakly identified parameters. 
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S3 Earth Movers Distance 

 

The Earth Movers Distance (EMD) estimates the minimum work required to transform one distribution 

into another. We use the python function `ot.emd2(𝒂, 𝒃, 𝑴)` to calculate the two-dimensional EMD 

between distributions 𝑨 = (𝑎𝑖, 𝑥𝑖)𝑛
𝑖=1

 and 𝑩 = (𝑏𝑗, 𝑦𝑗)
𝑚

𝑗=1
 with weight vectors 𝒂 = (𝑎𝑖)𝑛

𝑖=1
 and 𝒃 =

(𝑎𝑖)𝑛
𝑖=1

 and the distance metric between latitude/longitude 𝑥 = (𝜙, 𝜆) points given by 𝑴. The 

distributions are normalized such that 1 = ∑ 𝑎𝑖
𝑛
𝑖 = ∑ 𝑏𝑗

𝑚
𝑗 . The problem is to find the transport flow 

matrix 𝐹𝑖,𝑗 that minimizes the work function  

𝑊(𝐹) = ∑ 𝐹𝑖,𝑗𝑑𝑖,𝑗𝑖,𝑗 (6)

where we choose 𝑑𝑖,𝑗 = |𝑥𝑖 − 𝑦𝑗| to be the Euclidean distance, and 𝐹𝑖,𝑗 is subject to the marginal 

constraints ∑ 𝐹𝑖,𝑗
𝑛
𝑖 = 𝑏𝑗 and ∑ 𝐹𝑖,𝑗

𝑚
𝑗 = 𝑎𝑖. 

 We choose to calculate the EMD between each satellite’s detection locations – gridded to 0.5 deg 

x 0.5 deg spatial resolution for speed – and the Global Fuel Exploitation Inventory version 3 

(GFEIv3)(14). Specifically, we use the sum of the “Oil_All” and “Gas_All” GFEIv3 fields. For the 

satellite system detections, we assign a uniform weight in a given grid cell if a satellite has observed at 

least one plume there. We use the GFEIv3 estimated emission flux in each grid cell to weight the GFEIv3 

probability distribution, under the assumption that detections are more representative of GFEIv3 predicted 

emissions if they occur near locations where GFEIv3 predicts larger emission fluxes. The GFEIv3 Oil and 

Gas flux is shown in Figure S2.  
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Figure S2: The GFEIv3 Oil and Gas flux used in the Earth Mover’s Distance calculation. 

 

As a point of reference, we also calculate the EMD between 𝑀𝑘 samples of GFEIv3 O&G and the full 

GFEIv3 O&G distribution, where 𝑀𝑘 ≤ 𝑁𝑘 are the unique grid cells that contain a detection for satellite 

system 𝑘, tabulated in Table S1. The 𝑀𝑘 samples are weighted by the GFEIv3 emissions in each grid cell 

(calculated by multiplying the GFEIv3 flux by the area of each grid cell). We do this 100 times for each 

satellite system, generating 100 different 𝑀𝑘 samples of GFEIv3. We calculate the mean and (10%, 90%) 

percentile and compare to the EMD calculate for the measured plume detection locations. The fact that all 

satellite system measured EMDs are within the (10%, 90%) percentile sampled EMD values, suggests 

that the satellite systems have representative spatial coverage of inventory-predicted O&G emission 

locations.  
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Satellite System Number of plumes 𝑵𝒌 Unique 𝟎. 𝟓∘ x 𝟎. 𝟓∘ grid cells 

with at least one detection 𝑴𝒌 

GHGSat/GHGSat 11,752 687 

Tanager/Carbon Mapper 2,284 319 

EMIT/Carbon Mapper 460 165 

Sentine-2/IMEO-MARS 1,066 87 

Landsat/IMEO-MARS 732 81 

Table S1: Number of detected plumes and unique grid cells where detections occurred. 
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S4 Estimating Tanager/Carbon Mapper Annual O&G Plume Count 

 

The Tanager/Carbon Mapper dataset is the only one of the 5 satellite systems for which we do not 

have a full year’s worth of emissions in 2024, owing to its launch on August 19th, 2024. To estimate the 

number of plumes it would have detected in a full years-worth of nominal operations, we take the average 

of the plume count per day (from Tanager CH4 O&G plume data pulled from the Carbon Mapper data 

portal on July 14th, 2025) between February 2nd, 2025 and July 13th, 2025 (see Figure S3). This is a period 

that starts after Tanager reached nominal operational capacity. We estimate that an average rate of 11.03 

O&G plumes are detected per day from Tanager/Carbon Mapper and, consequently, 4,025 O&G plumes 

per year. 

 

Figure S3: Tanager/Carbon Mapper O&G CH4 plume detections. The top plot shows the cumulative 

number of O&G plumes detected since launch. The bottom plot shows the 7-day rolling average of the 

mean plumes detected per day. The dashed vertical lines show the time period over which nominal average 

plumes per day estimate was calculated (red horizontal dashed line). 
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S5 Joint and Satellite System Specific POD and PDF estimates 

 

For the first stage results, where a common lognormal emission rate distribution is assumed, we retrieve 

the following for the mean and bootstrap estimates for the emission rate distribution parameters: 

(𝜇̂𝑗𝑜𝑖𝑛𝑡 ± 𝛿𝜇̂𝑗𝑜𝑖𝑛𝑡, 𝜎̂𝑗𝑜𝑖𝑛𝑡 ± 𝛿𝜎̂𝑗𝑜𝑖𝑛𝑡) = (−6.73 ± 1.72, 2.61 ± 0.25) 

The satellite system specific parameters for both the first (joint) and second stage (independent with 

penalty) results are shown in Table S2 alongside the bootstrap standard errors used to regularize the 

penalty terms. 

 

Instrument 𝑄̂𝑗𝑜𝑖𝑛𝑡;𝑑𝑒𝑡   

  
 

𝑠̂𝑗𝑜𝑖𝑛𝑡   

 

δ(log 𝑄̂𝑗𝑜𝑖𝑛𝑡;𝑑𝑒𝑡) δ(log 𝑠̂𝑗𝑜𝑖𝑛𝑡) 𝑄̂𝑘   
 

𝑠̂𝑘   
 

𝜇̂𝑘 𝜎̂𝑘 

GHGSat/GHGSat 0.48 0.78 0.09 0.023 0.46 0.77 −7.44 2.78 

Tanager/Carbon 

Mapper 

0.44 0.72 0.08 0.025 0.48 0.73 −6.03 2.36 

EMIT/Carbon 

Mapper 
1.79 0.67 0.09 0.050 1.87 0.66 −6.87 2.53 

Landsat/IMEO-

MARS 
3.96 0.72 0.09 0.038 4.01 0.72 −6.67 2.57 

Sentinel-2/IMEO-

MARS 

3.29 0.73 0.07 0.034 3.41 0.73 −6.62 2.53 

Table S2: Retrieved POD and PDF parameters. 
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S6 Spatial Resolution Dependence of Measured Emission Rate Distributions 

 

When an instrument’s spatial resolution is coarse relative to individual sources, what it detects is 

the sum of multiple equipment-level plumes within its facility-scale resolution. Suppose 𝐽 pieces of 

equipment are emitting at rates 𝑄1, … , 𝑄𝐽 with independent source-level distributions 𝜌𝑗(𝑄; 𝜷𝑗). The 

facility-scale emission rate is 

𝑄𝑓𝑎𝑐=   ∑ 𝑄𝑗

𝐽

𝑗=1

(7) 

And the corresponding facility-scale emission rate distribution is the convolution of the equipment level 

distributions 

𝜌𝑓𝑎𝑐(𝑄; 𝜷𝑓𝑎𝑐) = (𝜌1 ∗ 𝜌2 ∗. . .∗ 𝜌𝐽)(𝑄) (8) 

Where ∗ denotes convolution. We note that Reference (15) explored the spatial resolution dependence of 

emission rate distributions in a numerical experiment with a Gamma distribution and the assumption that 

𝐽 grew proportionally to the spatial resolution of the instrument. We validate this analytical model with 

our own numerical experiment where we assume that we are aggregating 𝐽 equipment-level sources that 

are emitting independently with identical power-law emission rate distributions 𝜌𝑗 = 𝜌𝑝𝑜𝑤𝑒𝑟(𝑄; 𝜽𝑝𝑜𝑤𝑒𝑟) 

with (𝛼 = 2, {𝑄𝑚𝑖𝑛, 𝑄𝑚𝑎𝑥} = {10−4𝑡 ℎ−1, 101.5𝑡 ℎ−1}). We compare the analytical model 𝜌𝑓𝑎𝑐(𝑄; 𝜷𝑓𝑎𝑐) 

with numerical simulations where 2E6 facility samples are drawn with either 𝐽 = 1, 10, or 100 aggregated 

equipment sources that are summed for each facility. In Figure S4, we plot the “true” facility distribution 

for each case, as well as the “measured” detected facility distribution (with an instrument with 50% POD 

value at 50 kg h-1). We can see that aggregation introduces a peak in the true distribution that moves to 

increasingly higher emission rates as 𝐽 increase (roughly proportionally to 𝐽). The large emission rate tails 

of this true facility distribution are unaffected, however. We can see that the measured emission rate 

distributions are unaffected as long as the partial detection region lies above this aggregation peak. This is 

true, in our numerical experiment, for the 𝐽 = 1 (no aggregation) and 𝐽=10 cases, but not for the 𝐽 = 100 

case, where an estimate of the POD would be biased high if a 𝐽 = 1 true emission rate distribution was 

assumed. 
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Figure S4: Simulated “true” (top) and “measured” (bottom) facility distributions with 𝐽 aggregated 

sources. 

  

In our numerical experiment we showed that if the equipment-scale distributions 𝜌𝑗(𝑄; 𝜷𝑗) are 

all heavy-tailed (e.g. lognormal, power-law, etc.), then the facility-scale distribution will be also heavy-

tailed with large emission rate tail behaviour driven by the most heavy-tailed of the equipment-scale 

distributions. Heuristically, this can be understood as the facility-scale distributions being dominated by 

single, large, equipment-scale emissions. This suggests that even instruments with very different spatial 

resolutions may retrieve the same tail behaviour. We show this empirically in Figure S5 by performing 

our two-stage fit of high-resolution satellite detections in the Permian basin alongside i) the 2 m 

equipment-level measured emission rates from an airborne Bridger GML Permian survey (16) and ii) the 

~7 km resolution measured emission rates measured by TROPOMI in the Permian basin in 2024. The 

TROPOMI data is provided to IMEO-MARS through CAMS 

(https://apps.atmosphere.copernicus.eu/methane-explore), though the full 2024 data (not all of which is 

https://apps.atmosphere.copernicus.eu/methane-explorer
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available on CAMS) was provided directly by SRON. After retrieving each system’s detection probability 

and calculating the detection fraction 𝑍𝑘 = ∫ 𝑃𝑂𝐷(𝑄)𝜌(𝑄)𝑑𝑄
∞

0
, we find that the scaled distributions 𝑍𝑘 ⋅

𝑝̂𝑘 share a similarly shaped tail for emission rates where 𝑃𝑂𝐷 → 1, as expected.  We note that for 

TROPOMI, as for the other satellite systems, our model assumes negligible plume aggregation within 

detected emissions at, or above, the TROPOMI partial detection region. 

 

 

Figure S5: Scaled emission rate distributions measured in the Permian Basin from high resolution 

satellites (GHGSat/GHGSat, Tanager/Carbon Mapper, EMIT/Carbon Mapper, Landsat/IMEO-MARS, 

and Sentinel-2/IMEO-MARS), 2 m equipment level airborne measurements (Bridger GML), and 7 km 

regional level satellite (TROPOMI). 

 

 


