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ABSTRACT:  

Repeated high-resolution satellite observations can identify large methane emissions from individual oil 

and gas facilities, but sparse sampling, intermittent emissions, and variable observation conditions 

complicate the estimation of annual facility-level emissions. We develop an empirical hierarchical Bayesian 

method to estimate facility-resolved annual large-emitter methane emissions, with uncertainty, from 

repeated satellite plume detections and non-detections that were attributed to individual facilities. We apply 

the method to approximately 100,000 upstream and midstream facilities in the Permian Basin observed by 

the GHGSat satellite constellation from 2023 through 2025.  

Mean annual large-emitter emission rates differed strongly by facility class, averaging approximately 

0.46 kg h⁻¹ for wells, 32–36 kg h⁻¹ for compressor/gathering stations, and 139–144 kg h⁻¹ for gas processing 

plants. Mean large-emitter persistence was approximately 0.001 for wells, 0.089–0.091 for 

compressor/gathering stations, and 0.238–0.249 for gas processing plants. Facility-level estimates were 

moderately heavy-tailed, with approximately 30–35% of midstream facilities accounting for 50% of 

estimated annual large-emitter emissions. Class-level mean estimates varied little between years, and more 

than 98% of matched midstream facilities showed no interannual change exceeding the combined 

estimation uncertainty. Summed and extrapolated facility estimates for the considered facility classes 
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yielded GHGSat-derived Permian Basin totals of 1.70, 1.66, and 1.63 Mt y-1 for 2023, 2024, and 2025, 

respectively.  

These results demonstrate that recurrent satellite observations can support facility-resolved, uncertainty-

quantified estimates of the annual contribution from large methane emission events. The framework 

complements ground and aerial measurements, regional atmospheric inversions, and bottom-up inventories 

by providing repeated, attributable measurements across large facility populations. 

 

INTRODUCTION 

Methane is the second-largest contributor to anthropogenic global warming after CO2
1. Because 

most methane emissions arise from human activities, and because methane has a relatively short 

atmospheric lifetime and substantial near-term mitigation potential, reducing anthropogenic methane has 

become a major climate priority. The oil and gas (O&G) sector contributes more than 20% of 

anthropogenic methane emissions 2 and is therefore an important focus for near-term mitigation. 

Measurement-informed estimates at the facility scale are particularly valuable because they support 

source attribution and help identify where mitigation efforts can be most effectively targeted. 

High-resolution satellite methane observations are increasingly being incorporated into 

operational monitoring and mitigation frameworks. For example, the U.S. EPA Super Emitter Program3 

uses approved remote-sensing observations to identify large methane emission events and notify 

operators, while UNEP’s Methane Alert and Response System4 uses satellite observations to support 

mitigation outreach. Oil and gas operators also increasingly use commercial satellite observations to 

identify and quantify methane emissions. These applications demonstrate the growing operational value 

of facility-attributed satellite observations, but individual plume detections do not alone provide 

temporally representative emission estimates at annual inventory and reporting timescales. 

Repeated observations of individual facilities provide a means to move beyond event-level plume 

detections toward temporally-averaged estimates of facility emissions. Such measurement-informed 

estimates are pertinent to reporting frameworks such as the Oil and Gas Methane Partnership (OGMP) 

2.05, which emphasizes reconciliation between source-level inventories and independent site-level 

measurements. Recurrent satellite observations therefore offer a pathway to support measurement-

informed reporting and reconciliation at scale, particularly for large, intermittent emissions that may be 

underrepresented in bottom-up inventories or measurement programs with limited temporal coverage. 

However, converting repeated satellite observations into temporally representative facility estimates is 
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non-trivial because each overpass samples only a snapshot of the emission state under observation-

specific detection conditions.  

 Recent measurement-based studies have demonstrated the value of large-scale aerial and satellite 

observations for improving oil and gas methane inventories6–9. Aircraft campaigns have used facility- and 

source-resolved detections to estimate regional, basin-scale, operator-scale, or facility-class emissions, 

often by combining detected emissions with statistical extrapolation or models for emissions below the 

measurement detection limit6–8. However, because aircraft site revisits are typically temporally clustered 

within days and/or weeks, such surveys are less well suited to estimating temporally averaged emissions 

from individual facilities over annual timescales. Recent cause-resolved aerial measurements found 

significant temporal and inter-operator variation in emissions and noted that temporally concentrated 

operational practices can bias annualized inventories derived from short measurement campaigns10. 

Satellite studies provide complementary strengths. Although satellite instruments are generally 

less sensitive than many aircraft- and ground-based measurement systems, they can provide repeated, 

temporally-distributed observations across large producing regions. This spatiotemporal coverage 

advantage makes satellite data particularly valuable for observing rare, high-emission-rate events that 

contribute disproportionately to total emissions but can be missed by spatially limited ground networks or 

spatially and temporally concentrated aircraft campaigns. High-resolution point-source imagers can 

attribute large methane plumes to individual facilities and estimate emissions from blowout events11–13 or, 

when observations are repeated, estimate annual emissions9 and observation persistence9,14, while 

moderate-resolution measurements can map super-emitters15 and estimate basin-scale emissions and sub-

regional methane intensities16. However, facility-resolved satellite estimates have generally focused on 

detected emitting sites, individual emission events, persistence statistics, or aggregated sector-wide 

emissions. Less attention has been given to estimating annual emissions for all observed facilities - 

including those without plume detections - while explicitly accounting for observation-specific detection 

probability. 

Here, we develop a detection-probability-aware method for estimating annual methane emissions 

from individual oil and gas facilities using repeated satellite detections and non-detections. The method 

combines facility-specific observation histories with a population-informed prior derived from 

measurements of similar facilities, allowing annual emissions to be estimated even when facility 

observation histories are sparse or contain no plume detections. The resulting estimates represent the 

annual mean contribution from emissions above the satellite-detectable rates considered here 
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(approximately  ≥ 50 kg h⁻¹) and provide facility-resolved estimates suitable for comparison with bottom-

up inventories and measurement-informed reconciliation frameworks such as OGMP 2.0. 

MATERIALS AND METHODS 

2.1. Facility-resolved satellite observation data 

We constructed facility-level methane observation histories by attributing GHGSat plume 

detections and clear-sky non-detections to mapped facility footprints. The spatial origin of each detected 

plume was estimated using a machine-learning model (see Section S1). Facility footprints were identified 

using Sentinel-2 imagery and grouped into classes representing broadly similar infrastructure and 

emission behavior, including gas processing plants, compressor/gathering stations, and well sites (see 

Section S2). Detected plumes were then assigned probabilistically to candidate facilities using an area-

normalized overlap integral between the plume-origin probability distribution and the mapped facility 

footprints (see Section S3). Importantly, these facility methane observation histories are constructed for 

all GHGSat-observed facilities, irrespective of whether a plume was detected. For each facility and 

calendar year, the resulting observation history contained all clear-sky observations, the detection 

outcome for each observation, the quantified emission rate for detected plumes, and an observation-

specific probability-of-detection function. For a facility with 𝑛 observations at times 𝐭 = {𝑡1, 𝑡2, … , 𝑡𝑛}, 

we denote the detection outcomes by 

𝐝 = {𝑑1, 𝑑2, … , 𝑑𝑛}, (1) 

where 𝑑𝑖 = 1 indicates a detected plume and 𝑑𝑖 = 0 indicates a non-detection. The corresponding 

retrieved emission rates for detected plumes are denoted by 

𝐪 = {𝑞𝑖: 𝑑𝑖 = 1}. (2) 

Non-detections do not provide measured emission rates and are therefore represented by the detection 

Boolean rather than interpreted as 𝑞𝑖 = 0. Each observation has an associated probability-of-detection 

function, 

POD𝑖(𝑄; 𝑢𝑖, 𝛿𝛺𝑖), (3) 

which estimates the probability of detecting a plume with true emission rate 𝑄 under the conditions of 

observation 𝑖. The function depends on the local wind speed 𝑢𝑖 and methane column-density retrieval 

precision 𝛿𝛺𝑖 (see section S4). 
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2.2. Discretized facility emission model 

We represent the instantaneous emission state of each facility using a site-specific emission-rate 

distribution, 𝜌(𝑄), containing an explicit probability mass at 𝑄 = 0. The zero-emission state represents 

periods without emissions in the large-emitter range considered in this study. Rather than assuming a 

functional form for 𝜌(𝑄) as in Ref17, we discretized the distribution over 𝐾 + 1 emission states with 

representative rates {𝑄0, 𝑄1, … , 𝑄𝐾} with 𝑄0 = 0. The representative emission rate 𝑄𝑘 = (𝑏𝑘 −

𝑎𝑘)/ log(
𝑏𝑘

𝑎𝑘
) was defined as the log-uniform bin mean of the lower 𝑎𝑘  and upper 𝑏𝑘 edges of emission-rate 

bin 𝑘. Let 𝐩 = {𝑝0, 𝑝1, … , 𝑝𝐾} denote the corresponding probability masses with the normalization 

condition ∑ 𝑝𝑘
𝐾
𝑘=0 = 1. The vector 𝐩 defines a multinomial distribution over the discrete facility emission 

state. Here, 𝑝0 is the probability that the facility is in the zero large-emission state, and 𝑝𝑘, for 𝑘 ≥ 1, is the 

probability that its emission rate lies in positive emission-rate bin 𝑘. This discrete representation 

accommodates broad and skewed facility emission-rate distributions without imposing a potentially 

misspecified functional form at the individual-facility level. 

2.3. Detection-Aware Likelihood 

For observation 𝑖, the probability of detecting an emission from emission rate bin 𝑘 is 

POD̂𝑖𝑘 = ∫ POD𝑖(𝑄𝑘; 𝑢, 𝛿𝛺𝑖) 𝑓𝑢(𝑢 ∣ 𝑢𝑖) 𝑑𝑢, (4) 

 

where 𝑓𝑢(𝑢 ∣ 𝑢𝑖) is the uncertainty distribution for the wind speed associated with observation 𝑖. 

The model-predicted probability of obtaining any detection during observation 𝑖 is therefore 

𝑚𝑖(𝐩) = ∑ 𝑝𝑘

𝐾

𝑘=1

POD̂𝑖𝑘 . (5) 

The summation begins at 𝑘 = 1 because the probability of detecting the zero-emission state is zero. 

For a detected plume, the likelihood must account for both the probability that the facility occupied a 

given emission state and the likelihood of obtaining the retrieved emission rate from that state. We define 

𝑅𝑖𝑘 as the joint detection-and-retrieval likelihood density, marginalized over wind-speed uncertainty and 

conditional on emission state 𝑘: 

𝑅𝑖𝑘 = ∫ POD𝑖(𝑄𝑘; 𝑢, 𝛿𝛺𝑖) 𝑓𝑞(𝑞𝑖 ∣ 𝑄𝑘 , 𝑢) 𝑓𝑢(𝑢 ∣ 𝑢𝑖) 𝑑𝑢, (6) 

where 𝑓𝑞(𝑞𝑖 ∣ 𝑄𝑘 , 𝑢) is the probability density of retrieving emission rate 𝑞𝑖, conditional on true emission 

rate 𝑄𝑘 and wind speed 𝑢. Details of the wind-speed and emission-rate uncertainty models are provided in 

Section S5. 
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The likelihood contribution from a detected plume is ∑ 𝑝𝑘
𝐾
𝑘=1 𝑅𝑖𝑘, whereas the likelihood 

contribution from a non-detection is 1 − 𝑚𝑖(𝐩). The log-likelihood for the observation history of a 

facility within a specified time period is therefore 

log𝐿(𝐩 ∣ 𝐪, 𝐝) = ∑ log

𝑖:𝑑𝑖=1

(∑ 𝑝𝑘

𝐾

𝑘=1

𝑅𝑖𝑘) + ∑ log

𝑖:𝑑𝑖=0

[1 − 𝑚𝑖(𝐩)]. (7) 

This formulation accounts for two possible causes of a non-detection: the facility may have occupied the 

zero large-emission state, or it may have emitted at a positive rate that was not detected given the per-

observation detection probability. Non-detections are therefore not strictly interpreted as observations of 

zero emissions. 

 

2.4. Empirical hierarchical prior 

Individual facilities commonly have too few observations to constrain all emission-state 

probabilities independently. We therefore used an empirical hierarchical prior that pooled information 

among facilities in the same facility class: wells, compressor/gathering stations, and gas processing plants. 

For facility 𝑗 belonging to class 𝑔, the vector of emission-state probabilities was assigned a Dirichlet prior 

which is the conjugate prior of a multinomial distribution18: 

𝐩𝑗 = Dirichlet(𝛂𝑔) =
1

B(𝛂𝑔)
∏ 𝑝𝑘

𝛼𝑔;𝑘−1

𝑘
(8) 

With B(𝛂𝑔) a normalization constant (a multivariate Beta function) and the concentration parameters 

defined as 

𝛼𝑔;𝑘 = 1 + 𝜆𝑔  𝑝‾𝑔;𝑘 . (9) 

Here, 𝐩‾𝑔 is the empirical emission-state distribution for class 𝑔, and 𝜆𝑔 is a concentration parameter 

controlling the influence of the prior. The additive unit term provides a uniform baseline contribution to 

each emission state to aid the estimation procedure. 

We estimated 𝐩‾𝑔 empirically from the pooled observation 2023-2025 histories of facilities in 

class 𝑔. Let 𝑁𝑔 denote the total number of valid observations and let 𝐷𝑔𝑘 denote the set of detected 

plumes assigned to positive emission-rate bin 𝑘. Similar in general conception to Refs8,19, each detected 

plume was weighted by the inverse of its observation-specific probability of detection, giving the 

detection-corrected effective count in bin 𝑘 as 

𝐷̃𝑔;𝑘 = ∑
1

POD̂𝑗𝑘𝑗∈𝐷𝑔;𝑘

, (10) 

with the effective count in the zero emission-rate bin defined as 𝐷̃𝑔;0 = 𝑁𝑔 − ∑ 𝐷̃𝑔;𝑘𝑘=1 . The prior mean 

emission rate distribution is then 
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𝑝‾𝑔;𝑘 =
𝐷̃𝑔;𝑘

𝑁𝑔

(11) 

and we note that we can estimate the prior mean persistence using the 𝑘 = 0 bin as 𝜋̅𝑔 = 1 − 𝑝‾𝑔;0. The 

prior emission-rate distributions for the three facility classes are shown in Figure 1a. 

We estimated the concentration parameter 𝜆𝑔 by matching the empirical between-facility variance 

in each emission state to the corresponding Dirichlet marginal variance (see Section S7 for more details). 

Larger values of 𝜆𝑔 constrain facility-level distributions more strongly toward the class mean, whereas 

smaller values allow the facility-specific observations to exert greater influence. 

 

2.5. Posterior Sampling and Facility Emission-Rate Estimates 

For each facility-year, the posterior distribution of the emission-state probability vector was 

proportional to the product of the detection-aware likelihood and the Dirichlet prior. Ignoring terms that 

do not depend on the facility emission-state probabilities, the log posterior was 

log 𝑃(𝐩𝑗 ∣ 𝐪𝑗, 𝐝𝑗) = log 𝐿(𝐩𝑗 ∣ 𝐪𝑗, 𝐝𝑗) + ∑(𝛼𝑔𝑘 − 1)

𝐾

𝑘=0

log𝑝𝑗𝑘 . (12) 

We sampled this posterior using a Metropolis-Hastings Markov chain Monte Carlo algorithm (see 

section S6 for more details). 

For retained posterior draw 𝑟, the temporally averaged large-emitter emission rate for facility 𝑗 

was 

𝑄𝑗
(𝑟)

= ∑ 𝑝𝑗𝑘
(𝑟)

𝐾

𝑘=0

𝑄𝑘 , (13) 

where 𝑄0 = 0 and 𝑄𝑘 is the representative emission rate for positive emission state 𝑘. The facility-level 

point estimate was the posterior mean 

𝑄𝑗 =
1

𝑅
∑ 𝑄𝑗

(𝑟)

𝑅

𝑟=1

, (14) 

where 𝑅 is the total number of retained posterior draws across chains. The 2.5th and 97.5th percentiles of 

the sampled 𝑄𝑗 values were reported as the 95% credible interval. 

Sampling performance was monitored using the mean proposal acceptance rate across chains. 

Facility-year fits with acceptance rates outside the range 0.10-0.60 were treated as unreliable. For these 

cases, and for facilities with only a single non-detection, the class-level prior mean was reported instead 

and no facility-specific credible interval was assigned.  

Large-emitter persistence was also calculated from each retained posterior draw as 



 

 

THIS IS A NON-PEER-REVIEWED PREPRINT SUBMITTED TO EARTHARXIV 

 

 8 

𝜋𝑗
(𝑟)

= 1 − 𝑝𝑗0
(𝑟)

= ∑ 𝑝𝑗𝑘
(𝑟)

𝐾

𝑘=1

(15) 

where 𝑝𝑗0
(𝑟)

 is the posterior probability that facility 𝑗 occupied the zero large-emission state. The posterior 

mean of 𝜋𝑗 was reported as the facility-level persistence estimate. Class-level persistence was calculated 

as the mean facility persistence within each facility class. Note that this quantity describes the fraction of 

time a facility occupies an emission state within the large-emitter range considered here and should not be 

interpreted as the fraction of time the facility emits methane at any rate. 

 

 

RESULTS AND DISCUSSION  

3.1. Class-level Prior Distributions and Example Facility Time Series 

  

The class-level prior emission-state distributions, 𝑝̅𝑔;𝑘, are shown in Figure 1a for wells, 

compressor/gathering stations, and gas processing plants. When comparing the relative magnitude of 

probability masses in the positive emission rate bins between facility classes, we can see that gas 

processing plants are the most persistent emitters, followed by compressor/gathering stations, and finally 

wells (corroborated by the fact that wells had the highest probability in the 𝑄 = 0 bin among the facility 

classes and gas processing plants the lowest). The large emission rate tails of the distribution for all 

facility classes are power-law like, consistent with previous studies17,20,21. Towards smaller emission-rate 

bins, a local maximum is evident. This feature may reflect residual detection probability bias near the 

lower end of the observable range, although it could also arise from the true shape of the facility-class 

emission-rate distribution. 

The class-level prior mean emission rate was calculated as  𝑄̅𝑔 = ∑ 𝑝̅𝑔;𝑘
𝐾
𝑘=0 𝑄𝑘. Across 2023-2025, 

the resulting prior mean [95% bootstrap interval] large-emitter emission rates were 0.46 [0.40, 0.53] kg h-1 

for wells, 32.3 [26.1, 40.7] kg h-1 for compressor/gathering stations, and 141.6 [92.5, 194.9]  kg h-1 for gas 

processing plants. The corresponding prior mean [95% bootstrap interval] large-emitter persistence values 

were calculated as 𝜋̅𝑔 = 1 − 𝑝0 and were 0.0012 [0.0010, 0.0015] for wells, 0.095 [0.068, 0.124] for 

compressor/gathering stations, and 0.261 [0.152, 0.393] for gas processing plants. 

Figures 1b and 1c illustrate how facility-specific observation histories update these class-level 

priors. Figure 1b shows a gas processing plant observed in 2025 with both plume detections and non-

detections. Detected plumes are shown with their estimated instantaneous emission rates and associated 

uncertainties. Non-detections are plotted at 𝑞 = 0. The vertical grayscale bars show the observation-
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specific probability of detection as a function of emission rate, with darker shading indicating emission 

rates that were less likely to be detected under the conditions (retrieval precision and wind speed) of that 

particular observation. The horizontal red line in Figure 1b shows the posterior mean annual large-emitter 

emission rate for the facility, and the shaded red band shows the 95% credible interval. The estimated 

mean emission rate for the example facility in Figure 1b was 768.6 (+500.8/-363.3) kg h-1, and the 

estimated large-emitter persistence was 0.69. Both of these estimates were higher than the corresponding 

gas-processing-plant prior values, reflecting the influence of the detected plumes in the facility 

observation history. 

Figure 1c shows a compressor/gathering station for which all valid clear-sky observations in 2025 

were non-detections. The method nevertheless produces a nonzero posterior estimate because a non-

detection does not imply zero emissions and because the class-level prior assigns some probability to 

positive emission states. The estimated annual large-emitter emission rate was 11.5 (+41.2/-11.4) kg h-1, 

and the estimated persistence was 0.07, both below the corresponding compressor/gathering prior values. 

For facilities with only non-detections, the annual emission estimate depends strongly on observation 

sensitivity. A non-detection obtained under conditions with a high probability of detecting low emission 

rates provides stronger evidence against positive large-emission states than a non-detection obtained 

under less favorable detection conditions. Repeated sensitive non-detections therefore shift the posterior 

toward lower emission rates and lower persistence.  

Because large-emitter persistence for wells was very low, most individual well observation 

histories contained insufficient information for reliable facility-specific estimation. We therefore report 

the class-level prior mean emission rate and persistence for wells rather than well-specific posterior 

estimates.  

 

3.2. Annual Mean Large-Emitter Facility Emission Estimates 

 Figure 2 shows estimated annual large-emitter methane emissions from facilities in the Permian 

Basin in 2023, 2024, and 2025. Marker size indicates the magnitude of the annual emission estimate, 

while marker colour indicates facility type: blue for wells, orange for compressor/gathering facilities, and 

green for gas-processing plants. The mapped spatial distribution reflects both the underlying geography of 

oil and gas infrastructure and the spatial coverage of GHGSat observations. The broad western cluster of 

facility emission estimates corresponds to the Delaware Basin, whereas the more eastern cluster 

corresponds to the Midland Basin, the Permian Basin’s two principal producing sub-basins. A similar 

two-lobed spatial emissions pattern has been observed in coarser-resolution TROPOMI emission 

inversions22,23. 
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Table 1 summarizes the estimated annual large-emitter emissions for Permian Basin facilities from 

2023 through 2025. Mean observation frequency increased over the study period, from 4.1 to 6.4 

observations per well, 5.0 to 8.5 observations per compressor/gathering station, and 4.3 to 6.9 observations 

per gas processing plant. Across facility classes and years, the 2.5th–97.5th percentile range in observation 

counts extended from one observation per facility to as many as 21 observations for compressor/gathering 

stations and 18 observations for gas processing plants. 

The estimated mean annual large-emitter emission rate for wells was 0.46 kg h-1 in each year, based 

on the class-level prior mentioned previously because facility-specific well estimates were not reported. 

Mean estimates for compressor/gathering stations varied only modestly, from 35.9 kg h-1 in 2023 to 32.2 

kg h-1 in 2025, while mean estimates for gas processing plants remained within a range of 139.7–144.3 kg 

h-1. This limited interannual variability is consistent with regional emissions estimates derived from 

TROPOMI observations, which showed little change in total Permian Basin emissions between 2019 and 

the end of 202322. Our facility-class estimates were approximately 50-65% of those reported by a 2024 

aerial LiDAR inventory8, which estimated mean annual emission rates of approximately 1 kg h-1 for wells, 

60 kg h-1 for compressor/gathering facilities, and 230 kg h-1 for gas processing plants. This difference is 

likely driven by the lower detection threshold of the aerial LiDAR versus satellite measurements24–26. The 

satellite-derived values therefore represent the annual contribution from comparatively large, satellite-

observable emission events, whereas the aerial inventory captures a greater contribution from smaller 

emissions though may be less likely to observe rare large-emission events due to their more limited 

spatiotemporal coverage.  

Facility-level estimates varied widely within both midstream facility classes: the 2.5th–97.5th 

percentile range was 14.9–97.4 kg h-1 for compressor/gathering stations across the three years and 52.0-

412.5 kg h-1 for gas processing plants. Figure 3a shows the distribution of annual emission estimates. The 

distributions were skewed to larger emission rates, with extended high-emission tails, and had similar 

shapes across the three years, consistent with the limited interannual variability in the class-level means 

reported in Table 1. Figure 3b shows the same estimates as cumulative emission distribution curves, with 

facilities ranked from highest to lowest annual mean emission rate. Approximately 30–35% of facilities 

accounted for 50% of the estimated annual large-emitter emissions in both facility classes. For context, 

instantaneous oil-gas emission-event distributions measured by satellite systems were found to be much 

more skewed17,20,21. For example, a truncated power-law distribution proportional to 𝑞−2.3 between 50 and 

100,000 kg h-1 implies that approximately 8% of emission events contribute to 50% of the detected 

emission-rate total. This difference reflects the different levels of aggregation represented by the two 

distributions: an event-level distribution characterizes the rates of individual emissions at the times they 
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occur, whereas the distributions in Figures 3a and b characterize facility-level annual means that average 

across emitting and non-emitting periods. Therefore, temporal averaging, repeated sampling, and the 

Bayesian estimation framework appear to reduce the skewness of the facility-level annual estimates relative 

to the underlying instantaneous event distribution. 

3.3. GHGSat-Derived Emission Totals 

Table 2 summarizes the number of observed and mapped facilities, as well as emission totals per 

facility class. The number of GHGSat satellite-observed facilities ranged from 76,117 to 101,408 wells, 

1,320 to 1,584 compressor/gathering stations, and 112 to 132 gas processing plants per year, whereas the 

total number of mapped facilities was approximately 1.4-2.3x higher: 173,840 wells, 2,417 

compressor/gathering stations, and 189 gas processing plants. Summing the facility-level estimates yields 

a GHGSat satellite-observed Permian total means [95% bootstrap intervals] of 0.862 [0.807, 0.926] Mt y-1 

in 2023, 1.040 [0.974, 1.105] Mt y-1 in 2024, and 0.995 [0.937, 1.057] Mt y-1 in 2025. We classify this as a 

partial total given that it only includes wells, compressor/gathering stations, and gas processing plants 

observed by GHGSat at least once during the corresponding year.  

However, if we scale by the total number of mapped wells, compressor/gathering stations, and gas 

processing plants in the Permian - both observed and unobserved by GHGSat - we can extrapolate to total 

means [95% bootstrap intervals] of 1.70 [1.58, 1.83] Mt y-1 in 2023, 1.66 [1.56, 1.77] Mt y-1 in 2024, and 

1.63 [1.52, 1.74] Mt y-1 in 2025. The GHGSat extrapolated totals exclude facility classes outside the scope 

of the study, such as transmission pipelines, and emissions below the satellite-observable range. For 

context, previous basin-wide measurement-based estimates include 2.9 Mt y-1 from TROPOMI for the 

2018–2020 study period27, 4.0 ± 1.1 Mt y-1 from TROPOMI for 2019–202322, approximately 3.6 Mt y-1  

from MethaneSAT observations16 in 2024 and 2025, and 5.13 Mt y-1 from a 2024 aerial LiDAR inventory 

that included gathering pipelines and modeled subthreshold emissions8. Therefore, the extrapolated 

GHGSat totals represent approximately between 32% and 59% of these basin-wide estimates and should 

be interpreted as estimates of the annual contribution from large, satellite-observable emissions for the 

included facilities, rather than as complete Permian Basin methane inventories. Differences in study period 

and facility class definition also limit direct comparison between the GHGSat and previous estimates.  

 

3.4. Large-Emitter Persistence 

In Figure 3c, we show that the mean estimated large-emitter persistence was approximately 0.089 

– 0.091 for compressor/gathering stations and approximately 0.238–0.249 for gas processing plants. 

Facility-level persistence also varied substantially, with 2.5th–97.5th percentile ranges of approximately 
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0.061–0.189 for compressor/gathering stations and 0.110–0.552 for gas processing plants. The well 

emission-rate and persistence values were derived from the class-level prior and therefore do not have 

corresponding facility-level percentile ranges.  

For context, a temporally concentrated aircraft campaign28 reported a mean persistence of 0.26 for 

strong Permian Basin point sources detected at least once and observed on at least three overflights. This 

value is similar to the persistence estimated here for midstream facilities, but the estimates are not directly 

comparable: the aircraft estimate combined multiple oil and gas sectors, was conditioned on detected 

sources, and defined persistence as the fraction of overflights with a plume detection without explicitly 

accounting for observation-specific detection probability. A global satellite analysis similarly reported a 

persistence of 0.15 for detected oil and gas sources9, also for sites with at least one plume detection.  In 

contrast, our estimates apply to the full mapped facility populations within each class and account for the 

probability that a positive large-emission state may not be detected. 

3.5. Interannual Changes in Facility Emission Estimates 

To assess interannual variability in estimated facility-level emission rates, we compared posterior 

mean emission-rate estimates between consecutive years for facilities with estimates in both years. Each 

panel in Figure 4 shows the estimated mean emission rate in year 𝑦 + 1 versus year 𝑦, with points falling 

on the 1:1 line indicating unchanged facility estimates between years. To determine whether observed 

changes are statistically meaningful given the estimation uncertainty, we compute a z-score for each facility 

(under an assumption of normally distributed per-facility estimates, an assumption that is admittedly 

approximate): 𝑧 = (𝑄̄𝑦+1 − 𝑄̄𝑦)/√𝜎𝑦
2 + 𝜎𝑦+1

2 , where 𝜎 ≈ (𝑄97.5 − 𝑄2.5)/3.92 is the posterior standard 

deviation estimated from the 95% credible interval. Facilities with ∣ 𝑧 ∣> 1.96, corresponding to the two-

sided 95% threshold of the standard normal distribution, were classified as having an interannual change 

that exceeded the combined estimation uncertainty at the 95% confidence level. Point shading quantifies 

the ∣ 𝑧 ∣ value, with darker colors indicating more statistically significant changes.  

For compressor/gathering stations, 948 facilities were matched between 2023 and 2024 and 1,046 

between 2024 and 2025. Of these, 99.6% and 99.8%, respectively, had ∣ 𝑧 ∣≤ 1.96, corresponding to only 

four and two facilities with changes exceeding the combined uncertainty. For gas processing plants, 64 

facilities were matched between 2023 and 2024 and 65 between 2024 and 2025; 98.4% and 98.5%, 

respectively, had (∣ 𝑧 ∣≤ 1.96), corresponding to one facility in each comparison with a change exceeding 

the combined uncertainty. Thus, for nearly all matched facilities, any estimated year-to-year differences 

were small relative to the uncertainty in the annual facility estimates. 
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In summary, this study demonstrates that repeated high-resolution satellite observations can be 

converted from a collection of plume detections and non-detections into facility-resolved estimates (with 

uncertainty) of annual large-emitter methane emissions and persistence. By explicitly accounting for 

observation-specific detection probability and including prior information from similar facilities, the 

framework provides estimates even when individual observation histories are sparse. Moreover, the 

framework allows the potential for observations from instruments with substantially different detection 

sensitivities (though similar spatial resolutions, given that the emission rate distribution is spatial 

resolution dependent8,17,29) to be used alongside each other to estimate emissions. Applied to the Permian 

Basin, the method revealed strong differences among facility classes, substantial heterogeneity within 

midstream classes, and limited interannual variability in both class-level means and the vast majority of 

individual facility estimates. The resulting aggregate annual facility emission rate totals represent only the 

contribution from large, satellite-observable emissions for the facility classes included in the analysis and 

should not be interpreted as complete basin inventories. Rather, they provide a complementary 

measurement-informed component with facility-scale spatial attribution and repeated temporal sampling. 

Combined with lower-threshold aerial surveys, regional atmospheric inversions, and bottom-up source 

estimates, this approach can improve reconciliation across measurement scales, identify facilities that 

contribute disproportionately to large-emitter totals, and support monitoring and mitigation efforts at 

actionable facility scale. 

 

SUPPORTING INFORMATION 

Additional description of the plume origin estimation method (Text S1), the facility detector (Text S2; 

Fig. S1), the plume-facility attribution model (Text S3), the per-observation probability of detection (Text 

S4), the instantaneous plume emission rate and uncertainty parametrization (Text S5), the posterior 

sampling method (Text S6), the Dirichlet concentration parameter estimation (Text S7), and the 

estimation precision (Text S8, Fig S2). 
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Mean 

observations 

per facility 

[95% range] 

Mean annual large-

emitter emission 

rate [95% range] 

(kg h-1) 

Large emitter persistence 

[95% range] 

2023 Wells 4.1 [1, 17] 0.46 [0.40, 0.53] 0.0012 [0.0010, 0.0015] 

2024 Wells 5.0 [1, 18] 0.46 [0.40, 0.53] 0.0012 [0.0010, 0.0015] 

2025 Wells 6.4 [1, 19] 0.46 [0.40, 0.53] 0.0012 [0.0010, 0.0015] 

2023 Compressor/Gathering 5.0 [1, 20] 35.9 [16.7, 87.1] 0.0912 [0.0608, 0.1813] 

2024 Compressor/Gathering 7.2 [1, 20] 34.0 [14.9, 97.4] 0.0908 [0.0618, 0.1885] 

2025 Compressor/Gathering 8.5 [1, 21] 32.2 [15.0, 93.2] 0.0894 [0.0638, 0.1786] 

2023 Gas processing plant 4.3 [1, 14] 139.7 [75.8, 330.8] 0.2493 [0.1420, 0.5029] 

2024 Gas processing plant 4.9 [1, 18] 144.3 [55.3, 412.5] 0.2490 [0.1269, 0.5355] 

2025 Gas processing plant 6.9 [1, 18] 144.2 [52.0, 389.8] 0.2380 [0.1097, 0.5515] 

 
Table 1: Summary table of 2023-2025 Permian Basin observations, annual large emissions, and large-

emitter persistence estimates. Numbers in italics are derived from prior means and bootstrap estimates. 

  



 

 

THIS IS A NON-PEER-REVIEWED PREPRINT SUBMITTED TO EARTHARXIV 

 

 22 

 

Observed 

facilities Total facilities Observed total (Mt y-1) Scaled total (Mt y-1) 

2023 Wells 76117 173840 0.3095 [0.2670, 0.3526] 0.7069 [0.6098, 0.8053] 

2023 Compressor/Gathering 1320 2417 0.4156 [0.3839, 0.4647] 0.7609 [0.7029, 0.8509] 

2023 Gas processing plant 112 189 0.1370 [0.1258, 0.1492] 0.2312 [0.2123, 0.2518] 

2023 All classes total 77549 176446 0.8621 [0.8069, 0.9258] 1.6990 [1.5813, 1.8301] 

2024 Wells 101408 173840 0.4124 [0.3557, 0.4697] 0.7069 [0.6098, 0.8053] 

2024 Compressor/Gathering 1556 2417 0.4629 [0.4366, 0.4938] 0.7190 [0.6783, 0.7671] 

2024 Gas processing plant 130 189 0.1643 [0.1485, 0.1831] 0.2388 [0.2159, 0.2663] 

2024 All classes total 103094 176446 1.0395 [0.9739, 1.1054] 1.6647 [1.5575, 1.7747] 

2025 Wells 93721 173840 0.3811 [0.3287, 0.4341] 0.7069 [0.6098, 0.8053] 

2025 Compressor/Gathering 1584 2417 0.4470 [0.4259, 0.4709] 0.6820 [0.6499, 0.7185] 

2025 Gas processing plant 132 189 0.1667 [0.1464, 0.1917] 0.2387 [0.2097, 0.2744] 

2025 All classes total 95437 176446 0.9948 [0.9366, 1.0571] 1.6276 [1.5247, 1.7384] 

Table 2: Total 2023-2025 Permian Basin large-emitter annual emission estimates. Numbers in italics are 

derived exclusively from prior means and bootstrap estimates. 
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Figure 2: Prior emission-rate distributions and example facility time-series emission data and estimates: 

(a) The prior emission-rate distribution 𝑝̅𝑘 for the three different facility classes: wells, 

compressor/gathering, and gas processing plants. The facility class average emission rate (annotated and 

illustrated with dashed vertical line on the plot), and the facility class average large-emitter persistence 

(annotated) are noted for each; (b) an example gas processing plant emission time series (red markers 

with error bars are detected and quantified emission rates, gray markers are observations without plume 

detections, vertical shaded bars visualize the per-observation probability of detection) with mean annual 

large-emitter emission rate ( 𝑄̅ is horizontal red line, shaded region is the 95% credibility interval) and 

large emissions persistence 𝜋̅ (annotated in legend); (c) an example compressor/gathering facility where 

all observations resulted in non-detections, though we still estimate a non-zero annual emission rate (with 

the lower bound of the 95% credibility interval reaching close to zero kg h-1). 
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Figure 2: Map of facility annual emissions estimates in the Permian Basin in 2023, 2024, and 2025. The 

marker area is proportional to the magnitude of the annual emission estimate. 
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Figure 3: Distribution of midstream facility annual emission and persistence estimates. a) Distribution of 

annual facility emission estimates from compressor/gathering stations and gas processing plants; b) 

Cumulative distribution of total annual facility emission estimates versus the cumulative number of 

facilities; c) Distribution of facility large-emitter persistence from compressor/gathering stations and gas 

processing plants. 

  



 

 

THIS IS A NON-PEER-REVIEWED PREPRINT SUBMITTED TO EARTHARXIV 

 

 26 

 

Figure 4: Interannual variability in midstream facility annual emission rates. Each parity plot shows 

a comparison between matched facilities of the same class in subsequent years, with markers coloured by 

the z-score: a) compressor/gathering stations between 2023-2024; b) gas plants between 2023-2024; c) 

compressor/gathering stations between 2024-2025; d) gas plants between 2024-2025.  
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S1 Plume origin estimation 

 

The origin of each detected methane plume was estimated using a computer-vision model described 

in Ref30. The model uses three spatially co-registered inputs derived for each observation: the methane 

signal-to-error-ratio field, a binary mask delineating the detected plume, and a graphical representation of 

wind direction and speed. A U-Net model produces a pixel-level spatial probability distribution for the 

plume origin rather than a single deterministic source location, thereby representing uncertainty arising 

from diffuse plume structure and wind-field uncertainty. The model was trained using expert-annotated 

origins for 6,667 oil and gas plumes and validated on an independent set of 3,333 plumes. The expected 

location of the predicted probability distribution had a median separation of 64.2 m from the expert-

annotated origin, with 65.1% of predicted origins falling within 100 m. Full details of the model 

architecture, training data, probability calibration, and validation are provided in Ref30.  
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S2 Facility Detector  

 

Facility-level plume attribution requires spatial representations of the locations and extents of candidate oil 

and gas facilities. Point-based infrastructure databases may contain positional errors, represent 

administrative rather than physical locations, or fail to capture the spatial extent of a constructed pad. We 

therefore represented each facility as a polygon footprint derived from visible satellite imagery. A facility 

footprint was defined as the constructed pad containing a collection of related oil and gas equipment, such 

as a well pad, compressor station, or gas processing plant. These polygons provided the spatial information 

used to associate plume-origin probability distributions with candidate facilities. 

Facility footprints were detected from the 10 m red, green, and blue bands of Sentinel-2 Level-2A imagery 

using an instance-segmentation model. The model used the Mask R-CNN architecture with a ResNet-50 

feature-pyramid-network backbone, implemented in Detectron2 and initialized from a model pretrained on 

the Cityscapes dataset. The training dataset comprised 2,767 Sentinel-2 image tiles, each containing 128 × 

128 pixels, and 16,682 polygon annotations derived from co-located OpenStreetMap features. Candidate 

OpenStreetMap records were selected using oil- and gas-related labels, including oil, natural_gas, gas, 

oil_treating_facility, natural_gas_compressor_station, well_cluster, and wellsite. The resulting dataset was 

manually screened to remove urban and other visibly non-oil-and-gas features. Most training polygons were 

relatively small: 79.3% had areas below 1 ha, 20.6% had areas of 1–25 ha, and 0.1% exceeded 25 ha.  

Inference was conducted independently using Sentinel-2 imagery from 2018–2024. The Permian Basin was 

divided into overlapping spatial tiles, predictions intersecting tile boundaries were merged, and annual 

detections were combined additively to increase recall. The multi-year procedure identified 454,813 

candidate footprint polygons; a metadata-based filtering procedure, using independent facility locations, 

road connectivity, and model confidence, flagged approximately 10% as potential false positives. Multi-

year inference produced a holdout-set recall approaching 0.6 at an intersection-over-union threshold of 0.5, 

exceeding that obtained from any single inference year. Because the relatively coarse Sentinel-2 resolution 

can confuse constructed pads with bright roads or natural surfaces, footprints near attributed methane 

plumes were additionally reviewed and corrected through a human-in-the-loop quality-control step.  

Finally, detected polygons were spatially intersected with external oil and gas infrastructure databases, 

including Enverus and the Oil and Gas Infrastructure Mapping database31, to attach facility metadata such 

as facility identity, operator, operating status, and reported infrastructure type. Source database labels were 

incorporated into the facility classes used in this analysis: well sites, compressor and gathering stations, and 

gas processing plants. Where multiple records or categories intersected a polygon, gas processing plant 
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classifications were given precedence, followed by well-site classifications and then compressor or 

gathering classifications. Polygons without sufficiently reliable class information were retained as 

unclassified and excluded from class-specific analyses.  

 

Figure S3 Example holdout test image. Left): Sentinel-2 RGB imagery. Right): Sentinel-2 RGB imagery 

with annotations (dark blue) and predicted polygons (teal) overlayed. Some predictions correctly identify 

single blocks for footprints as seen in the basemap, yet truth annotations are labeled as separate detections 

due to using high-res data to construct them.  
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S3 Plume-Facility Attribution Model 

 

Plume detections were attributed to candidate facility footprints using a probabilistic method. Let 

𝑝(𝑥, 𝑦) denote the normalized spatial probability density of the plume origin and let 𝑓𝑖(𝑥, 𝑦)  be the binary 

footprint mask for candidate facility i, equal to one inside the mapped facility boundary and zero elsewhere. 

For each candidate facility, we calculated an area-normalized overlap score, 

𝑆𝑖  =  
∫ 𝑝(𝑥,𝑦)𝑓𝑖(𝑥,𝑦)𝑑𝑥 𝑑𝑦

∫ 𝑓𝑖(𝑥,𝑦)𝑑𝑥 𝑑𝑦
(𝑆1)     

Where the integration was over the high-probability plume-origin region 𝑅 used for attribution. The facility 

attribution probability was obtained by normalizing the scores across all candidate facilities, 

𝑃i  =  
𝑆i

∑ 𝑆j 
(𝑆2) 

   The area normalization prevents larger facility footprints from receiving greater attribution probability 

solely because they cover more pixels. The integration region R was defined as the smallest region 

containing the most probable 80% of the plume-origin probability mass, thereby scaling the attribution 

domain to the spatial uncertainty of each plume-origin estimate. This avoids averaging over large areas 

with negligible plume-origin probability, which can otherwise bias area-normalized overlap scores when 

the predicted origin region is small relative to the facility footprints. Facilities that did not intersect R were 

assigned zero attribution probability. Each plume was attributed to the facility with the largest resulting 

attribution probability, with the following conditions: the plume origin function had to be sufficiently 

peaked, max(𝑝(𝑥, 𝑦)) > 0.2, to discriminate against overly uncertain plume origin estimation (indicating, 

for example, from dis-attached or orphaned plumes); there had to be sufficient overlap between the plume 

and all facilities in the observation, ∑ 𝑃𝑖𝑖 > 0.05; there had to be a sufficient difference in attribution 

probability between the most likely 𝑃𝐼 and second most likely 𝑃𝐼𝐼 facility, 
𝑃𝐼

𝑃𝐼𝐼
> 1.5. Plumes that did not 

meet these criteria were excluded from the analysis. 
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S4 Per-observation POD 

 

The probability of detection (POD) for a methane point-source imager such as GHGSat is the 

probability that an emission with rate 𝑄will be detected. Importantly, the POD depends on both 

observational conditions (i.e. the wind speed 𝑢 that a plume is emitted into, the methane column density 

error 𝛿Ω𝐶𝐻4
 in the local area, and the spatial resolution 𝑔𝑠𝑑), as well as the inspection conditions, i.e., the 

effective scrutiny applied when assessing whether a plume is present at a given location. 

GHGSat’s POD has been estimated using two main approaches: (i) controlled-release measurement 

campaigns, including internal studies 25,32 and a single-blind, independently organized study 24; and (ii) 

inference from emission-rate distributions 33. Each approach has limitations. Controlled-release analyses 

typically parameterize POD primarily as a function of 𝑄 (and sometimes 𝑢), but do not explicitly capture 

dependence on 𝛿ΩCH4
, and they reflect enhanced inspection attention because the source location is known 

a priori. Conversely, the emission-rate distribution approach uses large volumes of operational detections 

(e.g., a full year in the oil-and-gas sector) to estimate POD under average observational and inspection 

conditions, but does not resolve how the POD varies with 𝑢, 𝛿ΩCH4
, or GSD. 

Here, we estimate the following per-observation POD function: 

𝑃𝑂𝐷(𝑄; 𝜽𝒐; 𝜽𝑰) =
1

2
(1 + erf (

log(𝑧(𝑄; 𝜽𝒐)) − 𝜇𝐼

𝜎𝐼
)) (S3) 

where 𝜽𝒐 = (𝑔𝑠𝑑, 𝑢, 𝛿Ω𝐶𝐻4
) is the observation condition parameter vector, 𝜽𝑰 = (𝜇𝐼 , 𝜎𝐼) is the inspection 

condition parameter vector, and the dimension-less plume signal-to-noise function 𝑧(𝑄; 𝜽𝒐) is given by: 

𝑧(𝑄; 𝜽𝒐) =
𝑄

𝑔𝑠𝑑 ⋅ 𝑢 ⋅ 𝛿Ω𝐶𝐻4

(𝑆4) 

with all quantities expressed in SI units. If the more commonly used units 𝑄 [kg h-1], 𝑔𝑠𝑑 [m], 𝑢 [m s-1], 

and 𝛿Ω𝐶𝐻4
 [mol m-2], this becomes  

𝑧(𝑄; 𝜽𝒐) =
𝑄

3.6 ⋅ 𝑀𝐶𝐻4
⋅ 𝑔𝑠𝑑 ⋅ 𝑢 ⋅ 𝛿Ω𝐶𝐻4

(𝑆5) 
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Where 𝑀𝐶𝐻4
=16.04 g mol-1 is the molar mass of methane. This form follows directly from dimensional and 

physical considerations. It was originally introduced in Ref 34, but has also appeared with some variation in 

Refs 26,35. For some representative values of (𝜽𝒐, 𝜽𝑰), Equation (1) produces a smooth function with low 

detection probability at small 𝑄 and near-certain detection at large 𝑄, as expected. 

The observation condition parameter vector 𝜽𝒐 = (𝑔𝑠𝑑, 𝑢, 𝛿Ω𝐶𝐻4
) comprises the spatial resolution 

𝑔𝑠𝑑, wind speed 𝑢, and methane column density error 𝛿Ω𝐶𝐻4
. For the 𝑔𝑠𝑑, we assume a constant ground 

sampling distance of 𝑔𝑠𝑑=30 m. While GSD varies modestly with viewing geometry and target altitude, 

these effects are typically small (<10%) for the observations considered here. 

 Wind speed 𝑢 is sampled at the center of each observation (target latitude/longitude). The methane 

column density error is defined as 

𝛿Ω𝐶𝐻4
= ⟨ΔΩ𝐶𝐻4

⟩
𝜎𝑘

|(𝜓,𝜙) (𝑆6) 

where ΔΩ𝐶𝐻4
 is the per-pixel posterior uncertainty estimated from the methane column density 

retrieval. The operator ⟨… ⟩𝜎𝑘
represents two-dimensional Gaussian filtering with kernel width 𝜎𝑘= 5 pixels, 

and the filtered error field is evaluated at the lat/lon location of interest (𝜓, 𝜙) (e.g. a facility location). We 

apply this spatial filtering to reflect the fact that methane plumes are spatially correlated enhancements. 

Consequently, the error relevant for detecting a small plume is the correlated retrieval uncertainty at low 

emission rate plume length scales, rather than pixel-scale noise. 

We estimate the inspection condition parameter vector 𝜽𝑰 = (𝜇𝐼 , 𝜎𝐼) by fitting the measured 

emissions rates to an underlying emission rate distribution, similar to what was done in Ref 33. Let 𝑸 =

{𝑄1, 𝑄2, … , 𝑄𝑁} be the detected emission rates. The probability density distribution of a detected emission 

𝑄𝑖 is 

𝑓(𝑄𝑖|𝜽𝒐; 𝜽𝑰) =
𝑃𝑂𝐷(𝑄𝑖; 𝜽𝒐; 𝜽𝑰)𝜌(𝑄𝑖)

𝑍
(𝑆7) 

and, correspondingly, the likelihood of detecting the emission rates 𝑸 is given by the product of these terms 

ℒ(𝜽𝑰| 𝑸) = ∏ 𝑓(𝑄𝑖|𝜽𝒐; 𝜽𝑰)
𝑁

𝑖=1
. (𝑆8) 

Here, the underlying true emission rate density distribution is modelled as a lognormal 

𝜌(𝑄) =
1

𝑄𝜎𝑘√2𝜋
𝑒

−
(ln(𝑄)−𝜇𝑃𝐷𝐹)2

2𝜎𝑃𝐷𝐹
2

(𝑆9) 
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With parameters (𝜇𝑃𝐷𝐹 , 𝜎𝑃𝐷𝐹) = (−6.72 + log(1000) , 2.56) fixed at the values found in 33(for emission 

rates expressed in units of kg h-1); and the normalization constant 𝑍 = ∫ 𝑃𝑂𝐷̅̅ ̅̅ ̅̅ (𝑄)𝜌(𝑄)𝑑𝑄
∞

0
is defined using 

the average POD over all detections 𝑃𝑂𝐷̅̅ ̅̅ ̅̅ (𝑄) =
1

𝑁
∑ 𝑃𝑂𝐷(𝑄𝑖; 𝜽𝒐;𝒊; 𝜽𝑰). 

 After maximizing the likelihood, we estimate the inspection condition parameters over all O&G 

sector detections in 2024 to be 𝜽𝑰 = (𝜇𝐼 , 𝜎𝐼) = (2.022,0.691).  
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S5 Instantaneous plume emission rate and wind speed uncertainty 

 

The wind speed uncertainty 𝑓𝑢(𝑢|𝑢𝑖) can be modelled as a Gaussian: 

𝑓𝑢(𝑢|𝑢𝑖) = 𝒩(𝑢; 𝑢𝑖, 𝜎𝑢
2) =

1

√2𝜋𝜎𝑢
2

𝑒
−

(𝑢−𝑢𝑖)2

2𝜎𝑢
2

(𝑆10) 

And similarly for the emission rate: 

𝑓𝑞(𝑞|𝑞𝑖) = 𝒩(𝑞; 𝑞𝑖, 𝜎𝑞
2). (𝑆11) 

A reality is that the emission rate depends on the wind speed via the integrated mass enhancement (IME) 

equation 36 

𝑞𝑖 =
𝐼𝑀𝐸𝑖 ⋅ 𝑈𝑖;𝑒𝑓𝑓

𝐿𝑖

(𝑆12) 

Where 

𝑈𝑖;𝑒𝑓𝑓 = 𝑎0
′ + 𝑎1

′ 𝑢𝑖 (𝑆13) 

And 𝑢𝑖 = 𝑈10 is the 10-m wind speed from the meteorological reanalysis prediction with  {𝑎0
′ , 𝑎1

′ } the IME 

equation coefficients. We could rewrite Eq. S12 as  

𝑞𝑖 = 𝑎𝑖;0 + 𝑎𝑖,1𝑢𝑖 (𝑆14) 

With 𝑎𝑖;0 = 𝐼𝑀𝐸𝑖 ⋅ 𝑎0
′ /𝐿𝑖 and 𝑎𝑖;1 = 𝐼𝑀𝐸𝑖 ⋅ 𝑎1

′ /𝐿𝑖. There are two contributions to the instantaneous 

emission rate error: one from wind speed and one from identifying the IME: 

𝛿𝑞𝑖
2 = (

𝜕𝑞𝑖

𝜕𝑢𝑖
)

2

(𝜎𝑢)2 + (
𝜕𝑞𝑖

𝜕𝐼𝑀𝐸𝑖
)

2

(𝜎𝐼𝑀𝐸)2 = (
𝜕𝑞𝑖

𝜕𝑢𝑖
)

2

(𝜎𝑢)2 + 𝑏2 (𝑆15) 

Where 𝑏2 = (
𝜕𝑞𝑖

𝜕𝐼𝑀𝐸𝑖
)

2
(𝜎𝐼𝑀𝐸)2 is the IME error contribution.  

Therefore, in the absence of wind error, we still have an emission rate error 𝜎𝑞
2 = 𝑏2. However, when 

there is a true wind speed 𝑢 that differs from the estimated wind 𝑢𝑖, we can make this explicit by rewriting 

Eq. S14 as 

𝑞𝑖 = 𝑎𝑖;0 + 𝑎𝑖,1𝑢𝑖 = 𝑎𝑖;0 + 𝑎𝑖,1𝑢 + 𝑎𝑖,1(𝑢𝑖 − 𝑢) = 𝑄 + 𝑎𝑖,1(𝑢𝑖 − 𝑢) (𝑆16) 
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Where we have made the substitution 𝑄 = 𝑎𝑖;0 + 𝑎𝑖,1𝑢 for the true emission rate. We can then rewrite 

Equation S11 as 

𝑓𝑞(𝑄|𝑞𝑖) = 𝒩(𝑞; 𝑞𝑖, 𝜎𝑞
2) = 𝒩(𝑞; 𝑄 + 𝑎𝑖,1(𝑢𝑖 − 𝑢), 𝑏2). (𝑆17) 
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S6 Posterior sampling 

 

Posterior sampling was performed independently for each facility-year using a random-walk 

Metropolis-Hastings algorithm. Because the emission-state probability vector 𝐩 = (𝑝0, … , 𝑝𝐾)is 

constrained to the simplex, we represented it using an unconstrained logit vector 𝜽 and the softmax 

transformation

𝑝𝑘 =
exp(𝜃𝑘)

∑ exp𝐾
𝑙=0 (𝜃𝑙)

. (𝑆18) 

The posterior probability of a candidate state was evaluated after transforming 𝜽 to 𝐩, using the detection-

aware likelihood described in the main text together with the class-level prior. The sampler was initialized 

at the class-level prior distribution. 

 At iteration 𝑡, a candidate state was generated using an isotropic Gaussian random-walk proposal, 

𝛉∗ = 𝛉(𝒕) + 𝑠𝛆 (𝑆19) 

Where 𝛆 ∼ 𝒩(𝟎, 𝐈) and 𝑠 is the proposal step size. Because the proposal was symmetric, the candidate 

was accepted with probability 

𝐴 = min {1, exp [ℓ(𝛉𝑗
∗) − ℓ (𝛉𝑗

(𝑡)
)]} , (𝑆20) 

where ℓ(𝜽)denotes the log posterior evaluated using the corresponding softmax-transformed probability 

vector. Only differences among the logits affect 𝐩, because the softmax transformation is invariant to 

addition of a common constant to all components. 

Three independent chains were run for each facility-year using independently generated random 

seeds. Each chain comprised 2,000 burn-in iterations followed by 4,000 sampling iterations, from which 

every second sample was retained, yielding 2,000 retained draws per chain and 6,000 combined posterior 

draws per facility-year. The proposal step size was initialized at 2.0 and adapted during the first 1,000 

iterations toward an acceptance rate of approximately 0.30. Retained samples from the three chains were 

combined to calculate posterior summaries of the emission-state probabilities, annual mean emission rate, 

and large-emitter persistence.  



 

 

THIS IS A NON-PEER-REVIEWED PREPRINT SUBMITTED TO EARTHARXIV 

 

 38 

S7 Dirichlet Concentration Parameter 

 

For each facility class, the empirical prior was defined by a class-level target distribution, 𝐩‾𝑔, and 

a concentration parameter, 𝜆𝑔, that controls the degree of shrinkage toward that target. The target 

distribution was estimated from the pooled 2023-2025 observation histories using detection-probability-

corrected counts, as described in the main text. To estimate 𝜆𝑔, we first constructed provisional facility-

level emission-state probability vectors, 𝐩̂𝑗 = (𝑝̂𝑗0, … , 𝑝̂𝑗𝐾), for facilities with at least five valid 

observations. These provisional estimates used both detections and non-detections, with non-detections 

constraining positive emission states according to the observation-specific detection probabilities. For each 

emission state 𝑘, the observation-count-weighted class mean was calculated as 

𝑝‾𝑔𝑘 =
∑ 𝑛𝑗𝑗∈𝑔 𝑝̂𝑗𝑘

∑ 𝑛𝑗𝑗∈𝑔
, (S21)   

And the between-facility variance was calculated as 

𝑣𝑔𝑘 =
∑ 𝑛𝑗𝑗∈𝑔 (𝑝̂𝑗𝑘 − 𝑝‾𝑔𝑘)

2

∑ 𝑛𝑗𝑗∈𝑔
. (𝑆22) 

The concentration parameter was then estimated by matching this empirical variance to the 

marginal variance of a Dirichlet component. Using the standard approximation 

Var(𝑝𝑗𝑘) =
𝑝‾𝑔𝑘(1 − 𝑝‾𝑔𝑘)

𝜆𝑔 + 1
, (𝑆23) 

the state-specific concentration estimate is 

𝜆̂𝑔𝑘 =
𝑝‾𝑔𝑘(1 − 𝑝‾𝑔𝑘)

𝑣𝑔𝑘
− 1. (𝑆24) 

States with near-zero or near-one mean probabilities, negligible empirical variance, or non-positive 

concentration estimates were excluded, and the final concentration parameter was taken as the median of 

the remaining state-specific estimates, 

𝜆̂𝑔 = median𝑘(𝜆̂𝑔𝑘). (𝑆25) 
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We found values of 8.6 and 3.2 for 𝜆̂𝑔 for compressor/gathering stations and gas processing plants, 

respectively. The resulting Dirichlet parameters were defined as 

𝛼𝑔𝑘 = 1 + 𝜆̂𝑔𝑝‾𝑔𝑘 , (𝑆26) 

Larger values of 𝜆̂𝑔 imply stronger shrinkage toward the class-level target distribution, whereas 

smaller values allow individual facility observation histories to exert greater influence on the posterior.  
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S8 Estimation Precision as a function of number of observations and detections 

 

Figure S2 illustrates how the precision of facility-level annual emission estimates depends on the 

number of plume detections and total observation opportunities. Precision is summarized by 

𝑧 = 3.92
𝑄̅

𝑄97.5−𝑄2.5
(𝑆27) 

Where 𝑄̅ is the mean estimate and [𝑄2.5, 𝑄97.5] the bounds of the 95% credible interval. Larger values of 𝑧 

indicate a narrower 95% credible interval relative to the posterior mean, and 𝑧 = 1 corresponds to a mean 

being approximately one standard deviation from zero. For both compressor and gathering stations and gas 

processing plants, facilities with no detections generally had (𝑧 < 1), indicating that their uncertainty 

intervals were broad relative to the estimated emission rate. A single detection typically increased precision, 

while facilities with two or more detections generally had (𝑧 > 1) and progressively narrower relative 

uncertainty. The number of total observations had a weaker secondary influence: for a given number of 

detections, facilities with more observation opportunities tended to have somewhat better-constrained 

estimates, particularly because repeated non-detections provide additional information on the frequency of 

positive emission states. Nevertheless, the number of detections was the dominant predictor of estimate 

precision, and substantial scatter remained because precision also depends on the detected emission rates, 

their uncertainties, and the observation-specific probabilities of detection. 

 

 

Figure S4: Emission estimate significance as a function of number of detections and observations. 

 


