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Abstract: Methane emissions from energy sector facilities (oil, gas, and coal) represent a 

significant contribution to global greenhouse gas emissions with substantial mitigation potential. 

We estimate global 2023 methane emissions from energy sector point-sources using the high 

spatial resolution GHGSat satellite constellation. GHGSat detected 8.30±0.24 Mt yr-1 of 

methane emissions from 3,114 attributed emission sites. Detected O&G and coal emitting sites 20 

are found to be emitting 15% and 48% of the time, respectively, without significant continental 

variation. When comparing to the Global Fuel Exploitation Inventory (GFEIv3), GHGSat’s 

facility-level estimates comprise 12% of GFEIv3’s total emissions, or 24% over locations that 

GHGSat observed at least once, with good spatial correlation at the country scale but only weak 

spatial correlation at 0.2∘ x 0.2∘ grid cell scale.  25 
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Main Text  

Introduction 

Methane is the second-most important contributor to global warming behind CO2. The 

majority of methane emissions originate from anthropogenic sources (1) with a significant share 

of these emissions coming from so-called point-sources – i.e. sources with localized emitting 5 

areas commensurate with facility size (order ~100 m). The GHGSat satellite constellation 

combines high spatial resolution (~25 m), good sensitivity (~100 kg hr-1 detection limit), and 

good coverage (2.4 million square km observed in 2023), allowing for attribution of a substantial 

fraction of emissions to their point of origin, as well as the revisit frequency to reveal temporal 

emissions behaviour. Here, we estimate 2023 annual emissions and the average emission 10 

persistence of energy sector point-source emission sites across the globe. The 2023 annual 

emission estimates are made available at 0.2∘ x 0.2∘ gridded spatial resolution. 

Methane emissions from the energy sector – O&G and coal – have been estimated from 

both bottom-up inventories and top-down measurements (2–20). Bottom-up emission estimates 

typically use ground-based measurements from a small sample of emission sources. Top-down 15 

emission estimates, on the other hand, estimate emissions from atmospheric measurements of the 

methane concentration, typically using aircraft and satellite mounted instruments. Bottom-up 

estimates are based on knowledge of the underlying activity or process that produces the 

emission and are therefore indirect estimates of actual methane emissions, and have trouble 

predicting unexpected emissions and temporal variations. Top-down emission estimates are a 20 

more direct estimate of methane emissions, but have typically been limited either in spatio-

temporal coverage (e.g. aircraft campaigns conducted over the span of weeks in a certain region 

(6, 7, 10, 11, 21)) or, if they have more extended spatial coverage and correspondingly coarser 

spatial resolution (e.g. area flux mappers like TROPOMI), can only coarsely attribute point-

source emissions (22), or employ inversion techniques that require prior information about 25 

emission locations (2, 3). Recently, hybrid top-down bottom-up inventories have been developed 

for some O&G producing regions (23–25). A comparison of top-down and bottom-up estimates 

at different scales can improve our understanding of the process and methods used to produce 

both estimates. 

Emission estimates from satellite point-source and multispectral imagers (e.g. GHGSat, 30 

Carbon Mapper, PRISMA, EnMAP, EMIT, Sentinel-2, Landsat) are able to directly attribute 
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emissions on the ~100 m scale (10, 13, 17, 26–30). They will, however, miss small or diffuse 

emissions below the instrument’s detection limit (GHGSat has a 50% probability of detection of 

117 kg/hr at 3 m/s wind speed (31, 32)). Because of the fundamental trade-off between spatial 

resolution and coverage, a large constellation of point-source imagers is required to approach the 

spatiotemporal coverage capabilities of a single area flux mapper. A constellation of point-source 5 

imagers can achieve near-daily snapshot measurements of a source, building a time series of 

emissions. As methane sources in the energy sector can be highly variable, estimating the 

average emission rate from a given location over a period of months or years requires that 

multiple snapshot satellite measurements taken over extended time periods be aggregated. We 

construct an emission time series of a site via a spatial aggregation procedure: if an (O&G, coal) 10 

plume has an estimated origin location that is within (300 m, 2 km) of another plume detected at 

a different time, we deem the plumes to be originating from the same location or site. We let the 

distance criteria be sector-specific to account for the fact that, for example, a coal site may emit 

from distributed locations within its kilometer-scale site footprint whereas emissions from an 

O&G site tend to occur from localized infrastructure. The coal mining sector encompasses both 15 

localized vent emissions – of which there may be multiple distributed over the surface of the 

underground mining operations - and more spread-out open pit mine emissions. Figure 1 shows 

examples of detected plumes from O&G and coal sites. The Materials and Methods section 

describes that spatial aggregation procedure in more detail. Observations in which no plumes 

were detected at a site are also included in the emission time series using knowledge of the 20 

observation coverage footprint. 

Our annualized point-source emission estimate relies on an estimate of the emitting site’s 

emission persistence – the fraction of observations in which a plume is detected at the location. 

In this way, we present sector and continent resolved site persistence distributions. We compare 

the GHGSat emission estimates to the most recent global spatially gridded energy sector 25 

methane inventory – the recently updated Global Fuel Exploitation Inventory (GFEIv3)(33) - at 

the spatial resolution of GHGSat measurement domains, as well as at the national and global 

level, providing a unique picture of emissions from the energy sector that is complementary to 

other top-down and bottom-up estimates. As GFEIv3 country-scale emissions align with the 

national inventories reported to the UNFCCC, our comparison at the country-scale has 30 

implications for these policy-relevant inventories. 



 

4 

 

Temporal Emissions Behaviour 

The results presented in this paper are derived from 32,928 clear-sky observations, 

14,137 of which were taken over O&G or coal sites that were observed to be emitting by 

GHGSat in 2023. A total of 11,419 detected plumes have been attributed to 3,114 distinct O&G 

or coal sites alongside “null” observations of these sites in which the site was observed in clear-5 

sky conditions, but no plumes were detected. On average, GHGSat made (26,17) observations – 

median of (19, 12) observations - of each emitting (O&G, coal) site during 2023. The average 

clear-sky revisit time was (10, 16) days – median (5,8) days - for each emitting (O&G, coal) site. 

A calculation of the temporal autocorrelation of our 2023 site observations (see supplementary 

materials) shows a slowly decreasing probability of having observed a site as a function of the 10 

time between observations, without noticeable periodicity or other temporally correlated 

features. In many cases, multiple sites were observed within the same observation footprint. See 

the supplementary materials for a summary of GHGSat measurement details. 

The persistence quantifies the fraction of site observations in which a plume is detected at 

a given location.  We use an estimated persistence measure (see Materials and Methods) to 15 

account for the sampling bias that occurs when only a few observations of an emitting site have 

been taken. An emitting site is a site in which at least one emission was detected in 𝑁 

observations. The observed persistence for an emitting site where emissions have been detected 

in 𝑀 observations is 𝑀/𝑁, which is an unreliable estimate when either 𝑀or 𝑁 is small, 

especially for the case of intermittent emitters (𝑀 ≪ 𝑁). We therefore use an estimated 20 

persistence measure ⟨�̂�⟩ = ⟨𝑝𝑜(𝑥)𝑝𝑝(𝑥)⟩ which is defined as the mean of the joint probability 

distribution between the observed 𝑝𝑜(𝑥) and prior 𝑝𝑝(𝑥) persistence probability distributions. 

The prior persistence distributions are constructed on a per-sector and per-continent basis from 

sites that have been observed at least 10 times. Not only does the estimated persistence provide 

temporal information about sector emissions it is also used to estimate the time-averaged 25 

emission rate of a site �̂� = ⟨�̂�⟩⟨𝑄𝑞≠0⟩, with ⟨𝑄𝑞≠0⟩ being the average emission rate of the 

detected plumes.  

The estimated persistence distributions of sites where GHGSat has detected at least one 

emission are shown in Figure 2. Figure 2a and 2b show the O&G and coal persistence 

distribution for each continent, respectively, and Figure 2c shows the average persistence 30 

distribution for each sector globally. Figures 2a and 2b suggest that a site’s sector is more 
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indicative of its persistence than the continent it is located in: for both O&G and coal, the 

persistence distributions are largely similar across continents where at least 𝑛=5 or more sites 

have been included in the average. Figure 2c shows that O&G sites are much more intermittent 

(i.e. less persistent) than coal sites: the average estimated persistence is 0.15 for O&G compared 

to 0.48 for coal. This means that plumes above GHGSat’s ~100 kg hr-1 detection limit are 5 

detected from emitting O&G sites in just 15% of observations, compared to 48% of emitting coal 

sites. We also note the flat persistence distribution of coal sites: GHGSat satellites are 

(approximately) equally as likely to observe a very persistent source as they are to observe a very 

intermittent or semi-persistent source. Our coal persistence estimates are consistent with in situ 

studies of individual coal ventilation shafts where emission rates were found to vary 10 

significantly, including down to negligibly small magnitudes (34, 35)  

 The measured intermittency of the O&G sector is consistent with the periodic 

maintenance, leak and repair events that are specific to the sector (36, 37). A remote sensing 

measurement campaign conducted over the course of 3 months with the AVIRIS-NG aircraft 

instrument in the Permian basin found O&G sources to be intermittent (6) (66% of detected 15 

sources had a persistence of 0.25 or less). This is consistent with our results (approximately 80% 

of emitting O&G sites with persistence <20%), accounting for the fact that the persistence 

distribution estimated from an instrument with higher detection limit will in general be lower 

(38). The estimated persistence distribution can also depend on the timescale over which 

observations are aggregated: an AVIRIS-NG study that aggregated results from a series of 20 

campaigns found that the site persistence distributions evolved from approximately flat to bi-

modal when lengthening the aggregation time period from weeks to a year (7).   

 The fact that O&G site emissions tend to be more intermittent than coal site emissions 

has implications for the temporal coverage required of each sector to detect emissions. Given 

that the probability of detecting an emission from a source with persistence 𝑝 in 𝑁 observations 25 

is 1 − (1 − 𝑝)𝑁 , assuming binomial emissions behaviour (39), it would take ~14 observations to 

have a 90% chance of detecting an emission from these O&G sites above GHGSat’s detection 

limit compared to only ~4 observations for a coal emission. Similarly for the quantification 

uncertainty of the time-averaged site emission rate estimate: it requires many more observations 

of an intermittent emitter to estimate the site emission rate to the same level of statistical 30 

precision as a more persistent site.  
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We further investigate the temporal behaviour of O&G and coal emissions by calculating 

the temporal autocorrelation function of detected emissions. We find (see supplementary 

materials) that the probability of detecting an emission at time 𝜏 after having previously detected 

an emission is approximately constant, and similar to the average persistence value for each 

sector, for all 𝜏, with the potential exception of O&G sites which seem to have an elevated 5 

detection probability at small 𝜏. That is, detected emissions largely appear randomly distributed 

in time within statistical fluctuations, with the possible exception O&G sites which may exhibit 

temporally correlated emission behaviour over the timescale of days-to-weeks.  

Comparing GHGSat estimated emissions with GFEI 

We present the spatial distribution of GHGSat observations and estimated emissions at 10 

0.2∘ x 0.2∘ resolution. This spatial gridding approach is chosen because the 0.2∘ x 0.2∘ resolution 

is approximately equal to the area of a GHGSat retrieval domain, and it allows for a comparison 

to the spatially gridded GFEIv3 inventory. The GHGSat estimated flux in a grid cell with center 

lat/lon coordinates (𝜆, 𝜙) is calculated by summing all estimated site emissions �̂� that are located 

within (𝜆 ± 0.1∘ , 𝜙 ± 0.1∘), and then dividing by the area that a particular grid cell 15 

encompasses. A map of gridded GHGSat emission estimates is shown in Figure 3 for selected 

regions.  

GHGSat estimated emission fluxes are compared with the GFEI inventory over three 

different spatial scales: globally, country level, and grid-cell level. A map of the difference 

between GHGSat and GFEIv3 estimated emissions is shown in the supplementary materials. The 20 

total GHGSat emissions estimate is �̂�𝑡𝑜𝑡= 8.30±0.24 Mt yr-1, with 5.80±0.23 Mt yr-1 attributed 

to O&G sites and 2.50±0.06 Mt yr-1 attributed to coal sites. The GHGSat estimated total 

represents 11.7% of the total GFEIv3 estimated emissions (74.3 Mt yr-1 = 43.7 Mt yr-1 O&G + 

30.7 Mt yr-1 coal). However, given that the GHGSat constellation only has partial coverage of 

locations where GFEIv3 predicts emissions to be originating from, we also compare GHGSat 25 

measured emissions to GFEIv3 only at locations where GHGSat had made at least one successful 

observation (without necessarily detecting an emission). At these GHGSat observed locations, 

the GHGSat estimated total represents a larger fraction of the GFEIv3 predicted emissions: 35% 

of the GFEIv3-predicted 16.4 Mt yr-1 for O&G and 14% of the GFEIv3-predicted 17.8 Mt yr-1 

for coal, and 24% of 34.1 Mt yr-1 for both combined. If we assume that the cumulative GFEI 30 
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emissions predicted at the GHGSat observed locations were accurate, then the GHGSat 

measured emission fractions could be interpreted as the fraction of emissions observable above 

GHGSat’s ~100 kg hr-1 detection limit. This would be roughly consistent with a Permian basin 

measurement study conducted using an instrument with a 90% probability of detection of 2 kg 

hr-1 (38) that estimated that fewer than 35% of total emissions originate from sources above 100 5 

kg hr-1. However, it should be noted that national top-down emission estimates using TROPOMI 

measurements were consistently larger than the 2019 GFEIv2 estimates (2). 

In comparing GHGSat estimated emission totals to GFEIv3 at GHGSat observed 

locations, there is the tacit assumption GFEI is accurate in aggregate. To examine this further, we 

compare GFEI emission estimates to those from GHGSat at GHGSat-observed locations at both 10 

individual grid cell resolution, as well as for multiple grid cells aggregated within a country. 

Figures 4a and 4b show a comparison of GHGSat national emission estimates with those from 

GFEI, either for the country total (solid points) or only at GHGSat-observed aggregated locations 

in-country (open points). Qualitatively, we observe a correlation between emission rates 

predicted by GFEI and those estimated by GHGSat, though the correlation is stronger for the 15 

coal sector than for O&G. The correlation can be quantified with both a standard, and emission 

error-weighted, Pearson correlation coefficient. When calculating the error-weighted correlation 

coefficient (see Materials and Methods), we use the GHGSat estimated error to weight GHGSat 

emission estimates and assume zero error for GFEIv3 estimates (as none are provided). 

Furthermore, because the GHGSat emission error estimate is only defined for locations with non-20 

zero emissions, we only calculate error-weighted correlations over locations with non-zero 

emissions. The standard correlation coefficients are (0.504, 0.967) for the (O&G, coal) sectors, 

whereas the error-weighted correlation coefficients are (0.294, 0.714) for the (O&G, coal) 

sectors. For context, a correlation coefficient of (-1,0,1) would indicate (perfect anti-correlation, 

zero correlation, perfect correlation) between variables. Therefore, we observe strong correlation 25 

for the coal sector between GHGSat emission estimates and GFEIv3 at the country-aggregated 

scale, and moderate correlation for the O&G sector. The correlations are slightly reduced when 

using an error-weighted correlation metric, suggesting that the more reliable a GHGSat emission 

estimate is, the less correlated it is with a GFEIv3 estimate, possibly due to the repeated targeting 

of outlier locations where large emissions were detected. 30 

We also investigate the correlation between GHGSat and GFEIv3 at the resolution of 

individual 0.2∘ x 0.2∘ grid cells (see Figure 5). The correlation is much weaker compared to the 
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country-aggregated total, with the standard and error-weighted Pearson correlation coefficients 

equal to (0.224, 0.243) and (0.183, 0.233), respectively, for the (O&G, coal) sectors. That is, the 

correlation between GHGSat and GFEIv3 estimated emissions is weak-to-negligible at the level 

of individual grid cells, and with similar values between the O&G and coal sectors. Maps 

comparing GHGSat and GFEIv3 gridded emission predictions are shown for selected countries 5 

in the supplementary materials. 

Discussion 

We have produced the first global gridded estimate of annual emissions from measured 

O&G and coal point sources, enabled by the GHGSat constellation. This annual gridded estimate 

can help provide a basis for emissions reporting. The GHGSat gridded emission estimates rely 10 

on both detected emissions as well as clear-sky non-detections at emission sites via an estimated 

emissions persistence measure that is informative in its own right: the estimated persistence can 

inform how frequently a site should be monitored to more accurately detect and quantify its 

emissions (higher frequency temporal coverage is required for more intermittent emitters); it can 

be used to constrain an estimate of the average duration of emission events; it can reveal 15 

information about operational procedures that may affect emissions, and how they may vary 

between sectors, regions, season, or even time-of-day; and it can provide bottom-up inventory 

estimates with novel temporal information with which to better account for emissions. We have 

shown good agreement between the GHGSat and GFEIv3 coal emission estimates for at the 

national level, and moderate-to-weak agreement for national O&G emissions, but weak-to-poor 20 

agreement at the spatial resolution of individual 0.2∘ x 0.2∘ grid cells for both O&G and coal 

sectors. This suggests that inventory estimates may have trouble accurately estimating emissions 

at the facility scale. 

In presenting our results, it is important to qualify that the site persistence and emission 

rate estimated by an observing system will depend on the emission rate detection sensitivity of 25 

the system. For instance, an instrument with a better emission rate detection sensitivity will 

generally estimate a larger persistence (5, 13). The persistence and emission estimates of a site 

measured with instruments with different sensitivities can be reconciled using knowledge of the 

site’s emission rate distribution measured using the most sensitive instrument to take advantage 

of the enhanced coverage from a combined instrument system (40). 30 
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The number of satellite methane point-source imagers in orbit is expected to grow in the 

coming years, providing increased spatiotemporal coverage of facility level emissions. Increased 

spatiotemporal coverage will enable more, and more accurate, site emission and persistence 

estimates, as well as the improved ability to constrain the duration of individual emission events. 

However, even a very large constellation of point-source imagers may miss a substantial fraction 5 

of emissions (39). Therefore, there is promise in integrating point-source measurements more 

fully into the larger methane remote sensing ecosystem. For example, point-source 

measurements could help inform emission inversion estimates from coarser spatial resolution 

systems by providing more accurate prior mean and prior covariance estimates (41). Conversely, 

they can provide valuable tip-and-cue information for more sensitive, higher spatial systems (e.g. 10 

airborne and ground-based instruments) for follow-up investigation. The lack of strong per-grid 

cell agreement between GHGSat estimated emissions and the bottom-up GFEIv3 prediction 

suggests that a measurement-informed inventory approach could be beneficial. 

 

 15 
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Fig. 1. Example GHGSat methane plume enhancements. Detected plumes from a a) coal vent, b) 

O&G flare stack, and c) open-pit coal mine. 
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Fig. 2. Average site persistence distributions. a) Persistence distribution for O&G sites by 

continent with the number of sites 𝒏 included in the average annotated. b) Persistence 

distribution for coal sites by continent. c) Persistence distributions for all O&G and coal sites. 

The average of the persistence distributions are indicated with the vertical dashed line: 0.15 for 5 

O&G sites and 0.48 for coal sites. 
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Fig. 3. Map of GHGSat estimated emissions. GHGSat estimated emission fluxes are shown at 

𝟎. 𝟐∘ x 𝟎. 𝟐∘ resolution for selected regions around the globe. Each coloured area represents a 

location where GHGSat has made at least one clear-sky retrieval. 
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Fig. 4. Spatial correlation of emission estimates between GHGSat and GFEIv3. A comparison 5 

between GHGSat and GFEIv3 estimated emissions from O&G (Figure 4a) and coal (Figure 4b.) 

for countries. Solid points denote the GFEIv3 country total whereas open markers denote the 

GFEIv3 total for GHGSat-observed locations. Black dashed lines are the 1:1 lines, grey dashed 

lines show the 0.1:1 lines (i.e. where GHGSat emissions equal 10% of GFEI emissions). 
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Fig. 5. Correlation between GHGSat and GFEIv3 flux estimates at 𝟎. 𝟐∘ x 𝟎. 𝟐∘ grid cell 

resolution for O&G (a.) and coal (b.). The black dashed line is the 1:1 line. 
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Materials and Methods 

 

GHGSat Constellation 

 

GHGSat launched its demonstration satellite, GHGSat-D in June 2016. Since then, it has 

launched 11 commercial methane satellites: GHGSat-C1 in September 2020, C2 in January 

2021, C3-5 in May 2022, C6-C8 in April 2023, and C9 and C11 in November, 2023. All 

GHGSat satellites operate in the same way: solar backscattered radiation is measured by the 

instrument and the light is spectrally filtered using a Fabry-Perot optical cavity (1). The methane 

column density is estimated with 2.0% median precision (2) in targeted 15 x 12 – 15 x 30 km2 

retrieval domains with ~25 m spatial resolution. Plumes are identified in the column density field 

and a semi-automated masking procedure is applied before the source rate estimation is 

performed (3). The plume mask, source rate, time of detection, and estimated emission source 

location are stored, along with the retrieval footprint and other meta information. In the case 

where no plumes have been detected in the retrieval, the stored retrieval domain footprint can be 

used to identify locations that were observed to be not emitting. 

 The GHGSat constellation makes targeted observations of locations around the world. 

The targeting locations are chosen based on a combination of tip-and-cue information from 

TROPOMI (4), Sentinel-2 and Sentinel-3 detections (Varon et al., 2021),(5), information 

provided by ground operators or other associated personnel, commercial requests, time of year, 

weather forecast, among others.  

 The GHGSat measurements presented in this paper were taken during 2023. This is an 

extended time period over which GHGSat had increasing coverage capability with 8 commercial 

satellites in orbit: GHGSat-C1 (launched September 2020), C2 (launched January, 2021), C3/4/5 

(launched May 2022), C6/7/8 (launched April 2023). The data presented here is the result of 

97.7% of our 2023 O&G and coal catalogue. Summary details of GHGSat observations and 

detections are presented in Table S1. No commercial partners had any advance notice or input 

regarding the analysis presented in this paper. 

 

Spatial Aggregation of Detections and Null Observations 

 

In order to attribute plumes with ambiguous origin points to common source locations, we 

perform a spatial aggregation procedure whereby any plume within a specified distance from 

another plume is attributed to the same source location. We choose the aggregation distance to be 

300m for O&G and 2km for coal. The result is a cluster of 𝑀𝑖 plumes that have been attributed to 

site 𝑖. A visual example of how plumes are aggregated into sites is seen in Figure S1 for an 

example region.  

The choice of plume aggregation distance will affect 1) estimated site emission rate, 2) 

the number of distinct sites, and 3) the persistence. In Figure S2, we vary the aggregation 

distance for both the O&G and coal sector to see how these three quantities change. For both 

sectors, increasing the aggregation distance reduces the number of distinct sites and increase the 

average estimated persistence. This is intuitive since the larger the aggregation distance, the 

more plumes aggregated into a common site. The more plumes are aggregated into a common 

site, the greater the persistence since the number of null observations as very insensitive to the 

aggregation distance. The total estimated emissions is not especially sensitive to a change in the 

aggregation distance: changing only ~5% for O&G when the aggregation distance is changed 
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from 100m to 500m , and only ~15% for coal when the distance is changed from 500m to 

3000m. For the results presented in this study, we chose an aggregation distance of 300 m for 

O&G and 2 km for coal. 

 

Estimated Persistence 

 

After the 𝑀𝑖  detected plumes have been have spatially aggregated for site 𝑖, the number 

of “null” detection events for that site are counted – i.e. the number of times each site was 

successfully observed (i.e. a clear-sky observation where a retrieval was successfully performed) 

without a plume being detected. This is done using knowledge of the retrieval measurement 

footprint and a procedure that checks whether site 𝑖 was located inside of it. The inclusion of the 

null observations results in 𝑁𝑖 total observations for site 𝑖. With these 𝑁𝑖 ≥ 𝑀𝑖 total observations, 

we can estimate the average emission rate of each site: 

�̂�𝑖 = 𝑄𝑞≠0;𝑖 ⋅ ⟨�̂�⟩𝑖 (1) 

where  

𝑄𝑞≠0;𝑖 =
∑ 𝑞𝑞≠0;𝑖;𝑗

𝑀𝑖
𝑗=1

𝑀𝑖
 (2) 

is the average of the 𝑀𝑖 non-zero emission rates 𝑞𝑞≠0;𝑖;𝑗 with the 𝑗 index counting the 

observations taken at different times for site 𝑖. Null measurements (i.e. when 𝑞𝑖;𝑗 = 0) are 

included via the estimated site persistence: 

⟨�̂�⟩𝑖 = ∫ 𝑥�̂�𝑖(𝑥)
1

0

𝑑𝑥. (4) 

The estimated site persistence ⟨�̂�⟩𝑖 is the mean of the posterior persistence distribution �̂�𝑖(𝑥) 

which is, in turn, calculated from a prior persistence distribution 𝑝𝑝(𝑥) and the observed site 

probability distribution 𝑝𝑖(𝑥): 
�̂�𝑖(𝑥) = 𝑝𝑝(𝑥)𝑝𝑖(𝑥). (5) 

The observed site probability distribution is modelled as a binomial distribution: 

𝑝𝑖(𝑥) = 𝑥𝑀𝑖(1 − 𝑥)𝑁𝑖−𝑀𝑖 (6) 

With 𝑥 being the persistence variable and the mean of this distribution being the observed site 

persistence ⟨𝑝⟩𝑖 = 𝑀𝑖/𝑁𝑖. The prior probability distributions are constructed on a continent and 

sector-specific basis from sites that have had at least 10 observations. If there are fewer than 10 

sites for a given continent and sector then the global average persistence distribution for a 

particular sector is used. The prior persistence distributions are shown in section S6. 

 For sites with a large number 𝑁𝑖 of observations, the observed site probability 

distribution 𝑝𝑖(𝑥) becomes sharply peaked around ⟨𝑝⟩𝑖, implying ⟨�̂�⟩𝑖 ≈ 𝑀𝑖/𝑁𝑖. Conversely, 

when there are only a few observations at a site, the observed site probability distribution 𝑝𝑖(𝑥) 

becomes quite broad and the prior probability distribution has more influence on the estimated 

site persistence ⟨�̂�⟩𝑖 . 
Figure S3 presents an illustration of how the estimated site persistence is calculated. 

Imagine we have a prior persistence distribution 𝑝𝑝(𝑥) (red bars) with a mean of 0.16. In this 

example, a site from the same sector and continent is measured either 𝑁 = 3 or 90 times, with 

the same observed persistence of 0.33 (i.e. 𝑀=1 or 30, respectively). The binomial distribution 

𝑝𝑖(𝑥) = 𝑥𝑀(1 − 𝑥)𝑁−𝑀 for both cases are peaked at 0.33, but the 𝑁=90 case (black line) is more 

sharply peaked than the 𝑁=3 case (grey line). This results in an estimated persistence ⟨�̂�⟩ that is 

much closer to 𝑀/𝑁 for the 𝑁=90 case (⟨�̂�⟩=0.29) than for the 𝑁=3 case (⟨�̂�⟩=0.19).  
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 We estimate an error 𝛿�̂�𝑖 for the site emission rate as having contributions from both the 

weighted error of the mean of the detected emission rates 𝛿𝑄𝑒;𝑖 and the sampling error 𝛿𝑄𝑠;𝑖: 

𝛿�̂�𝑖 = √𝛿𝑄𝑒;𝑖
2 + 𝛿𝑄𝑠;𝑖

2 . (7)   

The smaller the source rate error on individual emissions, the smaller 𝛿𝑄𝑒;𝑖 will be. The more 

observations for a given site, the smaller 𝛿𝑄𝑠;𝑖 will be. The error contribution from the individual 

source rate error is:  

𝛿𝑄𝑒;𝑖 =
�̂�𝑖

√∑ 𝑤𝑖;𝑗
𝑀𝑖
𝑗

(8) 

 with the weights defined as the inverse of the fractional variance of each measurement:  

𝑤𝑖;𝑗 =
1

(𝛿𝑞𝑞≠0;𝑖;𝑗/𝑞𝑞≠0;𝑖;𝑗)
2

 
(9) 

where 𝛿𝑞𝑞≠0;𝑖;𝑗 is the emission rate error. The error contribution from finite sampling statistics 

is: 

𝛿𝑄𝑠;𝑖 = �̂�𝑖√
1 − ⟨𝑝⟩𝑖

⟨𝑝⟩𝑖𝑁𝑖
. (10) 

 

The total emissions estimate for a given region is the sum of the 𝑘 individual average site 

emission rates in that region: 

�̂�𝑡𝑜𝑡 = ∑ �̂�𝑖

𝑘

𝑖=1
 (11) 

with the total error being equal to the sum of the site errors in quadrature:  

𝛿�̂�𝑡𝑜𝑡 = √∑ (𝛿�̂�𝑖)
2𝑘

𝑖=1
. (12) 

It is important to note that our site emission rate estimate relies on an ergodic assumption 

about our measurement sample. We assume that our measurements are capturing representative 

and unbiased snapshots of the site’s dynamical emission rate behaviour from which we infer an 

average rate. This assumption may be broken due to a number of features of our observation 

system. First is the fact that our satellite instruments can only make measurements during 

daylight hours (usually between 10am – 2pm local time), which may be correlated (or anti-

correlated) with the timing of facility operations that affect emissions. Second, our current ~1 

week revisit period may be incommensurate with the duration of certain emission events. This 

could, for instance, lead to an overestimate of emissions for sites with emission events lasting 

~1hr when a plume was detected (and then implicitly assumed to be emitting for the average 

revisit period of that site) and miss emission events entirely for other similarly emitting sites 

when the satellite overpass was not coincident with emission events.  

We can derive a mathematical framework for how correlated errors could be included, 

should we gain knowledge about these in the future. Let us say that for site 𝑖 our error estimate 

𝛿�̂�𝑖 has not only a random component 𝛿�̂�𝑖;𝑟 defined by Equation 7, but also a correlated 

component 𝛿�̂�𝑖;𝑐, and that these can be added in quadrature (since the random and correlated 

errors are not themselves correlated): 
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𝛿�̂�𝑖 = √(𝛿�̂�𝑖;𝑟)
2

+ (𝛿�̂�𝑖;𝑐)
2

(13) 

 

The total error is then 

𝛿�̂�𝑡𝑜𝑡 = √(𝛿�̂�𝑡𝑜𝑡;𝑟)
2

+ (𝛿�̂�𝑡𝑜𝑡;𝑐)
2

(14) 

 

With the total random error being added in quadrature: 

𝛿�̂�𝑡𝑜𝑡;𝑟 = √∑ (𝛿�̂�𝑖;𝑟)
2𝑘

𝑖=1
(15) 

 

And the correlated error added linearly: 

𝛿�̂�𝑡𝑜𝑡;𝑐 = ∑ 𝛿�̂�𝑖;𝑐

𝑘

𝑖=1
(16) 

 

It is also important to acknowledge that our spatial aggregation method assumes that all 

emissions emanate from distinct methane sources. For the real-world cases where this 

assumption is broken, say for two far-apart plumes from a distributed source such as a pipeline, 

the method described here will count those plumes as coming from two separate sources with 

half the persistence of the actual emissions. But the total emission estimate from the two sources 

combined would be similar, up to the effect that the prior persistence distribution has on the 

estimate. 

 

 

Correlation Coefficient 

 

The standard Pearson correlation coefficient between two vectors 𝑥 and 𝑦 is defined as 

𝑟 =
Cov(𝑥, 𝑦)

√Var(𝑥)Var(𝑦)
(17) 

With the covariance defined as 

Cov(𝑥, 𝑦) = ∑ (𝑥𝑖 − �̅�)(𝑦𝑖 − �̅�)
𝑖

(18) 

 

And the variance defined as 

Var(𝑥) = ∑ (𝑥𝑖 − �̅�)2

𝑖
(19) 

 

With �̅� being the mean of vector 𝑥, and likewise for 𝑦. 

 

In the case where we have an error vector 𝜎𝑦 associated with the vector 𝑦, for example the 

GHGSat emissions estimate, we may calculate and error-weighted correlation coefficient 𝑟. We 

can still use the expression above to calculate 𝑟, but with the following substitutions for the 

covariance:  
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Cov(𝑥, 𝑦) =
∑ 𝑤𝑖(𝑥𝑖 − �̅�)(𝑦𝑖 − �̅�𝑤)𝑖

∑ 𝑤𝑖𝑖

(20) 

 

With the weights 𝑤𝑖 defined as the variance-normalized value to balance the significance and 

reliability of the estimates 

𝑤𝑖 =
𝑦𝑖

𝜎𝑦;𝑖
2 . (21) 

 

The variance Var(𝑦) calculated as 

Var(𝑦) =
∑ 𝑤𝑖(𝑦𝑖 − �̅�𝑤)2

𝑖

∑ 𝑤𝑖𝑖

(22) 

 

with the weighted mean �̅�𝑤 calculated as 

 

�̅�𝑤 =
∑ 𝑤𝑖𝑦𝑖𝑖

∑ 𝑤𝑖𝑖
. (23) 

 

 

GFEIv3 

 

The Global Fuel Exploitation Inventory version 3 (GFEIv3) is a spatially gridded 

inventory that is constructed by disaggregating the nationally reported 2010-2020 UNFCCC 

methane emissions in the O&G and coal sectors to 0.1∘x 0.1∘ resolution using knowledge of 

infrastructure locations within each country (6). GFEIv3 is an update of the GFEIv2 (7) and 

GFEIv1 (8). The GFEIv3 data is provided as a netCDF file with the GFEIv3 O&G emissions 

data used in our analysis defined to be the sum of the ‘Oil_All’ and ‘Gas_All’ data variables, and 

the GFEIv3 coal emissions data given by the ‘Coal’ data variable. GFEIv3 emissions data is 

provided in units of flux (Mg yr-1 km-2). It is binned to 0.2∘x 0.2∘ resolution by taking the mean 

flux value over the four 0.1∘x 0.1∘ grid cells that comprise the binned grid cell and converted to 

an emission rate by multiplying by the area encompassed by that grid cell at its specific latitude 

and longitude. 
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Supplementary Text: 

S1 Plume Map 

The O&G and coal plumes detected by GHGSat in 2023 are shown in Figure S4. These plumes - 

in combination with null observations - are used to estimate spatially gridded fluxes. In many 

locations, large plumes obscure the presence of smaller plumes. In total, there were 11,419 

plumes detected by GHGSat in 2023 from the O&G + coal sectors.  

 

S2 Site observation details 

The distributions of the number of observations per emitting site in 2023 is shown In Figure S5.  

 

S3 Prior Persistence Distribution  

The prior persistence distribution for each continent and sector is shown in Figure S6. 

This prior distribution is used to estimate the persistence for all sites and is especially important 

in accurately estimating the persistence and average emission rate for sites that have been 

observed only a handful of times. The prior persistence distribution only includes sites where we 

have made at least 10 observations. To use a continent-specific prior distribution for a given 

sector, we require there to be at least 10 observations. Otherwise, the globally-averaged 

distribution for a given sector is used. 

 

S4 Temporal Autocorrelation of Observations and Detections 

We investigate the temporal distribution of observations and detections using an 

autocorrelation function. The probability of observing a site, or detecting an emission, a time 𝑡 +
𝜏 after previously observing a site, or detecting an emission, at time 𝑡 at site 𝑖 is given by the 

conditional probability: 

𝑃𝑖(1 at 𝑡 + 𝜏|1 at 𝑡) =
𝑅𝑖(𝜏)

𝑅𝑖(0)
(24) 

 

Where 𝑅𝑢(𝜏) is the uncentered autocorrelation function: 

𝑅𝑖(𝜏) =
∑ 𝑑𝑖(𝑡)𝑘

𝑖 𝑑𝑖(𝑡 − 𝜏𝑗)

𝑘
(25) 

 

And 𝑑𝑖(𝑡) is the either the observation vector (equal to 1 at time 𝑡 if the site was observed, and 0 

if not) or the detection vector (equal to 1 at time 𝑡 if an emission was detected, 0 if the site was 

observed without detecting an emission, and not assigned any value if the site was not observed 

at the time). We discretize time into days – i.e. each subsequent element in the detection vector is 

separated by one day (𝑡𝑖+1 − 𝑡𝑖 = 1 day) – and so 𝑘=365, the number of days in the observation 

period presented in this paper.  

 In Figure S7, we plot the average of 𝑃𝑖(1 at 𝑡 + 𝜏|1 at 𝑡) over 𝑁 sites: 

⟨𝑃(𝜏)⟩ =
1

𝑁
∑ 𝑃𝑖(1 at 𝑡 + 𝜏|1 at 𝑡)

𝑁

𝑖
(26) 
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For the case of the conditional detection probability where the vector 𝑑(𝜏) can have an 

unassigned value (i.e. NaN), we only report an average value ⟨𝑃(𝜏)⟩ at delay time 𝜏 if there are 

at least 2 assigned values – whether they be 1 or 0 – used in the average. 

 The probability of an observation is equal to 1 at 𝜏 = 0 by definition. It immediately 

decays to values near ~5% - i.e. close to the average revisit frequency given the 18-day average 

revisit time. A constant temporal probability value for 𝜏 > 0 is indicative of a random distribution 

of observation times. While our observation probability is relatively flat for all 𝜏, it slowly 

decays from 7% at 𝜏 <7 days to 3% for 𝜏 > 300 days. That is, we make slightly more 

observations of a site for shorter revisit times versus for longer ones.  

 The temporal detection probability for O&G and coal sites is noisier than the temporal 

observation probability because the detection vector only has values assigned during observation 

times. Nevertheless, we can observe that the temporal detection probability immediately decays 

from 1 at 𝜏 = 0 to a value close to the respective sector’s average site persistence for 𝜏 > 0. This 

is indicative of a emission detection pattern that is mostly random in time. The ⟨𝑃(𝜏 > 0)⟩ value 

isn’t exactly equal to the average estimated persistence value because we are calculating the 

temporal detection probability from a detection vector that doesn’t use information from the 

prior persistence distribution. Regardless, Figure S7 shows that we are more likely to observe an 

emission from an O&G site a short time (~weeks) after previously observing an emission. The 

situation for coal detections is a little more ambiguous due to the increased noise in the temporal 

probability of detection (due to there being not as many coal sites included in the average). With 

more coverage in the future, we will hopefully be able to tease out more information about the 

temporal behaviour of these sources.  

 

 

S5 Number of Observations 

The number of 2023 clear-sky GHGSat observations within each 0.2∘ 𝑥 0.2∘ grid cell is shown in 

Figure S8. 

 

S6 Map of Difference between GHGSat and GFEI estimated emissions 

The difference between GHGSat and GFEIv3 estimated emissions within each 𝟎. 𝟐∘ 𝒙 𝟎. 𝟐∘ grid 

cell is shown in Figure S9. 

S7 National O&G + Coal Emission Rates Estimated by GHGSat 

 

In Figure S10 and Table S2, we compare emissions between GHGSat and GFEIv3 at the 

country level. Country level emission estimates are presented in Figure S10a for the top 15 

emitting countries as measured by GHGSat (the complete country-level estimated measured by 

GHGSat are presented in the table below). Figure S11a shows the sector-resolved GHGSat 

measured emission rates for each country (O&G in red, coal in blue) with the fraction of total 

GFEIv3 emissions that the combined O&G + coal total represents quantified in the annotation. 

GHGSat measured a sizeable fraction of nationally reported energy emissions for certain 

countries: 111% of reported O&G + coal emissions in Turkmenistan, 18% in Russia, 79% in 

Kazakhstan, 19% in Australia, and 27% in Poland, etc.. Given that the GHGSat constellation is 

only able to observe a portion of actual emissions due to its imperfect detection threshold and 
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coverage, many of these nationally reported emission totals are likely to be underestimated, 

consistent with previous studies (9, 10). We show in Figure S10b the observational coverage 

fraction that GHGSat has achieved in each country. We quantify GHGSat coverage as the 

GFEIv3 emission flux-weighted fraction of grid cells observed by GHGSat at least once:  

𝐶𝐹 =
∑ 𝑐𝑖𝑓𝑖𝑖

∑ 𝑓𝑖𝑖

(27) 

Where 𝑐𝑖 is equal to 1 at grid cell 𝑖 if GHGSat has observed it at least once and 0 otherwise, and 

𝑓𝑖 is the GFEIv3 flux. If the flux 𝑓𝑖 was constant everywhere, then 𝐶𝐹 would represent the area 

coverage. We see that the GHGSat constellation observes areas accounting for between 5% and 

100% in these selected high-emitting countries.  

 

 

S8 Comparison of GHGSat and GFEI estimates for selected countries 

 

In Figures S11-S15, we provide a comparison of GHGSat emission estimates with those of 

GFEIv3 for selected countries and sectors (Mexico O&G, Iraq O&G, Poland Coal mining, 

Australia Coal mining, and Turkmenistan O&G). For some selected countries and sectors, the 

GHGSat estimate is similar to the GFEIv3 estimate when aggregating grid cells within the 

country that GHGSat has observed (e.g. Mexico O&G); for some countries the GHGSat estimate 

is higher (e.g. Turkmenistan O&G), for other countries the estimate is moderately lower (e.g. 

Poland and Australia Coal mining), and for some countries the GHGSat estimate is substantially 

lower (e.g. Iraq O&G). In each plot panel the GHGSat emission estimate is shown for each 

observed 0.2 x 0.2 degree grid cell alongside an error estimate for grid cells with a nonzero 

emission estimate. Also shown are the GFEI estimates at the grid cells observed by GHGSat at 

least once, as well as all GFEI grid cell estimates within the country with at least 1 Mg yr-1 km-2. 
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Fig. S1: Example of plume aggregation procedure. 
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Fig. S2: Dependence of total emission estimates, number of unique sites, and average persistence 

on the spatial aggregation radius. We choose a spatial aggregation distance of 300m for O&G 

and 2km for coal. 
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Fig. S3: Persistence estimation illustration. The red bars denote the prior distribution 𝒑𝒑(𝒙) with 

mean 0.16. The black line is the Bernoulli distribution 𝒑𝒐(𝒙) for (𝑵, 𝑴) = (𝟗𝟎, 𝟑𝟎), and the 

grey solid lines is the distribution for (𝑵, 𝑴) = (𝟑, 𝟏). Both cases have the same mean 

“observed” persistence 𝑴/𝑵=0.33. The dashed black and grey lines show the estimated 

persistence values ⟨�̂�⟩ for the 𝑵=90 and 3 cases, respectively. 
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Fig. S4: Location and emission rates of the11,419 O&G + coal plumes observed in 2023 by 

GHGSat. 
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Fig. S5:  Distribution of the number of GHGSat observations per emitting site in 2023. 
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Fig. S6: Prior persistence distribution for O&G (top) and coal (middle) broken down by 

continent with the number of sites 𝒏 included in the distribution annotated. The persistence 

distribution of all sites within either the O&G or coal sector are shown at bottom. 
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Fig. S7: Probability of observing a site (left) and detecting an emission (right) some time 𝝉 after 

previously observing a site or detecting an emission. 
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Fig. S8: The number of clear-sky observations taken by GHGSat per 𝟎. 𝟐∘ 𝒙 𝟎. 𝟐∘grid cell in 

2023. 
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Fig. S9: The difference between GHGSat and GFEIv3 estimated emission flux in each 

𝟎. 𝟐∘ 𝒙 𝟎. 𝟐∘grid cell in 2023. 
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Fig. S10. National GHGSat emission estimates. Country-level O&G + coal emission estimates 

for the top-15 emitting countries (as measured by GHGSat). a) GHGSat estimated emissions 

(with percentage of total O&G + coal GFEIv3 emissions indicated in annotation). b) GHGSat 

observation coverage of GFEIv3 grid cells. 
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Fig. S11. Gridded GHGSat emissions (top left), GHGSat emissions error (top right), GFEIv3 

emissions estimate at GHGSat-observed locations (bottom left), and GFEIv3 emissions (bottom 

right) for the case of Turkmenistan’s O&G sector. 

  



 

 

22 

 

 

 

Fig. S12. Gridded GHGSat emissions (top left), GHGSat emissions error (top right), GFEIv3 

emissions estimate at GHGSat-observed locations (bottom left), and GFEIv3 emissions (bottom 

right) for the case of Iraq’s O&G sector. 
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Fig. S13. Gridded GHGSat emissions (top left), GHGSat emissions error (top right), GFEIv3 

emissions estimate at GHGSat-observed locations (bottom left), and GFEIv3 emissions (bottom 

right) for the case of Mexico’s O&G sector. 
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Fig. S14. Gridded GHGSat emissions (top left), GHGSat emissions error (top right), GFEIv3 

emissions estimate at GHGSat-observed locations (bottom left), and GFEIv3 emissions (bottom 

right) for the case of Polands’s Coal sector. 
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Fig. S15. Gridded GHGSat emissions (top left), GHGSat emissions error (top right), GFEIv3 

emissions estimate at GHGSat-observed locations (bottom left), and GFEIv3 emissions (bottom 

right) for the case of Australia’s Coal sector. 
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Measurement  Quantity Comments 

Time Period January 1, 2023 – December 31, 

2023 

 

Satellites performing measurements 

during the time period 

8 GHGSat-C1 to C5 (full time 

period), C6-8 (since 5-23). 

Number of clear-sky retrievals 

processed 

32,928 (14,137) Over all location (Only over O&G 

+ coal locations observed to be 

emitting in 2023) 

Number of O&G + coal plumes 

detected 

11,419 = 8,687 O&G + 2,732 coal  

Number of spatially aggregated 

sites 

3,114 = 2,744 O&G + 370 coal According to the spatial 

aggregation criteria described in the 

text 

Average number of observations 

per site 

O&G: (Avg, Med) = (26, 19) 

coal: (Avg, Med) = (17, 12) 

 

Site revisit time O&G: (Avg, Med) = (10, 5) days 

coal: (Avg, Med) = (16, 8) days 

 

GHGSat energy emissions estimate 8.30±0.24 Mt yr-1 = 5.80±0.23 Mt 

yr-1 O&G + 2.50±0.06 Mt yr-1 coal 

 

GFEIv3 total energy emissions 

estimate 

74.3 Mt yr-1 = 43.7 Mt yr-1 O&G + 

30.7 Mt yr-1 coal 
 

GFEIv3 energy emissions estimate 

at GHGSat observed locations 
34.1 Mt yr-1 = 16.4 Mt yr-1 O&G + 

17.8 Mt yr-1 coal 
 

Average site persistence O&G: 0.15; coal: 0.48 Average of the estimated 

persistence distribution, described 

in text. 

Table S1. Summary of GHGSat measurement details for this study.  
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Country 

GHGSat Q 

O&G [Mt/yr] 

GHGSat 

Q error 

O&G 

[Mt/yr] 

GHGSat 

Q Coal 

[Mt/yr] 

GHGSat 

Q error 

Coal 

[Mt/yr] 

GFEI Q 

O&G 

[Mt/yr] 

GFEI Q 

Coal 

[Mt/yr] 

GFEI Q 

O&G @ 

GHGSat 

observed 

locations 

[Mt/yr] 

GFEI Q 

Coal @ 

GHGSat 

observed 

locations 

[Mt/yr] 

Turkmenistan 1.66 0.09 0 0 1.49 0 0.67 0 

China 0.1 0.01 1.23 0.04 1.21 21.16 0.22 12.22 

Russia 0.68 0.18 0.47 0.03 3.75 2.57 0.66 1.59 

United States 0.91 0.06 0.11 0.01 8.48 1.88 4.12 0.94 

Mexico 0.53 0.08 0 0 1.09 0.05 0.51 0.02 

Kazakhstan 0.3 0.04 0.08 0.01 0.21 0.28 0.08 0.24 

Australia 0.1 0.01 0.15 0.02 0.28 1.01 0.17 0.67 

Ukraine 0.1 0.01 0.1 0.01 1.49 0.43 0.59 0.09 

Algeria 0.18 0.02 0 0 1.01 0 0.43 0 

Poland 0 0 0.17 0.01 0.11 0.57 0.01 0.56 

India 0.08 0.01 0.09 0.01 0.87 0.91 0.16 0.82 

Uzbekistan 0.16 0.02 0 0 1.42 0.01 0.28 0 

Iran 0.15 0.02 0 0 2.83 0.02 1.31 0 

Syria 0.1 0.01 0 0 0.05 0 0.03 0 

Pakistan 0.08 0.01 0 0 0 0 0 0 

Nigeria 0.07 0.03 0 0 3.04 0 0.58 0 

Yemen 0.06 0.01 0 0 0.02 0 0.01 0 

Trinidad and Tobago 0.06 0.02 0 0 0.08 0 0.05 0 

Bahrain 0.06 0.01 0 0 0.21 0 0.21 0 

Iraq 0.05 0.01 0 0 2.67 0 1.81 0 

Libya 0.04 0.01 0 0 0.29 0 0.2 0 

Philippines 0 0 0.04 0.01 0.01 0.02 0 0 

Venezuela 0.03 0.01 0 0 0.78 0 0.31 0 

Egypt 0.03 0 0 0 0.43 0 0.23 0 

Indonesia 0.02 0 0.01 0 0.54 0.12 0.08 0.05 

Azerbaijan 0.03 0 0 0 0.44 0 0.34 0 

Canada 0.02 0.01 0 0 1.28 0.04 0.67 0.03 

South Africa 0.01 0 0.01 0 0.07 0.07 0 0.05 

Kuwait 0.02 0.01 0 0 0.14 0 0.13 0 

Argentina 0.02 0 0 0 0.34 0 0.15 0 

Colombia 0 0 0.02 0.01 0.25 0.2 0.09 0.17 

Mongolia 0 0 0.02 0.01 0.01 0.04 0 0.02 

Oman 0.02 0.01 0 0 0.23 0 0.14 0 

Mozambique 0.02 0 0 0 0.01 0.02 0 0.02 

Qatar 0.01 0 0 0 0.14 0 0.07 0 

Saudi Arabia 0.01 0 0 0 0.45 0 0.2 0 

Brazil 0.01 0 0 0 0.19 0.05 0.14 0.04 

Italy 0.01 0.01 0 0 0.13 0 0.03 0 

Romania 0.01 0 0 0 0.1 0.22 0.02 0.03 
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Brunei 0.01 0.01 0 0 0.1 0 0.03 0 

South Sudan 0.01 0 0 0 0.02 0 0.02 0 

Jordan 0.01 0 0 0 0.02 0 0 0 

Germany 0 0 0 0 0.19 0.01 0.03 0.01 

Czech Republic 0 0 0 0 0.02 0.08 0 0.03 

France 0 0 0 0 0.04 0 0 0 

Chad 0 0 0 0 0.07 0 0.07 0 

Spain 0 0 0 0 0.01 0 0 0 

Malaysia 0 0 0 0 0.92 0 0.02 0 

New Zealand 0 0 0 0 0.02 0 0 0 

South Korea 0 0 0 0 0.2 0.01 0.05 0 

Peru 0 0 0 0 0.08 0 0.04 0 

Japan 0 0 0 0 0.01 0.02 0 0 

Austria 0 0 0 0 0.01 0 0 0 

United Arab Emirates 0 0 0 0 1.46 0 0.54 0 

Chile 0 0 0 0 0.04 0 0.02 0 

Ecuador 0 0 0 0 0.04 0 0.02 0 

Tunisia 0 0 0 0 0.02 0 0.01 0 

Angola 0 0 0 0 0.77 0 0.37 0 

Table S2. National GHGSat emission estimates in 2023 

 

 


