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Abstract

Plume-imaging satellite instruments routinely reveal large methane point source emissions from
oil and gas systems. But the observations are for instantaneous plumes, and the instruments
have limited detection and revisit capabilities, making it challenging to infer time-averaged
emission rates as needed for emission inventories and reporting. Here we develop a general
method to infer the probability of detection (POD) of any plume-imaging instrument, over any
surface, and to estimate the time-averaged point source emission rates on the basis of a limited
collection of data. Applying this method to 12080 plume observations from the Sentinel-2,
Landsat, EnMAP, PRISMA, EMIT, and Tanager instruments for each year in 2022-2025, we find
that PODs are lower than commonly reported from controlled releases conducted under favorable
conditions. We quantify annual mean emission rates for 1924 individual oil and gas point sources
worldwide, estimate that point sources detected by these instruments emitted 7.6 Tg y' in 2025,
identify 245 sources that emitted more than 1 ton h™' on an annual basis, and show 2022-2025
trends for illustrative individual sources. 18% of sources emit for only one year and subsequently
cease. Accounting for sub-detection-threshold emissions reveals higher source persistence
(averaging 56%) than previously reported for oil-gas sources globally.

Significance Statement

Methane is a potent greenhouse gas responsible for 0.6°C of warming since preindustrial times
and it is the primary component of natural gas. Large methane releases to the atmosphere from
the oil and gas industry are frequently observed by satellite instruments and are often missing
from national emission inventories reported under the Paris Agreement. Here, we develop a
method to characterize satellite sensitivity to release size at any location worldwide and to model
the time-averaged emission rate of point source releases using a limited collection of satellite
observations. Applying the method to six instruments orbiting during 2022-2025, we quantify
annual mean emissions for 1924 point sources.
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Introduction

Atmospheric methane is the second most important anthropogenic greenhouse gas, 80 times
more powerful than CO: per unit mass on a 20-year time scale (IPCC, 2021). Emissions from the
oil and natural gas (oil-gas) sector including extraction, processing, and distribution account for
about 20% of the anthropogenic methane source (Saunois et al., 2025), and are an attractive
mitigation target due to the economic value of natural gas and the feasibility of emission controls
(IMEO, 2025a). However, annual bottom-up emission inventories based on oil-gas activities and
emission factors are typically much lower than top-down estimates from satellite observations
(East et al., 2025; Scarpelli et al., 2022), suggesting missing sources that must be identified for
effective mitigation.

Aircraft and satellite point source imagers have revealed widespread occurrences of large oil-gas
methane point sources missing from current inventories (Duren et al., 2019; Ehret et al., 2022;
Frankenberg et al., 2016; Irakulis-Loitxate et al., 2022; Johnson et al., 2023). These instruments
detect atmospheric methane columns Qcha (kg m2) by solar backscatter in the shortwave infrared
(SWIR) under clear-sky conditions, and quantify methane column enhancements AQcHa in the
point source plumes relative to background. By imaging the plume and with independent
information on wind speed, they enable inference of instantaneous point source emissions at the
time of observation (Jacob et al., 2022). However, repeated observations show that point sources
are generally transient, intermittent, and highly variable (Cusworth et al., 2026; Wang et al., 2022;
Watine-Guiu et al., 2023), making it difficult to quantify time-averaged emissions relevant to
emission inventories.

A growing constellation of satellite point source imagers observes methane point sources
worldwide (IMEQO, 2025a; Jacob et al., 2022), providing repeated observations of individual
sources from which to infer time-averaged emissions. However, these instruments have limited
and variable detection capability (Cusworth et al., 2019) as described by the probability of
detection (POD) for an emission of a given rate. The POD is a function of the instrument’s
precision, the wind speed, and the local surface heterogeneity driving background spectral noise
in the viewing scene (Bruno et al., 2024). Reported instrument PODs are typically derived from
controlled-release experiments but may be over-optimistic because these experiments are
conducted under favorable meteorological and surface conditions, with the instrument teams
informed of the location and timing of the releases (Conrad et al., 2023; Sherwin et al., 2023,
2024a). Time-averaged emissions for a given point source are generally estimated from repeated
observations with a given instrument by multiplying the mean observed emissions by the
persistence, defined as the fraction of time that the source is detectable (Cusworth et al., 2024;
Jervis et al. 2025a; Varon et al., 2021). However, this assumes a binary model where the source
is either on or off, not accounting for emissions below the POD.

Here we develop a general method to infer the POD of any point source imager, over any
surface, on the basis of the worldwide collection of its observations. We apply this method to
estimate PODs for the ensemble of satellite point source imagers currently providing open-access
observations including Sentinel-2, Landsat, EMIT, PRISMA, EnMAP, and Tanager-1. We
combine the PODs with the reported 2022-2025 observations of instantaneous point source
emissions from these instruments for 1924 individual oil-gas point sources worldwide, including
non-detections, to infer time-averaged annual methane emission rates from the individual
sources. We compare our results to the Global Fuel Exploitation Inventory v3 (Scarpelli et al.,
2025), a spatially explicit bottom-up inventory based on national reports to the United Nations
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Framework Convention on Climate Change (UNFCCC), and to a previous estimate of time-
averaged emissions from proprietary GHGSat satellite observations (Jervis et al., 2025).

Results

We use databases of individual oil-gas point source observations worldwide compiled by the
International Methane Earth Observation (IMEO) of the United Nations Environment Programme
(IMEO, 2025b) for the Sentinel-2, Landsat, EnMAP, PRISMA, and EMIT instruments, and by
Carbon Mapper (CM, 2025) for the Tanager instrument (Table 1). The IMEO database covers
2022-2025 while the Tanager observations are for 2024-2025 only. The databases give for each
observation the point source location, the source type, the 10-m wind speed u, and the
instantaneous point source rate g computed with the integrated mass enhancement (IME)
method along with uncertainty (Frankenberg et al., 2016; Varon et al., 2018). They also include
for each instrument the clear-sky non-detections for each point source. The non-detections are
manually validated for a given instrument by human analysts using the ensemble of clear-sky
scenes at the locations of point sources with at least one plume detected by that instrument over
its observation record. The EMIT data further include AQcwa4 for all pixels within an observation
scene and this allows quantification of background noise.

Properties of each instrument are listed in Table 1 (Materials and Methods). Sensitivity for plume
detection is largely determined by spectral resolution and signal-to-noise ratio (SNR) (Cusworth
et al., 2019; Jacob et al., 2022). Tanager has the finest spectral resolution (5 nm) and hence the
lowest detection limit. EnMAP, PRISMA, and EMIT have hyperspectral resolution (7.4-10 nm) that
still allows spectral fitting in the 2.3 ym methane absorption band (Cusworth et al., 2019).
Sentinel-2 and Landsat only have multi-spectral resolution (200 nm bands) but can still detect
very large plumes with a band-differencing retrieval (Varon et al., 2021).

Point source locations and numbers of observations for each instrument over the 2022-2025
period are shown in Fig. 1. Here we have discarded observations with u < 1 m s™' for which
quantification of emissions is too uncertain (Varon et al., 2018) and those at sources with fewer
than three total observations (including non-detections). Most observations are in North Africa,
the Middle East, and the U.S. Permian Basin. Tropical oil-gas basins are less observed because
of extensive cloudiness. Low sun angles and seasonal darkness limit high-latitude observations.
Offshore point sources are excluded due to the uncertainty associated with the sun glint
observations necessary for viewing them. EnMAP and PRISMA report the smallest number of
plumes because they only task upon request. Tanager has a relatively small number of
observations because it was only launched in August 2024.
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Figure 1: Locations of oil-gas point sources observed in 2022-2025 by satellite point source
imagers with open-access data. Total numbers of point source locations (n) and plume detections
(m) are given inset, with total number of clear-sky non-detections in parentheses.

2.1 Nominal probability of detection (POD) for individual instruments

We use emission rates from the instantaneous plume detections of Fig. 1 to estimate a nominal
probability of detection (POD) for each instrument based on their global data. The observed
plume enhancements AQchs depend on the ratio q/u.g, Where u is an effective wind speed for
the plume that depends linearly on u (Varon et al., 2021). The POD applies therefore to the
normalized source rate x = q/u, which is what the instruments effectively measure (Jacob et al.,
2022). The plume observation can only inform x, and independent information on u is needed to
infer q. Let p(x) represent the global frequency distribution of normalized point source rates for all
active point sources in a given instrument’s database, including all sources observed at least
once but excluding periods when the sources are inactive (as would happen if the sources are
turned on or shut off over part of the record). This on/off switch will be modeled as persistence in
Section 2.3 using the observed non-detections combined with the instrument POD.

We find that p is best modeled as a log-normal distribution with mean y and geometric standard
deviation o (see Materials and Methods):

1 _(nx—mw?
202

X, u,o) = e

This global frequency distribution is observed by the instrument with a POD(x; x5, s) € [0,1]
modeled as a lognormal cumulative distribution function (CDF) (Jervis et al., 2026) with x,
defining the 50% detection probability and s the sharpness of the POD:

Inx — lnxso) Eq. 2

sV2
The global frequency distribution f(x) of individual, normalized point source rates observed by

the instrument and excluding non-detections is then modeled by combining the instrument’s POD
and the underlying point source rate distribution:

1
POD(x; x50, 5) = 3 erfc (—

POD(x; x50, 8)p(x; 1, 0)

Eq. 3
C(XSO' S, U O_)

f(x; Xs50, S, U, 0) =

where C is a normalization factor so that f0°° f(x)dx = 1. We find the rate distribution parameters

Xs0, S, 4, @and o, and the resulting POD, by fitting f (x) to the observed emission rate frequency
distribution using Bayesian inference with a Markov-Chain Monte Carlo method (see Materials
and Methods). Parameters are optimized independently for each instrument because each
instrument samples its own collection of point sources. Deriving the POD from the global
database of observations describes the mean performance of the instrument over the range of
observing conditions. It is conditioned on the instrument’s detections and it therefore necessarily
yields higher detection probability than the instrument’s true global POD, which would include
locations where plumes were never detected. We call this global mean value the nominal POD.

Fig. 2A-F shows f(x) and p(x) along with the actual observed frequency distributions for each
instrument. f(x) closely fits the observed frequency distributions. p(x) is shifted toward lower
values of x for the most sensitive instrument (Tanager) and toward higher values for the least
sensitive instruments (Sentinel-2, Landsat), reflecting the range of sources that they are able to
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detect at least once. p(x) varies between instruments also due to unbalanced coverage by the
satellites of different regions.
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Figure 2: (A-F): Global frequency distributions of wind-normalized emission rates from point
sources observed by different satellite instruments. Colored bars show the observed frequency
distributions from the point source observations in Fig. 1. Dashed black line shows the observed
emission rate distribution f(x) (Eq. 3) fit to the observations with 90% equal-tailed credible
interval (Cl). Dotted blue line shows the complete log-normal distribution of emissions p(x) (Eq.
1) with parameters (u, o) inset. (G): Nominal probability of detection (POD) curves for the different
instruments based on global observations and for 10-m wind speeds u larger than 1 m s™'. PODs
for the wind-normalized point source rates (x) are given by Eq. 2 with parameters xz, (50%
detection threshold) and s (sharpness of the POD) fit to Eq. 3 and given inset. Bracketed values
for x5, and s are the 68% equal-tailed Cls. Inset Table also shows the 50% threshold emission
rate qs, (kg h™") for a representative 10-m wind speed of 4 m s™.

Fig. 2G shows the nominal POD curves for each instrument derived from their global
observations following Eq. 2 and with parameters x., (50% detection probability) and s
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(sharpness of the curve) inset in the figure. Also shown is the emission rate g5, with 50%
detection probability when the 10-m wind is 4 m s™'. The POD curves align with the precisions
and SNRs of the instruments (Table 1, Materials and Methods). Tanager is the most sensitive
instrument, due to its higher spectral resolution and oversampling capabilities, followed by the
hyperspectral imagers EnMAP, EMIT, and PRISMA. EnMAP and PRISMA have similar
characteristics (see Table 1), but EnMAP has a higher SNR (Roger et al., 2024b). Although
EMIT’s spectral resolution is second only to Tanager, its sensitivity falls between that of EnMAP
and PRISMA due to its coarser pixel resolution. Sentinel-2 and Landsat are less sensitive than
others due to their low spectral resolution.

Our nominal PODs translate to x5, values that are systematically larger than minimum detections
reported from controlled releases (Sherwin et al., 2023, 2024a), which is expected because the
releases were conducted under favorable surface and meteorological conditions and with known
timing and location. PODs for the minimum detections reported by Sherwin et al. (2024a) for
PRISMA (414 kg h'"), Landsat (1400 kg h™"), and Sentinel-2 (1200 kg h™") are 3%, 16%, and 8%,
respectively, assuming 3 m s wind speed. These emissions are unlikely to be detected without
prior knowledge of the emission location and over less favorable surfaces worldwide, and
therefore do not reflect the instruments’ global capabilities. EnMAP’s minimum detection of 1100
kg h™" with detection probability 83% is more representative. Our gs, estimate of 1100 kg h' for
EMIT at wind speed of 4 m s is comparable to the estimate of 900 kg h™! from Ayasse et al.
(2024) over the Permian Basin, where the favorable surface is expected to decrease the
threshold for detection by 20% relative to the nominal average (Section 2.2). Tanager’s pre-
launch predicted 90% POD of 180 kg h™' at 3 m s wind speed, 25% albedo, and 35° solar zenith
angle (Duren et al., 2025) was calculated using idealized conditions whereas our 90% POD
estimate of 630 kg h™' at that wind speed reflects the range of observed conditions. Our POD
estimates for Tanager, Sentinel-2, Landsat, and EMIT are by contrast 20-40% smaller than those
of Jervis et al. (2026) who used a similar statistical method but for q instead of x, a dataset five
times smaller, and p(x) estimated jointly across instruments. Our estimates of s, the sharpness of
the POD representing the transition from the non-detection to detection region, indicate a broader
transition region (larger s) for Sentinel-2, Landsat, and EMIT and a narrower transition region for
Tanager compared to those of Jervis et al. (2026). PODs have not been published previously for
EnMAP and PRISMA.

2.2 Local POD for individual instruments

The ability of a satellite instrument to detect a point source within a given scene depends on the
normalized source rate x = q/u (kg h™' per m s™), the instrument pixel resolution W (m), and the
methane column background noise AB (kg m) in the scene which depends in turn on the
instrument precision and SNR, and on the surface properties of the scene. This can be
encapsulated in a single dependence on the point source observability dimensionless number O,
(Bruno et al., 2024):

X
= Eq. 4
Ops WAB g
Bruno et al. (2024) define AB as the standard deviation of AQcwain the plume-masked scene
(excluding the plume). 0,; determines the POD across all viewing conditions (Manninen et al.,

2026), allowing instrument nominal PODs to be translated to local PODs through AB. We
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leverage Eq. 4 to derive the local x5, ;, from the local background noise AB; and the previously
derived nominal x;, for the instrument:
AB,

Xs50,L. = Xs0 E Eq.5

where AB; is a global mean background noise, calculated for each instrument by sampling AB at
the instrument’s detection locations.

Here we use EMIT and Sentinel-2 to derive local-to-global background noise ratios AB, /AB,; in
Eq. 5, and assume that these ratios apply linearly to all hyperspectral and multispectral
instruments, respectively. We take advantage of the complete pixel-level information on methane
column enhancements AQch4 within viewing scenes for EMIT and Sentinel-2, where AQcra for
Sentinel-2 is derived by the multi-band multi-pass (MBMP) method (Varon et al., 2021). We
define AB, as the median absolute deviation of AQcna within a given scene (Materials and
Methods), and derive from there the AB, /AB; ratio. Although instruments with different precisions
have different AB values, the ratio AB, /AB,; should be much less variable. Hyperspectral and
multispectral instruments have different ratios because of the completely different retrieval
methods.

The global distributions of EMIT (hyperspectral) and Sentinel-2 (multispectral) background noise
ratios (AB,/AB;) are shown in Fig. 3. EMIT ratios are gridded to 0.25° latitude x 0.3125° longitude
(= 25%25 km?) and Sentinel-2 ratios are gridded to 1° latitude x 1.25° longitude (= 100x100 km?).
Cloudy scenes are excluded from both. Background noise in a scene is mainly due to surface
heterogeneity and the resulting variability in SWIR surface reflectance (Ayasse et al., 2018;
Cusworth et al., 2019). The background noise ratio in Fig. 3 is <1 in arid (bright) regions, and >1
in forested (dark) and heterogeneous regions, consistent between EMIT and Sentinel-2.
Background noise variability as shown in Fig. 3 helps explain the satellite observing locations in
Fig. 1, which are concentrated in lower noise regions, especially North Africa and the Middle
East, while noisy regions with significant oil-gas activity such as Venezuela and the Appalachian
Basin in North America have limited observations. The AB map for EMIT extends only from -51.6°
to +51.6° latitude due to EMIT’s inclined orbit on the International Space Station, but few plumes
are observed outside this latitude range by any of the instruments.

Figs. 3C and 3D show the distribution of the local-to-global background noise ratio AB, /AB; in
selected basins. The mean ratio over the Permian Basin is 0.8 (0.7) for hyperspectral
(multispectral) instruments, and is 0.9 over the controlled-release site of Sherwin et al. (2024) and
Reuland et al. (2026) in Arizona. The Appalachian basin, a forested region of the Eastern U.S.
with complex terrain, is 1.5 (1.7) times more difficult to observe than the median globally.
Turkmenistan and Algeria have favorable detectability. Venezuela, including the Orinoco Belt with
significant oil extraction activity, has lower-than-average detection probability. Its background
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noise ratio distribution is centered around one for multispectral retrievals because cloud cover
prevents successful retrievals in large areas of the country.

EMIT (hyperspectral)

o

0.1 0.25 0.5 1 2 4 100.1 0.25 0.5 1 2 4 10
Local-to-global background noise ratio AB, / ABg

[0 Permian C
[0 Appalachian
Venezuela
[T — .
[a) Turkmenistan
o Algeria
= Casa Grande
0.1 0.25 0. 1 2 4 100.1 0.25 0. 1 2 4 10

Local-to-global background noise ratio AB, / ABg

Figure 3 (A, B): Local-to-global background noise ratio AB, /AB,; used to determine the local
probability of detection (POD) of point sources using hyperspectral and multispectral instruments.
The ratios are determined from full-scene observations available from EMIT and Sentinel-2, and
are gridded to 0.25°x0.3125° (A) and 1°x1.25° (B). (C-D): Distribution of AB, /AB; in selected oil-
gas producing basins and countries plotted with Gaussian kernel smoothing. Casa Grande,
Arizona, USA is the controlled-release testing site of Sherwin et al. (2024) and Reuland et al.
(2026).

2.3 Annual average emissions from individual point sources

We derived in Section 2.1 a global frequency distribution p(x) of wind-normalized source rates for
emitting point sources detected at least once by a given instrument. This can be converted into a
frequency distribution ps(x) for an individual point source S with adjusted parameters (us, as)
based on actual observations of that point source, using Bayesian inference and combined
observations for all instruments viewing that source (Materials and Methods). The local wind
speed distribution Us(u) is based on the local observations and a Weibull distribution (Materials
and Methods). The product of the wind speed at the source and the wind-normalized emission
rate gives the source rate. We also account for the source being completely off for part of
individual years in the 2022-2025 period. The probability of a source being on is represented as
the probability distribution of the persistence parameter z; € [0,1] (unitless) having expected
value (zg). zs is derived from the observed frequency of clear-sky observations without methane
plumes (non-detections) for that source in comparison to the frequency distribution pg(x) and the
local instrument POD, again using Bayesian inference (Materials and Methods). The annual-
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average emission rate Q, of a source is then obtained from the expected values of the normalized
emission rate x,, the wind speed at the source ug, and the source persistence zg:

_ {xg)
%= W E“'G

Because of dependence between xg and ug coming from the definition x = q/u, the product of
their expectations would produce a biased estimate of Q, but using the expected value of the
inverse of ug avoids this bias. The dependence also implies that constructing the temporal
frequency distribution of emissions from a given source cannot be done from an ensemble of
satellite observations taken over a range of wind speeds.

We calculate in this manner the annual time-averaged emission rates accounting for persistence
for each individual point source observed by the collection of instruments (Figure 1) and for each
year in 2022-2025. Each year, we include only those sources with at least one plume and three
total observations including non-detections. In total across the 4 years, we have a collection of
1924 unique point sources from 12080 observations of plumes.

We estimate the error on our calculated Q, by propagating the error in x5 due to the lognormal
curve fit (parametric uncertainty on us and ag), the error in wind speed, and the error on z;
(Materials and Methods). The resulting error on Qg averages 67% for the ensemble of sources
and is in the range 44-95% for 95% of sources. It is dominated by the error in the lognormal curve
fit (50% of total error on average) followed by wind speed error (29%), and persistence error
(21%).

Figure 4 maps all point sources and their annual mean emission rates Qg in 2025, the year with
the most observations because of the launch of Tanager-1. We find that 18% of the sources
detected in any one of 2022-2024 were not detected in subsequent years, pointing to the
ephemeral nature of many point sources. Of the 78 sources detected in 2022, 47 show sustained
detections in all four years. Examples for Yemen and Turkmenistan are shown in Figs. 4D and E,
respectively. The point source in Yemen comes from the Marib Central Production Unit, an oil
refinery in the Block 18 oil-gas field, and shows a decreasing trend over time from 3.6 + 1.3 t h”’
in 2022 to 1.1 + 0.6 t h™'in 2025. The source falls below the detection limits of Landsat and
Sentinel-2 in 2025 with few multispectral detections and continued non-detections during the year
but is still detectable by the hyperspectral instruments. The Turkmenistan point source is a large
facility operating in the Ekizak oil-gas field with substantial and increasing emissions, rising from
5.9+1.9th"in 2023to 14.0+6.9 tons h'in 2025, the largest source in our database.

Figure 4F shows the cumulative distribution function (CDF) of Qg by year for all sources in our
database. The distribution is heavy-tailed, as is typically found (Brandt et al., 2016; Cusworth et
al., 2026; Ehret et al., 2022; Lauvaux et al., 2022; Sherwin et al., 2024b; Zavala-Araiza et al.,
2015), with 17% of sources emitting more than 1 ton h™' (245 sources) in 2025 and accounting for
53% of emissions. The CDF is more heavy-tailed in 2022 because 84% of detections that year
are by Sentinel-2 and Landsat. The portion of sources smaller than 1t h”' increases in 2025 with
the launch of Tanager.

Our calculation of the persistence of a source within a given year accounts for undetected
emissions due to the instrument POD (Materials and Methods). We find a mean persistence of 51
1 24% across all sources. Our calculated persistence is higher than previous estimates
(Cusworth et al., 2022; Jervis et al., 2025) that did not account for undetected emissions. A
consequence is that our calculated annual mean emissions is higher than these estimates.

East et al. (2025) previously inferred global oil-gas emissions in 2023 on a 0.25° x 0.3125° grid
by inversion of TROPOMI satellite data. Starting from the bottom-up Global Fuel Emissions
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Inventory (GFEI) v3 (Scarpelli et al., 2025) as prior estimate, they found a global emission of 58
Tg y'as compared to the GFEI value of 43 Tg y'. Here we estimate total emissions from all oil-
gas point sources in our database in 2023 to be 4.3 Tg y, representing 7% of the global 2023
oil-gas emissions inferred by East et al. (2025) and up to 28% for Turkmenistan. Our total goes
up to 7.6 Tg y" in 2025, reflecting the larger number of plumes in the IMEO database and the
launch of the Tanager instrument.
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Figure 4: Annual average point source emission rates Qs compiled in our database from open-
source satellite data for 2022-2025. 2025 values are shown in (A-C) for the globe, the Permian
Basin, and Turkmenistan. Points on the maps are colored by their annual average emission rate.
Also shown are time series of instantaneous source rates, uncertainties, and non-detections
reported by the different instruments (colored by instrument) at the Marib Central Production Unit
in Yemen (D) and an oil-gas facility at the Ekizak field in Turkmenistan (E), together with annual
average emission rates Q; as black symbols with uncertainty bars, and black lines added for
visualization of trends. Dash marks along the x-axis are non-detections (clear sky observations
without plumes), colored by instrument. Locations of the selected point sources are circled and
labeled in red in panels (A-C) and inset in (D-E). (F) shows the cumulative distributions of annual
average emissions by year for all sources globally.

GHGSat, Inc. has been launching a growing fleet of satellite point source imagers starting in 2016
and with 15 instruments in orbit as of 2026 (Ramier et al., 2026). The data are not publicly
available and therefore not included our analysis, but we compare our results in 2023 to those of
Jervis et al. (2025) who used 8 instruments in the GHGSat fleet for their own compilation of
annual mean point source rates during 2023. Fig. 5 compares our Qs estimates worldwide to the
GHGSat estimates on a 0.25° x 0.3125° grid, and to bottom-up GFEI v3 estimates (Scarpelli et
al., 2025) on a 0.1° x 0.1° grid. We find modest correlation (r = 0.36) with GHGSat and
agreement to within a factor of four for 66% of sources. GHGSat’s emission estimates are
calculated as the mean of the observed plumes at each source, multiplied by the source’s
persistence estimated from counts of its plumes and non-detections, and adjusted by a
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continental-scale prior persistence estimate created from sources with =220 observations (Jervis et
al., 2025). Our estimates tend to be higher with a 0.7 t h™' average difference, and systematically
so for GHGSat source rates < 100 kg h™'. Such a difference may be expected since the GHGSat
estimate does not account for emissions below the POD in its persistence-weighted source rates.
The difference is reflected in persistence; our mean persistence in 2023 is 56%, much larger than
the 16% of Jervis et al. (2025) due to accounting for sub-detection-threshold emissions.

Annual average point source emission rates
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Figure 5: Comparison of our annual average estimates of oil-gas point source rates to the 2023
GHGSat (A) and GFEI (B) datasets. The GHGSat dataset of point sources is from Jervis et al.
(2025) on a 0.25° x 0.3125° grid and the bottom-up Global Fuel Exploitation Inventory (GFEI) v3
is from Scarpelli et al. (2025) on a 0.1° x 0.1° grid. We sum our 2023 estimates on the
corresponding grids, and each point on the plots represents an annual average emission for a
given grid cell. Also shown are the Pearson correlation coefficient r and the number N of
comparison grid cells, excepting GFEI grid cells with emissions less than 1 kg h™' (66 closely
spaced dashes along the y axis).

Correlation with GFEI is weak (r = 0.18) and we estimate emissions to be 2.5-fold larger on
average for our observed grid cells. We detect emissions in 13 0.1° x 0.1° grid cells that have
emissions lower than 1 kg h™ in GFEI. Adding missing point sources to the GFEI would increase
it by 5.8Tg y' (14%). The difference with GFEI could reflect in part an uncertainty in the location
of oil-gas infrastructure, but it is also consistent with the large underestimate of oil-gas emission
inventories previously reported in inversions of satellite observations (Deng et al., 2022; East et
al., 2025; Shen et al., 2023; Tibrewal et al., 2024; Williams et al., 2026; Yu et al., 2026). The
GFEI inventory is calibrated to UNFCCC reporting for individual countries, and this reporting
typically uses IPCC methods that do not account for large intermittent point sources.

In summary, we have developed a method to infer the probability of detection (POD) of oil-gas
point sources for any satellite instrument and over any surface worldwide, and to estimate the
time-averaged emissions for individual point sources from limited multi-instrument collections of
instantaneous plume observations including non-detections. Our POD estimates are lower than
commonly estimated from controlled-release observations under favorable conditions. We
inferred annually averaged emission rates for 1924 individual oil-gas point sources worldwide
from instantaneous publicly available observations by six different instruments (Sentinel-2,
Landsat, EnMAP, PRISMA, EMIT, Tanager) reported by the International Methane Earth
Observation (IMEO) and Carbon Mapper (CM). The corresponding total from detected pointed
sources is 7.6Tg y' for 2025 with 245 sources emitting more than 1 ton h™' on an annual basis.
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18% of sources emit for only one year. Within a given year we find that point sources emit on
average 51% of the time (persistence), much higher than previous estimates that do not account
for emissions below the POD, and resulting in higher annual mean emissions than these previous
estimates. Our estimated annual mean emissions are thus 29% higher on average than a recent
estimate from proprietary GHGSat satellite data, with moderate correlation for individual co-
observed sources (r = 0.34). As the constellation of point source imagers increases, the number
of detected point sources will increase, and our method can be applied to infer the corresponding
annual mean emissions as input to emission inventories. Indeed, we find that many of the point
sources that we detect are greatly underestimated or missing in the GFEIv3 bottom-up inventory
derived from UNFCCC reporting of national oil-gas emissions

Our dataset of annual-average estimates from individual point sources for each year of 2022-
2025 is available in NetCDF and CSV format at https://doi.org/10.5281/zenodo0.22651608 and
can be automatically updated with the gradual addition of new IMEO and CM data. It includes for
each source and year the emission rate with its uncertainty, latitude/longitude location, average
persistence, average wind speed, number of plumes and non-detections observed, unique source
identifier, and the IMEO source ID from IMEQ’s Eye on Methane Data Platform
(https://methanedata.unep.org/) for sources where such IDs are available. Results are displayed
on an interactive portal showing a global map of point sources with a time series of their
emissions at https://eastjames.github.io/pointsource-dashboard/.

Materials and Methods
Satellite observations

Table 1 lists specifications of the different instruments used in this work. EMIT is in inclined orbit
and the others are in polar sun-synchronous orbit with equatorial overpass local solar times of
1030-1300. All use the 2.3 ym methane absorption band observed in solar backscatter mode and
measure plume enhancements AQch4 of the dry-air methane column. Sentinel-2 and Landsat are
multispectral instruments from which AQcrs is retrieved from the contrast between two SWIR
bands (Varon et al., 2021). The other instruments are hyperspectral with ability to resolve the 2.3
um band (Cusworth et al., 2019; Roger et al., 2024a). The spectral resolution largely defines the
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precision of the instrument (Cusworth et al., 2019), which together with the SNR defines the local
POD for a given emission rate.

Table 1: Satellite point source imagers.

Instrument | Agency Pixel Revisit | Spectral Precision | SNR
resolution time resolution | (%) 2
(m?) (days) | (nm)
Multi-spectral
Sentinel-2 | ESA 20 x 20 5d 200 30-90 100 ©
(A, B, C)be
Landsat (8, | USGS/NASA | 30 x 30 8d 200 30-90 325¢9
9)f
Hyper-spectral
EnMAP " DLR 30 x 30 4-271 10 3-9 300"
PRISMA ASI 30 x 30 7-29 10 3-9 150
EMIT X NASA 60 x 60 24-122 | 7.4 2-6 500"
Tanager-1P | Carbon 30 x 30 2-84 5 0.9-20' 400-
Mapper 800 °

a For retrievals of Qcha. Estimates reported by Jacob et al. (2022) except for Tanager.

b The Sentinel-2 suite includes three identical instruments with the same local overpass times in different
orbits.

¢ Varon et al. (2021)

4 Revisit time for Sentinel-2 and Landsat is the combined revisit time for all instruments in the fleet

¢ Drusch et al. (2012)

fEhret et al. (2022)

9 Knight and Kvaran (2014)

h Roger, Irakulis-Loitxate et al. (2024)

" PRISMA and EnMAP operate in target-mode, meaning that the instrument is pointed to view a specific

scene. The lower end of the range is the minimum revisit time with targeting.

I Guanter et al. (2021)

K Thorpe et al. (2023)

M EMIT is in inclined orbit and has variable overpass time of day and revisit times.

"Thompson et al. (2024)

P Duren et al. (2025)

9 Minimum revisit time using target-mode operation as reported in Duren et al. (2025) and dependent on
latitude.

"The range in Tanager precision comes from operation in standard mode vs. maximum sensitivity mode
(Duren et al., 2025).

Potential plumes are identified by IMEO using machine-learning models applied to Qcrs,images
from Sentinel-2, Landsat, EnMAP, PRISMA, and EMIT, and are then confirmed by two human
analysts (Mateo-Garcia et al., 2025; Ruzicka et al., 2025). For Tanager, plumes are identified by
CM human analysts from Qchs images and then undergo automated delineation (Duren et al.,
2025). Plumes and non-detections are assigned to individual uniquely identified point sources by
human analysts using RGB imagery and GIS data. Emission rates are obtained by the IME
method using independent wind speed data. IMEO and CM have separate lists of sources to
which individual plumes are assigned. We unify the separate lists of unique source locations by
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480  assigning CM sources within 250 m of an IMEO source to that IMEO source location, and

481  keeping the CM source alone otherwise.

482

483  Although the instruments report emission rates g (kg h™'), the plume enhancements that they

484  detect actually depend on the wind-normalized emission rate x = q/u (Jacob et al., 2022). The
485 IME approach fits x to the observed plume enhancements (Varon et al., 2021). Both g and u are
486  given for individual plumes in the IMEO and CM data. Considering that error in u can be a major
487 contributor to error in g (Conrad and Johnson, 2025; Gorrofo et al., 2023; Varon et al., 2018),
488  and that the instrument POD depends on x rather than g, we focus on x in our analysis. Further,
489  due to large quantification uncertainty for u < 1 m s (Varon et al., 2018), we drop all

490  observations with u < 1 m s and consider the PODs valid only for u > 1 m s™'. We also drop

491 unrealistically small point sources, diagnosed by comparison to the instrument minimum detection
492  threshold which we calculate as in Jacob et al. (2016). This drops <1% of the detected plumes.
493 For the POD analysis we use all available plume observations in the IMEO and CM databases up
494  to the end of 2025 using the filtering described above, totaling 15037 observations with

495  contributions from the instruments of 6036 (Sentinel-2), 3175 (Landsat), 602 (EnMAP), 412

496  (PRISMA), 2973 (EMIT), and 1839 (Tanager). For estimating point source emission rates, we
497  further restrict observations to those in 2022-2025 and only estimate sources with at least three
498  observations including non-detections.

499 Empirically derived probability of detection

500 We estimate parameters x., s, 4, and o of Egs. 1-3 for each instrument using the global
501 ensemble of the instrument’s point source observations. The normalization factor C of Eq. 1 is

C(xSOi S O_) = f POD(X, XSO!S)p(x; W O_)dx Eq 7
0
502  where the parameters x, s, 4, and ¢ are from Eqgs. 1-3. C also has a physical meaning as the
503 instrument’s global detection fraction. From Bayes theorem, the inferred posterior parameter
504  distributions are proportional to the product of their joint prior distributions and their likelihood
505 given observations x. This is given in log space by

Inp(xsg, s, 1, a|x) < Inp(xsg, S, 4, 0) +In L(xs0, S, U, 0; X) Eq. 8

506  where p(xs,, s, 4, o|x) is the joint posterior distribution of the parameters given the plume

507 observations x, and p(xs, s, 4, 0) is the joint prior distribution for the parameters. The likelihood
508  L(xsq,S, U, 0;x) describes the likelihood of observing x under all possible values of the parameters
509 according to their prior distributions. We construct p(xs,, s, ¢, a|x) using the No U-Turn Sampler
510 implementation of Markov-Chain Monte Carlo (MCMC) (Hoffman and Gelman, 2014). Parameter
511 prior distributions are uniform distributions spanning 1-3000 kg h™! per m s™ for x,, 0.2-2.0 for s,
512  0.1-8.0 for u, and 0.5-2.5 for g, and are the same for all instruments. We perform the inference
513 independently for each instrument.

514

515  The likelihood L(xs, s, 4, s; x) is defined as the product of all values of f(x; x5, s, 1, s) computed at
516 N observations of x:

N
L(xso, 8, 1,05 %) = 1_[ f(x; x50, S, 14, 0) Eq.9
j=1
517  After substituting Eq. 1, its log is:
N N
InL(xs0,5,4,0;x) = =N In C (x5, 5, 4, 0) + Z In(p(x; u,0)) + Z In(POD(x; x5, 5)) Eq. 10
j=1 j=1

518  We then generate parameter estimates by using MCMC to sample the posterior distribution in Eq.
519 8 uniquely for each instrument’s observations x. We tested for p(x) either the lognormal
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520 distribution of Eq. 1 or a power-law distribution p(x; a) = x~%, both chosen to describe the heavily
521 right-skewed temporal frequency distributions of source emission rates (Allen et al., 2022; Chen
522 et al., 2022; Daniels and Hammerling, 2026; Daniels et al., 2025; Khaliukova et al., 2025; Kunkel
523 et al., 2023). From the resulting two sets of parameters, we choose that which minimizes the

524  Widely Applicable Information Criterion (WAIC) score (Watanabe, 2010), a measure of the

525  variance in f(x) coming from variance in p(xs,, s, 4, o|x). We find that using the log-normal rate
526  distribution for p(x) minimizes the WAIC for all instruments so we use that for the analysis.

527 Parameter values are then taken as the expected value of their marginal posterior distributions
528 and define the POD for each instrument.

529 Background noise

530 Calculation of the background noise AB requires statistics on pixel-level column enhancements
531  AQcH4 outside of the plumes. EMIT is the only hyperspectral instrument providing that information
532 as AQcha across its viewing scenes, and we obtain it from the EMITL2BCH4ENH V002 data

533 product (Thorpe et al., 2025) for August 2022 through 2025. We obtain that information for

534  Sentinel-2 by using 68500 globally distributed MBMP retrievals outside of detected plumes

535 (Varon et al., 2021). Although AB is instrument-specific because of its dependence on instrument
536 precision, the local-to-global ratio AB, /AB,; (Eq. 5) should largely eliminate that dependence,

537 except between multispectral and hyperspectral instruments. Our approach is therefore to

538  construct global gridded maps of the ratio AB, /AB; from EMIT and Sentinel-2 data, and then

539 apply the local ratio through Eq. 5 to derive the local POD for multispectral instruments (Sentinel-
540 2 and Landsat) using AB from Sentinel-2, and for hyperspectral instruments (EnMAP, PRISMA,
541 EMIT, Tanager) using AB from EMIT.

542

543 For each EMIT 75 x 75 km tile and each Sentinel-2 scene, we compute a AB value as the

544 median absolute deviation (MAD) of the pixel enhancements for all pixels j:

AB = median(|AQ; — AQ)|) Eq. 11

545  where AQ; is the column enhancement in individual pixels j reported by the instrument, and AQis
546  the median enhancement in the scene. The MAD is robust to outliers in the data and so it

547  effectively excludes plumes. For each instrument, the global background noise AB,; is computed
548 by sampling the EMIT or Sentinel-2 AB maps in Fig. 3 at all plume locations and taking the

549  median, because the instruments sample differently over the globe. Few plumes are observed
550 outside EMIT’s latitudinal range by any of the hyperspectral instruments but in those cases we
551 use the nearest-neighbor value in the calculation.

552 Point source wind-normalized emission rate frequency distribution

553  To compute the distribution of x for an individual source S observed by an instrument, we use
554  f(x) of Eq. 1 after its fit to global observations as a prior estimate and then perform a Bayesian
555 update to the individual source parameters u; and o using plume observations xg by the

556  instrument. We do not update the POD parameters x5, and s, instead using x5, ;, calculated in Eq.
557 5 and keeping s from the MCMC global inference. We compute the joint posterior distribution of
558 g and g5 using Bayes’ Theorem:

p(us, as)L(us, o5; xs) Eq. 12
p (s, o) L(us, 0355 x5)dpdo
559  where L(ug, ds; x5) is the log-likelihood of Eq. 10 computed using the N observations x; for source
560 S rather than all global observations, and p(ug, o) is the joint prior distribution for the parameters,
561  for which we use the joint posterior distribution from Eq. 8. The computation is done by Bayesian
562  grid approximation. The update is performed uniquely for each instrument with observations at
563  the source. Then, at each source, we combine the posterior distributions of us; and o across

p(us, oslxs) = ff
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instruments into source-level posterior mixture distributions ug and g5. Each instrument’s
contributions to the posterior mixture distributions pg and g5 is inverse-weighted by the variance in
its instrument-specific distributions of ug of a5. We then create the source-specific rate distribution
estimate ps(x; ug, 05), using the medians of the u; and o; marginal distributions. This approach
trades spatial variability for temporal variability by the ergodic assumption (Birkhoff, 1931), which
is frequently invoked for reconciling oil-gas point source instantaneous emissions with time-
averaged emission rates (Chen et al., 2022; Daniels and Hammerling, 2026; Gorchov Negron et
al., 2023; Kamdar et al., 2025; Tullos et al., 2021).

Source-level wind speed distributions

We model the 10-m wind speed distribution U using a Weibull function, known to be a good fit for
observed wind speeds (Burton et al., 2011):

k k-1
UQu; A, k) = z(%) e~/ Eq. 13

where 1 (m s) is the Weibull scale parameter that describes a characteristic wind speed and k
(unitless) is the Weibull shape parameter that describes variability. Their prior estimates are
found by fitting Eq. 14 to the distribution of all wind speeds u (m s™') in our dataset across all
instruments including non-detections using Maximum Likelihood Estimation (MLE), yielding global
values 1; = 4.5 ms" and k; = 1.9, representing overpass-time wind distribution. The global
average wind speed i is 4.0 m s™' and the mode is 3.2 m s™.

We construct the wind speed distribution at individual source locations by updating 4 using all
wind speeds observed at source S. By Bayes Theorem:

fp(AS)L(AS)dA
where A is the source-specific Weibull scale parameter, p(As|ug) is the posterior distribution of Ag
given source wind speeds ug, p(4s) is its prior distribution which is a uniform distribution from 0.5
to 20, and L(Ay) is the likelihood function:

N
Lo =] | vesa9 Eq. 15
j=

where U (ug, As) is the Weibull distribution truncated at 1 m s to match our data filtering. L(As) is
computed for N wind speed observations ug at the site. The Weibull shape parameter k is held
constant at its MLE estimated value k¢ because there is more variation in 4 across sites. The best
posterior estimate for A is the mean of the posterior distribution. The source wind speed
distribution is then Us(u) = U(u; Ag, kg).

Source persistence

The lognormal distribution pg of wind-normalized source rates for a given point source assumes
that the source is on. However, the source may be off part of the time (Cusworth et al., 2026;
Khaliukova et al., 2025; Schissel and Allen, 2022). The clear-sky observations without plumes
(non-detections) in our database cannot represent this because they cannot distinguish whether
the source is off or emitting below a level detectable by the instrument. We therefore construct a
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multi-instrument, source-level persistence estimate zg that accounts for the instruments’ PODs
and is built from all observations at the source by applying Bayes Theorem:
p(zs)L(zs)
p(zsld) = ——7——
T [ p()L(zs)dz
where d = 1 for a detection and 0 for a non-detection, z; € [0, 1] is the source persistence

variable, and p(zs) is the prior distribution of z;. For N total observations at site S, the likelihood
function is built from the binomial distribution:

L(zs) = szl(zs”j)dj(l - Zs”j)l_dj

where 7; is the probability that an active source would have been detected on observation j. It is

computed for each observation j from the instrument- and source-specific POD and rate
distribution pg applicable to that observation:

TT; =f POD; s(x)ps(x)dx
0

where the subscript i refers to the instrument. For the prior p(zs), we use a uniform distribution
spanning [0, 1]. This allows information about the source persistence to come exclusively from
L(zs). We compute z; for each year that a source is active and take its mean as the average

value of p(zs|d). z, is a Beta distribution and has variance o2 = af/((a + B)?*(a + B + 1)), where

a is the number of detections +1, and g is the number of non-detections +1.
Error analysis

We calculate errors on the annual emission estimates Q; for individual sources from the error

standard deviations of x; (o,), wind speed (o, ), and persistence (o,). The relative error standard

deviation g, /x, for each source is the coefficient of variation (CV) of the mean (xs) =

exp(us + 02/2) computed from sampling the joint log-normal source distribution (i, a5), with CV
computed as the median absolute deviation over the median of the samples of (xs). Wind speed

relative error standard deviation o,,/u is 30% (Varon et al., 2018). Persistence relative error
variance is as defined in the previous section. Assuming that the errors in xg, ug, and zg are

uncorrelated, the relative error standard deviation on Qg is obtained by adding the error variances

in quadrature:

e e G )
Qs Xs Us Zs
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