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Abstract

Methane emissions from oil and gas production provide an important and partly mitigable contribu-
tion to anthropogenic global warming. Here, we investigate 2020 emissions from the largest gas field in
Algeria, Hassi R’Mel, and the oil production dominated area of Hassi Messaoud. We first use methane
data from the high-resolution (20 m) Sentinel-2 instrument to identify eleven point source super-emitters
(1 in Hassi R’Mel and 10 in Hassi Messaoud), ten of which correspond to unlit flares likely related to
oil production. For each point source we construct emission timeseries based on methane enhancements
as observed with Sentinel-2. We integrate this information in a transport model inversion that uses
methane data from the coarser (7.5 × 5km2) but higher-precision TROPOMI instrument to estimate
emissions from both diffuse area sources and the 11 super-emitting point sources (> 1 t/hr individually).
Compared to the bottom-up inventory of Scarpelli et al. [2022] for 2019 that is aligned with UNFCCC-
reported emissions, we find that 2020 emissions in Hassi R’Mel (0.16 [0.11-0.22] Tg/yr) are lower by 53
[24-73]%, and emissions in Hassi Messaoud (0.22 [0.13-0.28] Tg/yr) are higher by 79 [4-188]%. Both the
Sentinel-2 analysis and the TROPOMI-based emissions indicate that a much larger fraction of Algeria’s
methane emissions come from oil production than national reporting suggests. Additionally, we find
that although in both regions diffuse area sources constitute the majority of emissions, relatively few
space-detected super-emitters also provide a large contribution to the total area emissions (24 [12-40]%
in Hassi R’Mel; 49 [27-71]% in Hassi Messaoud). The importance of both super-emitters and diffuse
area sources indicates that mitigation efforts should address both the largest super-emitters, as well as
include a wider portfolio of mitigation measures to improve oil and gas infrastructure in general. Our
analysis shows that synergistic use of Sentinel-2 and TROPOMI, both with frequent global coverage,
can produce a unique and detailed emission characterization of oil and gas production areas. Producing
comparable emission characterizations for other areas is an important next step, as the contribution from
super-emitters to total area emissions will differ between regions.

1 Introduction

Atmospheric methane has contributed at least a quarter to anthropogenic global warming since 1750 [Ocko
et al., 2018]. The oil and gas (O/G) sector is responsible for around a quarter of anthropogenic methane
emissions [Saunois et al., 2020]. Various studies [Zavala-Araiza et al., 2015, Cusworth et al., 2021a] have
shown that O/G methane emissions have a heavy-tailed source distribution, with a small number of super-
emitting point sources contributing a relatively large fraction of total emissions from O/G facilities. As
addressing such super-emitters can be cost-beneficial, they are an attractive target for climate mitigation
[Lauvaux et al., 2022]. In terms of regional emissions, diffuse area emissions also contribute significantly,
and achieving optimal reductions in O/G methane emissions will require mitigation of these emissions as
well [Lyon et al., 2015, Omara et al., 2022]. However, the relative contributions of diffuse area emissions
and super-emitters to total O/G emissions remains uncertain, and will likely vary between regions. Here,
we present a novel atmospheric emission inversion approach to estimate total area emissions along with
the contributions from diffuse area emissions and super-emitters, which we apply to two important O/G
production areas in Algeria.

Satellite instruments that measure atmospheric methane can provide valuable information in remote
areas on O/G emissions, with regular revisit times that ground- or aircraft-based campaigns cannot match.
This is especially important for O/G sources, since these are often intermittent [Cusworth et al., 2021a] and
related to production activities in remote areas that are challenging to monitor. In recent years, the number
of satellites that measure atmospheric methane has quickly expanded [Jacob et al., 2022]. In particular,
the launch of the TROPOspheric Monitoring Instrument (TROPOMI) on-board Sentinel-5P has been a
major step forward, as it is the first instrument with daily, global coverage that can detect individual super-
emissions above 8 t/hr [e.g., Schuit et al., 2023] due to its high precision and spatial resolution of up to 7.5
by 5.5 km2 at nadir [Veefkind et al., 2012, Lorente et al., 2021]. However, in most cases it is not possible to
link methane plumes detected by TROPOMI to individual facilities due to its spatial resolution.

Satellite instruments with a higher spatial resolution can serve a complementary role [Varon et al., 2019,
Cusworth et al., 2021b]. For example, Sentinel-2 provides global coverage every 2-5 days at 20 m resolution
and, as such, can help to trace large plumes to their sources [Drusch et al., 2012, Varon et al., 2021, Gorroño
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et al., 2023]. However, due to its lower spectral resolution than TROPOMI (100-200 nm versus 0.25 nm),
Sentinel-2 can only detect the largest point sources (>1-2 t/hr) over relatively uniform surfaces [Gorroño
et al., 2023]. Targeting, hyperspectral instruments like the GHGSat constellation [Jervis et al., 2021], or
hyperspectral instruments (e.g., PRISMA [Cusworth et al., 2019, Guanter et al., 2021]) provide additional
information with better detection limits, but have limited coverage. Previous work has explored the synergy
between these satellite instruments measuring at different spatial scales [e.g., Pandey et al., 2022], but has
not yet integrated the different data streams to estimate total area emissions for longer time periods.

Estimating area emissions by combining these satellite data showing both super-emitters and diffuse
area sources is not trivial. To estimate area sources at regional scale, inversions of atmospheric transport
models are often used [e.g., Bergamaschi et al., 2009, Maasakkers et al., 2019, Qu et al., 2021]. However,
it is challenging to capture emission plumes in these relatively coarse region transport model simulations,
due to limited model resolution, transport errors, and the large volume of satellite data that makes it time-
intensive to verify transport model performance on individual emission events. On the other hand, studies
that focus on emission events [e.g. Pandey et al., 2019, Cusworth et al., 2021b, Irakulis-Loitxate et al.,
2022, Maasakkers et al., 2022] or satellite-observed plumes in general [Lauvaux et al., 2022, Schuit et al.,
2023] do not integrate these estimates in satellite-constrained area estimates. Therefore, the longterm area
emission estimates do not fully exploit the increased data density of new satellites, while event-focused work
only informs on emissions that result in large, concentrated plumes. An accurate assessment of total area
emissions for longer time periods, combined with the characterization of relative contributions from diffuse
area emissions and super-emitting point sources is essential for efficient emission mitigation of the overall
emissions from the O/G sector.

In this study, we estimate the total area emissions, including the contribution from diffuse area emissions
and super-emitting point sources (>1-2 t/hr; the Sentinel-2 detection limit) for two Algerian O/G production
areas in 2020: Hassi R’Mel and Hassi Messaoud. In 2020, Algeria was the 10th-largest gas producer and the
16th-largest oil producer globally [EIA, 2023], and provided 10% of the gas imports of the European Union
[McWilliams et al., 2021]. Accurate characterization and mitigation of the methane emissions associated with
these imports fits the general strategy of the EU to reduce their greenhouse gas emissions. The two areas
investigated in this work represent distinctly different production activities. Hassi R’Mel contains the largest
gas field of Algeria (43% of national gas production in 2020 [Rystad Ucube, 2022]), oil production facilities
(16% of national production), and acts as a processing hub for other Algerian O/G fields. Hassi Messaoud
is mainly an oil production area (36% of national oil production), where frequent detections of methane
emission events have been reported [Varon et al., 2019, Guanter et al., 2021, Sánchez-Garćıa et al., 2022].
In this study, we incorporate methane concentrations from TROPOMI and facility-level plumes detected
by Sentinel-2 in a transport model inversion to provide a detailed characterization of the area emissions,
separating the contribution from individual super-emitters (>1-2 t/hr) and the diffuse area source. In this
way, we produce emissions estimates that provide information on the differences between an oil- and a gas-
production dominated area, as well as on the relative roles of diffuse area emissions and super-emitters in
both.

2 Materials and Methods

To estimate methane emissions in the two Algerian production fields, we first use Sentinel-2 methane plume
detections to identify individual super-emitters. As such, we define super-emitters as sources detectable with
Sentinel-2 (>1-2 t/hr). Based on Sentinel-2 methane enhancements, we use a mass-balance method to derive
the emissions for individual plumes. We then perform a transport model (WRF-Chem) inversion based on
TROPOMI data that includes the Sentinel-2 emission estimates as prior information on the super-emitting
point sources. Additionally, our simulations include the O/Gmethane emissions from the bottom-up Scarpelli
et al. [2022] emission inventory as a first estimate for diffuse emissions. The latter represent sources that are
too small to be detected as individual sources in Sentinel-2, but which can be constrained as an aggregate in
TROPOMI methane data, since TROPOMI has higher precision and integrates enhancements over a larger
area. In the inversion, super-emitters and diffuse area emissions are optimized independently.
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Figure 1: An overview of Algeria and our study domains. Panel A: average 2020 TROPOMI XCH4 data
over Algeria. Panel B: Bottom-up O/G methane emissions in Algeria [Scarpelli et al., 2022]. Panels A and
B show inner (solid) and outer (dashed) zoom domains used in the WRF-Chem simulations for Hassi R’Mel
(blue) and Hassi Messaoud (red). Panel C-D: Zoom-in of bottom-up emissions [Scarpelli et al., 2022] in
the two inner zoom domains: Hassi R’Mel (C) and Hassi Messaoud (D). Sentinel-2 detected methane point
source locations are marked with colored circles.

2.1 TROPOMI and Sentinel-2 satellite data

TROPOMI is an atmospheric monitoring instrument that provides daily global coverage of column-averaged,
dry air mixing ratios of methane (XCH4) at a resolution of 7.5 by 5.5 km2 in nadir, based on measurements
in the shortwave infrared (SWIR) spectrum at 2.3 µm [Veefkind et al., 2012, Lorente et al., 2021]. TROPOMI
can detect large (> 8 t/hr) concentrated methane sources in a single overpass [Lauvaux et al., 2022, Schuit
et al., 2023], and it frequently detects plumes in both of our study areas. We use version 2.04 of the
TROPOMI-CH4 product [Lorente et al., 2022]. We correct for along-track stripes following the FMD ap-
proach of Borsdorff et al. [2018], and apply a custom data quality filter (qa > 0.1; precision < 10 ppb; cloud
fraction < 0.1; SWIR aerosol optical thickness < 0.1; see Fig 1 panel a). Using these filters, we find 224 and
238 days in 2020 with sufficient coverage for emission estimation (> 20 pixels per day) over Hassi R’Mel and
Hassi Messaoud, respectively. The 2020-averaged TROPOMI methane field is shown in Fig. 1a. We note
that some of the large-scale methane gradients are ”artefacts” driven mostly by albedo gradients (e.g. in the
north-east extending to the middle of Tunisia) and/or low coverage (near the coast). However, such effects
in the two regions investigated here are small.

The Sentinel-2 mission is a constellation of two satellites, with the Multi Spectral Imager as their main
instrument, which is a land and ocean surface imager with lower spectral (100-200 nm) but higher spatial
resolution (20 m) than TROPOMI [Drusch et al., 2012]. Sentinel-2 provides global coverage with a revisit
time of 2 to 5 days. Sentinel-2 has previously been used to study large methane point sources [Varon
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et al., 2021, Irakulis-Loitxate et al., 2022, Ehret et al., 2022, Pandey et al., 2022]. Here, we retrieve XCH4

enhancements using the multi-band-multi-pass (MBMP) method as described in Varon et al. [2021], where
enhancements are calculated using the ratios between two SWIR spectral bands (one with stronger methane
absorption than the other) on the day of interest normalized with a reference day. For each scene, we take the
median over the MBMP with the ten best reference days, rather than use a single reference day. As shown
by Gorroño et al. [2023], use of multiple reference days can make resultant plume detections less prone to
surface reflectance variations than using a single day. We select the ten reference days as those with the most
similar surface reflectance as the day of interest, based on the correlation with the day of interest in the red
spectral band. Due to the use of only two spectral bands, Sentinel-2 can only detect methane enhancements
(as opposed to absolute methane column concentrations) under favorable observation conditions as it is
sensitive to surface albedo (e.g., buildings) and aerosol (e.g., smoke) features [Gorroño et al., 2023]. For
high-albedo and relatively uniform surfaces, as those investigated in this study, the Sentinel-2 methane
plume detection limit has been estimated at 1 to 2 t/hr depending on the wind conditions [Gorroño et al.,
2023]. To better understand the (limitations of the) Sentinel-2 data, we also use five observations from the
methane-designated GHGSat-C1 satellite instrument over Hassi Messaoud. GHGSat observes methane at
25-m resolution over ∼10x15 km2 spatial domains with a reported detection limit of ∼100 kg hr−1 [ESA,
2022]. More details are provided in Supplement S3.

While Hassi R’Mel and most prominently Hassi Messaoud are areas with the strongest and most frequent
plume signals in TROPOMI and Sentinel-2, Algeria does have additional areas with O/G production (Fig.
1B), where we observe methane plumes with TROPOMI and Sentinel-2. The largest of these are the fields
south of the inner Hassi Messaoud domain (red solid square in Fig. 1A/B). However, near this field we
find frequent interference from aerosols that affects the TROPOMI methane product and would make an
inversion more complicated than in the other two regions. Therefore, we focus on the aforementioned two
areas in our current analysis.

2.2 Sentinel-2 plume detection and emission estimates

We use Sentinel-2 to dectect emissions from individual point sources and provide a first quantification of their
emission rates using a mass-balance approach. For the detection of Sentinel-2 sources both the Hassi R’Mel
and Hassi Messaoud areas were explored, partly guided by plume detections in TROPOMI data as in Schuit
et al. [2023]. Once a super-emitter source is detected with Sentinel-2, we construct a 2020 timeseries for that
source by manually labeling all scenes as either ’with plume’, ’no plume’, or ’bad data’ (e.g., cloudy days).
For all scenes with a plume, we calculate an emission source rate using the Integrated Mass Enhancement
(IME) approach [Frankenberg et al., 2016, Varon et al., 2018]. We follow the approach described by Varon
et al. [2019], including their effective wind speed calibration with ERA-5 10-m wind speeds [Hersbach et al.,
2020], but we apply a different plume masking.

For our plume masking we only consider pixels in a 1075 m (1000 m downwind and 75 m upwind of the
source) x 500 m box downwind of the source. Since we find that the wind direction in the ERA-5 10-m
wind data often does not align with the plume direction, we determine the plume direction based on the
observed Sentinel-2 methane plume. To do so, we take the pixel with highest methane enhancement within
a 10-pixel (∼200 m) square around the source and then we iteratively include adjacent pixels with methane
enhancements higher than 1.8 standard deviations above the scene average. We then calculate the plume
direction as an average of the angle between the source and these selected pixels, weighted by the pixel
distance from the source. Finally, we select all pixels in the resulting box that are 1.8 SD above the scene
average as part of our own plume mask. The background enhancement is calculated as the average over
a 500 m by 500 m box placed 150 m upwind of the plume. Fig. S1 shows the resulting boxes and plume
masks for one plume detection per source location. We assume a fixed 50% error on the Sentinel-2 emission
estimates. This uncertainty can vary per plume detection, with uncertainty increasing at lower wind speeds,
and 50% is somewhat conservative [Varon et al., 2021]. Therefore, we vary this error between 30% and 70%
in the sensitivity ensemble (see Section 2.4).
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2.3 WRF-Chem transport model

We use the Weather Research and Forecast model coupled to Chemistry (WRF-Chem) version 4.1 [Powers
et al., 2017] to simulate the atmospheric transport of methane emissions in the Hassi R’Mel and Hassi
Messaoud areas separately. For both areas, we include three nested domains centered on the respective O/G
field, with each domain consisting of 100 by 100 grid cells with a resolution of 3, 9 and 27 km, respectively
(Fig. 1). We use methane fields from the Copernicus Atmospheric Monitoring Service (CAMS) at 0.25◦

by 0.25◦ resolution for initialization and as 6-hourly boundary conditions [Koffi and Bergamaschi, 2018].
Meteorology in the WRF-Chem simulations is driven at the boundaries by meteorological fields provided by
the National Centers for Environmental Prediction (NCEP) [National Centers for Environmental Prediction,
National Weather Service, NOAA, U.S. Department of Commerce, 2000]. We sample the 3-D CH4 simulation
output at the TROPOMI pixel locations and the vertical levels of the TROPOMI averaging kernel, after
which we apply the averaging kernels to retrieve simulated XCH4 values that can be compared to TROPOMI
data in the inversion.

For the quality of our inversion estimate it is important to obtain a good match between simulated and
observed plumes. Therefore, following Maasakkers et al. [2022], we perform simulations for each domain
with five different planetary boundary layer (PBL) schemes (Table S1; Fig 2). For all other settings we use
the CONUS physics suite. Additionally, we sample the simulations at 11, 12 and 13 UTC, which roughly
covers the variation in the TROPOMI overpass times over the areas. This approach produces an ensemble
of simulated scenes (15 per day) from which we select the optimal plume match on each day for the inversion
(Sect. 2.4 and Fig. 2).

Prior emissions for the WRF simulations are based on Sentinel-2 for super-emitting point sources (> 1−2
t/hr; the Sentinel-2 detection limit) and on Scarpelli et al. [2022] for diffuse area emissions, even though
the latter is supposed to encapsulate total emissions. Scarpelli et al. [2022] provides a global oil, gas and
coal methane emission inventory for 2019 at 0.1 x 0.1◦ resolution. National total methane emissions are
consistent with those reported to United Nations Framework Convention on Climate Change (UNFCCC),
extrapolating to 2019 when only historic reports are available, and are spatially distributed using a variety
of infrastructure datasets. For Algeria, 95% of O/G methane emissions are reported to come from gas
exploitation and distribution, and only 5% from oil activity [Algeria, 2010].

2.4 Inversion framework

We obtain our optimized emission estimate from an inversion where prior emissions (individual super-emitters
and the diffuse area source) and the CAMS background are scaled to best reproduce TROPOMI data. For
this, we solve the analytical Bayesian problem [Jacob et al., 2016] of minimizing a cost function J to retrieve
an optimal state vector x̂ as:

x̂ = xA + SAKT(KSAKT + S−1
O (y −KxA), (1)

with x̂ the optimized state vector, xA the prior state vector, SA the prior error covariance matrix, K
the Jacobian, y the observational vector and SO the observational error covariance matrix. The state vector
x includes per-orbit scaling factors for the CAMS background, daily emissions for each point source, and
monthly diffuse emissions. We subdivide the diffuse emissions in the inner domain in a 6 by 6 grid (36
elements; ∼50 by 50 km2 each) and in the middle and outer domain in a 4 by 4 grid, optimizing each grid
element independently. We optimize the CAMS background per orbit, because on some days the domain is
covered by two TROPOMI overpasses, and the gradients between these overpasses are not always captured
in the CAMS boundary conditions. We assume a 50% error on the Sentinel-2 based emission estimates (see
Sect 2.2), as well as on the prior diffuse emissions. Here and in previous work [Maasakkers et al., 2022] we
find that the CAMS background needs to be adjusted upwards by 3-5% relative to the prior, and we therefore
assume a 10% error on the CAMS background. We assume a fixed observational error of 15 ppb on individual
TROPOMI XCH4 columns, which is based on the standard deviation of the difference between the prior
model and the observations. We aggregate TROPOMI data to a 0.2◦× 0.2◦ grid for the model-observation
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Figure 2: A large methane plume as observed by TROPOMI on 4 Jan 2020 (panel a), regridded to 0.2 ◦

resolution (panel b). Panels c-g show the corresponding five WRF-Chem simulations with different PBL
schemes (sampled at 12 UTC). To select the best-performing PBL scheme, we select the scheme with the
lowest posterior cost for that day: in this case PBL scheme 2 (panel c; the Mellor-Yamada-Janjic TKE
scheme).

comparison, to reduce the impact of small differences between simulated and observed plumes (Fig. 2 a and
b). We assume that prior errors (SA) and observational errors (SO) are uncorrelated.

To ensure the best match between simulated and observed plumes, we perform WRF simulations with
5 PBL schemes (Section 2.3). To find the best PBL scheme per day, we perform two sets of preliminary
inversions. Firstly, we perform an inversion for 2020 based on one PBL scheme to get optimised monthly
diffuse emissions. These are then used in daily inversions for each PBL scheme and each sample timestep
(for a total of 15 inversions per day), to select the PBL scheme producing the best match with TROPOMI
for each day, based on the lowest posterior cost (Fig. 2). Additionally, in selecting the optimal PBL scheme
preference was given to the daily inversions with positive posterior point source emissions. We then perform
the final inversion in which we optimize the full state vector, with the Jacobian K constructed using one
optimal PBL scheme and sampling time for each day. We remove days in which the final inversion produces
negative point source emissions from the analysis (caused by a poor fit to the observations), which has only
a small effect (<5%) on the annual average source rates.

To estimate uncertainties, we report the range of a sensitivity ensemble of different inversion configura-
tions (Table 1). We find that the optimized emissions are especially sensitive to scaling the priors. Therefore,
we independently vary the point-source and diffuse priors in our ensemble with ±50% and also vary the prior
error between 30% and 70%. Additionally, in some months (e.g., May 2020 in Hassi R’Mel) monthly emis-
sions are disproportionately influenced by observations from a single day, and removing this day from the
inversion results in significantly different monthly emissions. We therefore include a sensitivity inversion in
which we exclude the day with the largest contribution to the cost function J . Finally, we add a sensitivity
inversion where we use the second-best performing PBL for each day.

To assess the performance of the inverse system and the representativeness of the sensitivity ensemble we
performed an Observation System Simulation Experiment (OSSE), where we used one PBL simulation as
truth, and estimate emissions based on the other four. The OSSE is especially useful to assess the influence
of transport errors on the final emission estimate. For example, a mismatch between simulated and observed
plumes can lead to a large error in estimated emissions, but does not necessarily result in a large spread in the
sensitivity ensemble. In the OSSE, we find that daily estimated (point source) emissions have large errors
(50%), but these errors mostly average out on monthly and annual scales to 25% and 15%, respectively.
Point sources are generally underestimated (on average by 20%), while the bias for diffuse emissions is much
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smaller. This is because point source plumes are very concentrated and therefore difficult to capture in the
simulation, while diffuse plumes are more likely to have at least some overlap with observed plumes. This
result implies that in our approach we give a conservative estimate of the contribution from super-emitters.
At the same time, the uncertainty in estimated total and diffuse area emissions is limited by TROPOMI’s
precision as well as the inversion model. A full description of the OSSE analysis is given in Supp. 1.

Parameter Reference Low High
Scale point sources 1.0 0.5 1.5
Scale diffuse sources 1.0 0.5 1.5
Prior error emissions 50% 30% 70%
Aggregation resolution 0.2 ◦ 0.1 ◦ 0.3 ◦

Other ensemble members
Exclude for each month the day with the most observational weight.
Use the second-best PBL scheme for each day in the optimization.

Table 1: Ensemble of inversions that is used to quantify posterior uncertainties.
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3 Results & Discussion

3.1 Sentinel-2 detections and emission estimates

In our Sentinel-2 analysis, we detect one super-emitter source in the Hassi R’Mel field and ten in the Hassi
Messaoud field (Fig. 3 and Fig. S1), with a combined total of 347 plume detections in 2020. Since two
Hassi Messaoud sources are close together (<1km), we group them as one cluster (M03) in our analysis.
The IME-based emission estimates (Fig. 3) show that during 2020 some sources emit on nearly every day
with Sentinel-2 coverage (e.g., at M03a we detect plumes on 90% of days with coverage; see also Table S3),
while others emit above the Sentinel-2 detection limit only on a few days (e.g., one day at M07). By far the
largest emissions from a single source are detected at M06 on Jan 4 (29.8 ± 14.9 t/hr) and Jan 7 (68.4 ±
34.2 t/hr), while the Jan 9 Sentinel-2 overpass reveals flaring at this location (also reported in Pandey et al.
[2022]). TROPOMI shows large plumes from Jan 3 to Jan 8. This event demonstrates the complementarity
of the Sentinel-2 high-spatial resolution with the daily TROPOMI coverage. Source M08 has been described
in Varon et al. [2021] as emitting methane consistently over a ten-month period, ending in August 2020,
which is confirmed in our analysis, and we produce emission estimates consistent with theirs (Fig. S1).

Sentinel-2 can only be used to detect the largest super-emitters (>1-2 t/hr [Gorroño et al., 2023]).
Inspection of targeted GHGSat data, which has a better detection limit than Sentinel-2, reveals an additional
source location near M06 (see Supp. 3). The emission rates calculated from the GHGSat data are below or
close to the Sentinel-2 detection limit (0.4-1.2 t/hr). Sentinel-2 does show plume signals at this location on
6 days in 2020 (no overlap with GHGSat detections), but since this source was identified after performing
the WRF simulations, it is not included in the rest of our analysis. This result shows both the potential
importance of large point sources emitting below the Sentinel-2 detection limit, included in this work in the
diffuse area source, as well as the challenge in comprehensively identifying all emission signals in Sentinel-2
over a large area.

Based on visual imagery (mostly from ESRI World Imagery [ESRI et al., 2022]), we identify ten locations
as flares, and one as a production well (M06; see also [Pandey et al., 2022]) (full list in Table S3). Since
most sources are found in the oil-production dominated Hassi Messaoud area, our results indicate that most
emissions from detected super-emitting point sources come from unlit flares related to oil activity.

3.2 Hassi Messaoud and Hassi R’Mel emission estimates

Our inversion finds a large correction to the CAMS boundary conditions (3.4% on average), but also signifi-
cantly improves the agreement between model and TROPOMI through corrections to the emissions, both in
terms of mean absolute bias (59.13 ppb to 0.05 ppb) and correlation (r2 = 0.85 when only the optimized vari-
ations in CAMS are included; to r2 = 0.89 when emission optimized emission variations are also included).
Fig. 4 and Table S2 show the emission estimates for Hassi R’Mel and Hassi Messaoud, where we distinguish
between super-emitting point sources and diffuse area sources. The two regions show different adjustments
from the inversion: in Hassi R’Mel (gas-production dominated), prior emissions are significantly too high
with and without point sources, while in Hassi Messaoud (oil-production dominated) they are approximately
correct. The prior (mainly diffuse) emissions in Hassi R’Mel are high (0.39 Tg/yr), which would produce
large methane signals in TROPOMI. Since we find only a single point source (5.3 t/hr; see Table S3) in
Sentinel-2 and small methane enhancements in TROPOMI, we consider the strong downward adjustment
to 0.16 [0.11-0.22] Tg/yr highly plausible. Our diffuse posterior emission estimate for Hassi Messaoud (0.11
[0.06-0.15] Tg/yr) aligns well with the bottom-up prior emissions from Scarpelli et al. [2022]. However, the
Scarpelli et al. [2022] inventory is supposed to represent all O/G emissions, and if we include super-emitters
(0.11 [0.06-0.17] Tg/yr), we find 79 [4-188]% higher emissions.

If we combine the methane emission estimates with marketable gas production data for each field (as in
e.g., Alvarez et al. [2018]), we find methane intensities of 0.9 [0.7-1.1] % and 116.6 [70.0-148.8] % for Hassi
R’Mel and Hassi Messaoud, respectively (assuming 80% methane content for natural gas). We note that
these methane intensities are based on marketable production [Rystad Ucube, 2022]: gross gas production
might be higher, which would result in lower intensities. Following Schneising et al. [2020], we additionally
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Figure 3: Daily source rate estimates based on an IME analysis of the Sentinel-2 methane data. The top and
bottom panels show methane plumes as observed by TROPOMI (left; wind vectors showing 10-m ERA-5
winds [Hersbach et al., 2020]), Sentinel-2 (middle) and Bing imagery (right; ©Vexcel Imaging, 2023), for
one day in Hassi R’Mel (top) and Hassi Messaoud (bottom) that have both Sentinel-2 and TROPOMI cov-
erage. For the emission timeseries, we linearly interpolate between days with Sentinel-2 coverage. Emission
timeseries are shown as the sum of all sources in each respective domain, where colors differentiate between
the contributions of the different clusters of super-emitting point sources (also shown in Fig. 1).
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Figure 4: Prior (dashed lines) and posterior (solid lines) methane emission estimates for point (purple) and
diffuse (orange) sources, in Hassi R’Mel and Hassi Messaoud. Left panels show the emission timeseries over
2020, with daily emissions from point sources and monthly emissions from diffuse area sources. The right
panels show the annual mean estimates for each category, as well as their combined total. Uncertainty
margins indicate the full range of the sensitivity ensemble, while the solid lines indicate the result from the
reference inversions.

calculate a methane intensity based on the combined oil and gas production in each area. For this, we
convert gas production and methane emissions to barrels of oil equivalent (boe) using a conversion factor of
6000 cubic feet per boe [EIA, 2019]. Using this approach, we calculate methane intensities of 0.5 [0.4-0.7] %
and 1.1 [0.7-1.4] % in Hassi R’Mel and Hassi Messaoud respectively. Including oil production in the methane
intensity is especially relevant in Hassi Messaoud, where production is oil-dominated.

When we assume that O/G methane emissions in Algeria scale linearly with production, and we combine
national total O/G production with the O/G production in Hassi Messaoud and Hassi R’Mel [Rystad Ucube,
2022], we find national 2020 emissions of 0.53 [0.39-0.66] Tg/yr (oil) and 0.17 [0.09-0.28] Tg/yr (gas) for
a total of 0.70 [0.47-94] Tg/yr, where we distinguish between oil and gas based on the O/G production
ratio in the two domains. To test the sensitivity of the upscaling procedure, we alternatively use the ratio
between the sum of prior O/G emissions in the two regions and national total O/G emissions [Scarpelli et al.,
2022]. Using this ratio, we estimate Algerian emissions at 0.89 [0.56-1.18] Tg/yr. For the upscaling we only
included the upstream (exploration, production, and processing) and midstream (transmission and storage)
sectors of prior emissions: Scarpelli et al. [2022] estimate downstream emissions at 0.18 Tg/yr, which should
be added to our estimates to get total oil/gas emissions. Both our estimates are consistent with Algeria’s
last UNFCCC-reported O/G methane emissions of 1.0 Tg/yr for 2000 [Algeria, 2010]. However, our results
suggest that substantially more methane emissions come from oil production (∼75% of total emissions) than
suggested in this report (5%). We note that national reporting updated for more recent years would make
this comparison more insightful. If we upscale using prior emissions based on only Hassi R’Mel or Hassi
Messaoud the best estimate changes from 0.89 Tg/yr to 0.61 or 1.60 Tg/yr, respectively, which indicates the
significant uncertainty of estimating Algerian emissions based on a subset of fields.

Previous satellite-based transport model inversions have estimated Algerian methane emissions at 1.82
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[1.68-1.96] Tg/yr for 2017 [Western et al., 2021] and at 3.7 ± 0.3 Tg/yr for 2019 [Worden et al., 2022], based
on GOSAT, and at 3.5 [2.4-4.4] Tg/yr for 2019, based on TROPOMI [Chen et al., 2023]. Attribution of
these national total emissions to different source sectors differs significantly: Western et al. [2021] attribute
80% of total Algerian emissions to O/G activity in the prior, but do not revise this percentage based on the
inversion; Worden et al. [2022] estimate O/G emissions at 3.2 Tg/yr; Chen et al. [2023] estimate lower O/G
emissions at 2.09 Tg/yr, and separately estimate O/G upstream and midstream emissions at 1.60 and 0.29
Tg/year, respectively. In general, these emission estimates are somewhat higher than what we report here,
but, as indicated above, our national upscaling based on only two fields introduces additional uncertainty.
Moreover, Algerian oil and gas production in 2020 were lower than in previous years (e.g., by 4% (gas) and 8%
(oil) compared to 2019 [Rystad Ucube, 2022]). We also use the latest TROPOMI version (2.04), which has
improved accounting for albedo gradients such as those seen near Hassi R’Mel [Lorente et al., 2022], which
can introduce differences between studies. While we do consider our emission estimate conservative (e.g.,
based on the OSSE; see Supp. 1), we find an overall good posterior match between the annual-averaged
simulated methane concentration fields and TROPOMI (annual mean bias of 0.05 ppb), which provides
confidence in our emission estimate. To better compare our emission estimate to more conventional area
inversions that only optimize diffuse emissions at a coarser resolution, we additionally performed an inversion
in which we coarsen TROPOMI to 1.0◦× 1.0◦ resolution, include only annual diffuse emissions and optimize
the background monthly. When we do this, we find comparable posterior emissions to our reference inversion
(∼10% difference; see Table S3) which confirms the robustness of our emission estimates.

Part of the novelty in our approach comes from the distinction between point and diffuse area sources.
We find that in Hassi Messaoud large point sources (> 1-2 t/hr individually) contribute more to the total
emissions (49 [27-71]%) than in Hassi R’Mel (24 [12-40]%) and diffuse area emissions contribute significantly
to the total regional emissions in both regions. Some of the Sentinel-2-detected sources emit frequently, and
addressing these sources is a logical target for emission mitigation. The posterior differentiation between
point and diffuse sources is in large part informed by the Sentinel-2 analysis, since distinguishing between
them in the TROPOMI-based inversion is difficult. For example, the prior uncertainty in the point source
contribution is only reduced by ∼20%. This is in part because we coarsen the TROPOMI data to 0.2◦×
0.2◦ resolution, which reduces the difference between point and diffuse signals in the TROPOMI data. In
addition, the differences between point source and diffuse signals are often smaller than the model transport
errors. This might be different in other areas where production is more spread out.

The advantage of our approach, however, is that we integrate the information from Sentinel-2 and
TROPOMI in one consistent statistical framework, where Sentinel-2 provides information on the impor-
tance of point sources and TROPOMI on the total area emissions. This is an improvement on previous
work, where either only (gridded) area emissions are estimated [Varon et al., 2022, Chen et al., 2022], or
point source emission estimates are compared to national inventories to estimate their relative contribution
[Lauvaux et al., 2022].

The resulting emission estimates from our methodology provide valuable and unique information on total
area emissions as well as the contributions of diffuse area emissions and super-emitters, and their temporal
variability. The developed system can be applied to other emission regions, realizing that each area will have
its own challenges with respect to the satellite data that need to be considered, and our approach can be aided
by automated plume detection [Lauvaux et al., 2022, Schuit et al., 2023]. The availability of global data from
both TROPOMI and Sentinel-2 makes such an approach feasible for many areas. For Algeria we find that
emissions in Hassi R’Mel, the largest Algerian gas field, are overestimated in Scarpelli et al. [2022] by 53 [24-
73]%, and emissions in Hassi Messaoud (oil-dominated) are underestimated by 79 [4-188]%. Our Sentinel-2
analysis shows that most super-emitters in the two Algerian fields are unlit flares (10 out of 11). The difference
between the relative contribution from super-emitting and diffuse sources for the two fields highlights the
importance of assessing this distribution for individual areas around the world. Additionally, designated
methane satellites such as GHGSat (see Supp. 3) and ground-based campaigns can help understand the
distribution of emissions below the Sentinel-2 detection limit (1-2 t/hr), while satellites with an intermediate
resolution (100-500 m), such as Sentinel-3 and the upcoming MethaneSAT mission, can bridge the gap
between TROPOMI and individual source detections [e.g., Pandey et al., 2022]. Such information on the
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emission distribution per O/G production area is highly relevant for effective emission mitigation. For
Algeria, we find that addressing the largest super-emitters can significantly reduce O/G emissions. However,
the majority of emissions in both areas comes from sources that are individually below the Sentinel-2 detection
limit (1-2 t/hr), which means that to optimally reduce region-wide emissions, mitigation of diffuse area
emissions will also be needed and will likely require general infrastructure improvements beyond addressing
the largest super-emitters.
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S1 Observation System Simulation Experiment (OSSE)

Here we discuss the results from the Observational System Simulation Experiment (OSSE), which provides a
complementary perspective on the uncertainties in the inversion in addition to the sensitivity ensemble that
is used for the final uncertainty estimates. In the OSSE, we used one of the five WRF simulations (which
each use different planetary boundary layer (PBL) schemes; see Table S1) as truth, and used the other four
simulations in the optimization to estimate emissions, in the same way as we do in our reference inversion
using the best-matching of the four simulations for each individual day. For the OSSE, we need to set the
true emission variations that are used to generate synthetic observations and the prior emission variations.
We show here results where we choose the true emission variations as Gaussian variations with a standard
deviation of 50%, i.e. the same as the prior uncertainty. The prior we choose as flat, with both point and
diffuse sources at 13 t/hr, which is representative for the average situation in Hassi Messaoud. In the main
OSSE, we use the same mean emissions for the prior and the truth, but we also show results when the prior
and true emissions have a different mean. For the OSSE, we need to choose which PBL scheme to use as
truth, but we find that the results are largely insensitive to this choice, and we show here results only for the
OSSE where PBL1 is used as truth. We only show the OSSE analysis for Hassi Messaoud, as the conclusions
for Hassi R’Mel are similar.

Fig. S1 shows the prior, posterior and true emission timeseries. It is clear that not all true emission
variations are retrieved. The difference between posterior and true emissions decreases when we average over
longer timescales (Fig. S2), and it depends on the difference between prior and posterior. Typically, we find
that estimates of daily emissions have an error of 6-8 t/hr, which decreases to 3-4 t/hr on weekly to monthly
timescales. This error increases if the difference between the prior and the truth increases, but since our daily
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Figure S1: Prior, posterior and true timeseries for the point (top) and diffuse sources (bottom), as used for
and retrieved in the OSSE.
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Figure S2: Root mean square error (RMSE) between posterior and true emissions as a function of the
timescale over which emissions are averaged. The line shows the results for the daily point source emissions,
while the orange dot gives the value for the diffuse sources (that are only optimized on a monthly basis).

emissions are based on the Sentinel-2 analysis, we consider that these are somewhat close to the truth. Since
these uncertainty estimates are largely in line with the results from the sensitivity ensemble, we consider
them roughly representative, although the OSSE analysis does not include all transport uncertainties, since
each of the five simulations is driven by the same meteorological data.

In addition to the random error, we find a systematic underestimate of emissions in the reference OSSE
(Fig. S3). In the OSSE where the prior and the truth use the same mean emissions, point sources are un-
derestimated by approximately 20%, while the diffuse emissions are estimated correctly. The underestimate
is strongest on days where the mismatch between the true plume and the plume used for optimization is
larger. We can identify these cases by the low correlation between the true and the posterior observations
when we exclude observational noise. However, this relation cannot be used to correct for the underestimate,
since it is obscured when we introduce observational noise. We consider that since the point source plumes
are sharper, they are harder to capture in simulations than more diffuse plumes, resulting in the observed
underestimate. The underestimate depends strongly on the difference between the prior and the truth: if
the prior is much lower, the underestimate grows, and if it is higher it largely disappears (Fig. S3). This is
a consequence of the weight of the prior in the cost function, which increases when larger adjustments are
needed. Again, we consider that our prior for point sources in the analysis of the main manuscript is likely
reasonably close to the truth, since it is constructed from the Sentinel-2 analysis.

While our OSSE is a useful tool to assess uncertainties of the inverse system, there are limitations. Im-
portantly, all five WRF simulations were driven by the same meteorological data (NCEP), which means that
while the simulated plumes vary significantly (e.g. Fig. 2 in main text), they are are generally more similar
than the simulated versus TROPOMI-observed plumes. Additionally, we have explored the effect of Gaus-
sian noise in the synthetic TROPOMI data on the quality of the emission estimate, but TROPOMI errors
are not purely Gaussian and can have large-scale (bias) patterns that can result in significant uncertainties
in the emission estimate. Both limitations likely result in an underestimate of the uncertainty. However, the
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Figure S3: Ratios between prior and true emissions (x-axis) and posterior and true emissions (y-axis), for
five different OSSE’s that each have a different scaling of the prior (i.e., the x-axis).

general findings (e.g., the underestimated point source contribution) are applicable to our inversions.

S2 Details on Sentinel-2 analysis

We have analysed Sentinel-2 methane data over Hassi R’Mel and Hassi Messaoud, and detected one source
in Hassi R’Mel and ten in Hassi Messaoud (see Table S4 and Fig. S4). The aggregate results and important
conclusions are presented in the main manuscript. Here, we provide some additional details.

Fig. S4 shows visual imagery of each source location, which we use to identify the facility type per source
(given in Table S4). Sources emit with a range of frequencies, from one plume detection for M07 to 102
(90.3% of days with good data) for M03a. It is possible that on days with no plume detection, sources still
emit, but below the Sentinel-2 detection limit (see also Section S3). The source rates also vary between
locations: M06 has the highest average emissions, but plumes are detected only on three days. Afterwards,
frequent flaring is visible in Sentinel-2 at M06, which ends in May 2020. M08 (also in Varon et al. [2021])
emits on the high end for semi-continuous sources (8.4 t/hr compared to e.g., 3.9 ton/hour for M03a). M08
stops emitting after 8 Aug 2020. Similar to M06, after M08 stops emitting Sentinel-2 shows flaring at this
location, with the last flare visible in Sentinel-2 on 26 Aug 2020. Additionally, on 7 Sentinel-2 overpasses in
2020 flaring is visible at M07. Further details are provided in Table S4.

Our emissions for M08 compare well (on average lower by 0.4 t/hr) to those reported in Varon et al.
[2021] (left panel in Fig S4). The remaining differences between our estimates likely come from differences
in the retrieval (e.g., our use of a ten-day median reference day), differences in the plume masking approach
and the wind dataset that is used for the effective wind speed calculation (here: ERA-5; in Varon et al.
[2021]: GEOS-FP). Pandey et al. [2022] report a Sentinel-2 based emission rate for 4 Jan 2020 at M06 of 21
± 6 t/hr, calculated with cross-sectional flux method, which is consistent with our estimate of 29 ± 15 t/hr.

All Hassi Messaoud sources produce plumes that are isolated enough for individual IME quantification.
However, the Hassi R’Mel source R01 is located near several flares towards the west and south-west (visible
in middle panel of Fig. S4) that are turned on for most of 2020. On days where the plume is transported
over the flares, we can still identify that R01 is emitting, but the IME quantification becomes unreliable due
to flare-induced saturation of the SWIR band overlapping the plume. To allow for point source emissions in
the posterior on these days, we set the source rate to the average source rate on days where we can get a
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reliable quantification (red markers in left panel of Fig. S4).

S3 GHGSat detections near M06 in Hassi Messaoud

To better understand the Sentinel-2 plume data, we use five observations by GHGSat-C1 over Hassi Mes-
saoud. GHGSat-C1 is a dedicated methane satellite instrument retrieving plume images at ∼25-m resolution
for∼10 x 15 km2 spatial domains. Emissions are calculated using the IMEmethod as described in Maasakkers
et al. [2022]. The GHGSat constellation has been reported to have a detection limit of ∼100 kg hr−1 [ESA,
2022] and detected an emission event of ∼200 kg hr−1 in a blind controlled release study [Sherwin et al.,
2022].

In each of the five GHGSat observations (Fig. S5) we detect plumes from an inactive flare at (31.843,
6.143) near the M06 site with emission rates of 0.4-1.2 t hr−1. Emissions from the same source are detected
on 6 other days by Sentinel-2 with emission rates of 2.5-5.1 t hr−1. On November 7 and 14, Sentinel-2
provides coverage over the site but the emission plumes are not detectable above the noise, illustrating that
there are large point source emissions beyond those detected by Sentinel-2.
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PBL scheme Full name

1 Yonsei University Scheme (YSU) [Hong et al., 2006]

2 Mellor–Yamada–Janjic Scheme (MYJ) [Janjić, 1994]

3 NCEP Global Forecast System Scheme (GFS) [Hong and Pan, 1996]

4 Quasi–normal Scale Elimination Scheme (QNSE) [Sukoriansky et al., 2005]

5 Mellor–Yamada Nakanishi Niino Level 2.5 (MYNN2) [Nakanishi and Niino, 2006]

Table S1: Planetary boundary layer (PBL) schemes used for the five different WRF-Chem simulations.

Point source emissions [Tg/yr] Diffuse emissions [Tg/yr] Total emissions [Tg/yr]

Hassi R’Mel

Prior 0.06 [0.03-0.09] 0.33 [0.17-0.50] 0.39 [0.19-0.58]

Posterior 0.04 [0.02-0.06] 0.12 [0.08-0.18] 0.16 [0.11-0.22]

Hassi Messaoud

Prior 0.13 [0.06-0.19] 0.12 [0.06-0.18] 0.25 [0.12-0.37]

Posterior 0.11 [0.06-0.15] 0.11 [0.06-0.17] 0.22 [0.13-0.28]

Table S2: Annual total emissions per investigated domain for the super-emitters and the diffuse area emis-
sions, with ranges indicating the full range of the sensitivity ensemble (see Table 1 in main manuscript).

Point source emissions [Tg/yr] Diffuse emissions [Tg/yr] Total emissions [Tg/yr]

Hassi R’Mel

Prior 0.00 0.33 0.33

Posterior 0.00 0.18 0.18

Hassi Messaoud

Prior 0.00 0.12 0.12

Posterior 0.00 0.21 0.21

Table S3: Annual total emissions for one inversion per investigated domain in which the TROPOMI data
was coarsened to 1.0◦ resolution, only diffuse emissions are included, and in which we optimize the CAMS
background monthly. This inversion is intended to represent conventional inversions that cover larger areas
with generally lower spatial resolution. This result falls within the uncertainty ensemble of the reference
inversions (see Table S2)
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Name Lat [◦] Lon [◦] Plume count Plume % Qav [t/hr] Source type

R01 32.8414 3.2428 34 72.3 5.26 Pit flare.

M01 31.7570 6.1689 5 4.2 4.43 Ground flare.

M02 31.6166 5.9671 5 4.2 6.71 Ground flare.

M03a 31.7777 5.9951 102 90.3 3.91 Ground flare.

M03b 31.7687 6.0003 47 43.9 3.86 Ground flare.

M04 31.7333 5.9678 28 25.2 3.31 Ground flare.

M05 31.7563 5.9425 14 13.1 2.19 Ground flare.

M06 31.8639 6.1730 3 2.5 32.54 Production well.

M07 31.1637 5.9652 1 0.8 8.23 Ground flare.

M08 31.6585 5.9053 71 60.7 8.39 Ground flare.

M09 31.7458 5.9027 61 59.2 3.38 Ground flare.

Table S4: Source locations found in the Sentinel-2 analysis. For each source we provide the coordinates, the
number of plume detections in 2020 (Plume count), the percentage of days with good Sentinel-2 data (e.g.,
no clouds) that have plumes (Plume %), the average IME-calculated emission rate on days with a plume
detection (Qav), and the identification of the source based on visual imagery (see Fig. 3 and Fig S4).
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Figure S4: Sentinel-2 detections and IME-calculated emission timeseries per site. The left column shows the
emission timeseries per source location (orange, with black indicating the day shown in the middle panel),
literature estimates (purple; M06: Pandey et al. [2022]; M08: Varon et al. [2021]), and red markers show for
R01 days on which a visible plume overlaps with flares. For these days we take the 2020 averaged source
rate, since the IME quantification is unreliable. Uncertainty margins indicate the 50% 1-SD that is used in
the inversion. The middle column shows the IME plume quantification for one day (marked with black in
left column), with the source location marked with x, the plume box marked in blue, the background box
in orange, and the plume mask as bright colors. The arrow shows the 10-m ERA-5 wind direction. Source
location, date and the estimated source rate are given at the top of the figure. The right column shows the
visual Bing imagery (©Vexcel Imaging, 2023) that is used to identify the source.
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Figure S4: Continued.
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Figure S4: Continued.
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Figure S5: Plumes observed near the M06 location by GHGSat-C1. Emission estimates are based on the
IME method as described in Maasakkers et al. [2022]. Emissions come from an inactive flare on all days
except for December 10, when emissions originate more eastward. Background imagery taken from ESRI
World Imagery [ESRI et al., 2022]. Black arrows in the bottom right indicate the GEOS-FP wind direction.
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