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Abstract.

Methane (CH4) is the second most abundant anthropogenic greenhouse gas after CO2. Emissions from the Eastern Mediter-

ranean and Middle East (EMME) are of particular relevance, as the region hosts a large share of global oil and gas production

and thus offers significant mitigation potential. In this study, we use TROPOMI satellite observations in combination with the

Lagrangian particle dispersion model FLEXPART and the inversion framework FLEXINVERT+ to estimate CH4 emissions5

in the EMME region for 2020. We perform sensitivity experiments to address methodological challenges and better quantify

emission uncertainties.

Our inversions show robust downward corrections of emissions around the Persian Gulf relative to the EDGAR v8.0 inven-

tory, consistent with the recently released EDGAR_2025_GHG dataset, yielding total emissions of 22.4 (±1.9) Tg yr−1 in the

EMME region. At the national scale, we derive emissions of 4.6 (±0.4), 3.6 (±1.1), 3.5 (±0.8), 2.8 (±0.4), and 1.9 (±0.4)10

Tg yr−1 CH4 for Iran, Saudi Arabia, Turkey, Iraq, and Egypt, respectively. While many countries in the region appear to sub-

stantially underestimate their emissions, Greece, subject to mandatory reporting requirements, reports emissions comparable

to our inversion estimates. Our results further suggest a decrease in emissions in the EMME region during 2020, coinciding

with reduced oil demand during the COVID-19 epidemic.

Our satellite-based inversions provide robust constraints in regions with strong emission signals and good observational cov-15

erage (e.g. Iran, Iraq), while other regions show greater sensitivity to uncertainty settings and a priori estimates. Our sensitivity

analyses highlight the importance of baseline optimization and its associated uncertainty.

1 Introduction

The emissions-based effective radiative forcing attributable to CH4 contributed roughly 31% of the total forcing from anthro-

pogenic GHG emissions and their precursors over the industrial era (Forster et al., 2021), second only to carbon dioxide (CO2).20

CH4 has a Global Warming Potential (GWP) of 29.8 for fossil sources and 27.0 for non-fossil sources over a 100-year horizon,
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rising to 82.5 and 79.7, respectively, over a 20-year time span (Szopa et al., 2021). Its relatively short atmospheric lifetime of

about 9.25 years (Szopa et al., 2021) makes CH4 a crucial target for mitigating near-term warming. Atmospheric CH4 mole

fractions are currently about 2.6 times higher than its estimated pre-industrial levels. Following strong growth in the 1990s,

mole fractions stabilized in the early 2000s (e.g. Rigby et al., 2008), before increasing again since 2006 (Lan et al., 2025).25

This increase is driven by anthropogenic emissions from agriculture, fossil fuel extraction and use, waste management, and

alterations to natural CH4 fluxes (Saunois et al., 2025).

Anthropogenic sources account for roughly two-thirds of global CH4 emissions, and approximately one-third of these are

associated with fossil fuel production, of which 56% are attributed to oil and gas activities (Saunois et al., 2025). CH4 emissions

in the oil sector originate mainly from venting of associated gas, incomplete combustion during flaring, and activities related30

to transport and refining, while in the gas sector, emissions occur throughout the life cycle, primarily as fugitive emissions and

during flaring (IEA, 2024). The oil and gas sector is of particular relevance, as it represents the greatest potential for low-cost

CH4 mitigation, supported by many readily applicable and technologically feasible solutions (Nisbet et al., 2020; Ocko et al.,

2021).

A large fraction of global oil and gas extraction occurs in the Eastern Mediterranean and Middle East region1 (EMME). The35

Middle East represents a key region for mitigating CH4 emissions accounting for approximately one-third of the world’s oil

production and approximately one-sixth of the global natural gas supply (IEA, 2021). Hotspots are concentrated around the

Persian Gulf and its coastal areas, which host a large number of oil and gas fields. Another emission hotspot is the Gulf of

Suez (Bourtsoukidis et al., 2024), while high levels of CH4 mole fractions have also been observed over the Suez Canal and

the Red Sea, primarily linked to nearby oil and gas activities (Paris et al., 2021). In the eastern Mediterranean, significant gas40

fields have been discovered in the Nile Delta (Cozzi et al., 2021) and the Levantine Sea (Karcz et al., 2019).

However, emission estimates for the oil and gas sector are highly uncertain due to the large number of point sources involved,

ranging from large, high-impact sites (Irakulis-Loitxate et al., 2021) to smaller sources that collectively contribute significantly

to regional totals (Williams et al., 2025). The complexity is further compounded by considerable temporal variability. Some

sources release emissions unpredictably, with emissions turning on and off intermittently, while broader fluctuations occur45

across production basins due to changing operational conditions (Cusworth et al., 2021, 2022). Therefore, there is considerable

variability between inventories for individual countries and regions (Scarpelli et al., 2022), while most studies suggest that

CH4 emissions from the oil and gas industry are underestimated by inventories and agencies (Saunois et al., 2025).

Consequently, CH4 emission estimates in the EMME region remain highly uncertain, despite the region’s substantial contri-

bution to global CH4 emissions. Reported total emissions for the Middle East vary significantly, ranging from 21 to 47 Tg CH450

per year (Saunois et al., 2025). Furthermore, the recent release of EDGAR_2025_GHG (Crippa et al., 2025), which incor-

porates updated energy activity statistics, shows considerable differences in the EMME region compared to its predecessor,

EDGAR v8.0 (Crippa et al., 2023). Additionally, also observation-based top-down methods, such as inverse modeling, face

1including Bahrain, Cyprus, Egypt, Greece, Iran, Iraq, Israel, Jordan, Kuwait, Lebanon, Oman, State of Palestine, Qatar, Saudi Arabia, Syrian Arab

Republic, Turkey, United Arab Emirates (UAE), and Yemen
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huge challenges in quantifying emissions in the EMME region due to the scarcity of ground based measurements (e.g. Ricaud

et al., 2018; Paris et al., 2021).55

Given these limitations, satellite instruments can provide an alternative constraint on CH4 emissions by detecting atmo-

spheric CH4 from backscattered sunlight in the shortwave infrared (Jacob et al., 2022). The TROPOspheric Monitoring Instru-

ment (TROPOMI), launched on Sentinel 5P in 2017, has been used in several inversion studies to constrain CH4 emissions at

global (e.g. McNorton et al., 2022) and local (e.g. Shen et al., 2021) scales, as well as to quantify emissions from individual

oil and gas basins (e.g. Zhang et al., 2020; Shen et al., 2022). Chen et al. (2023) used TROPOMI observations to quantify CH460

emissions in the Middle East and North Africa in 2019, revealing significant discrepancies with bottom-up estimates. Their

analysis found that total anthropogenic emissions were 35% higher than reported, with emissions from the gas sector exceeding

prior estimates by 103%.

Satellite-based inversions predominantly use Eulerian atmospheric transport models to relate total column mole fractions to

surface fluxes, employing techniques such as adjoints, Green’s functions, or ensemble approaches (Bergamaschi et al., 2009;65

Varon et al., 2022; Tsuruta et al., 2023). A key advantage of these methods is that their computational cost remains independent

of the number of observations, which can be very large when using satellite data. However, Lagrangian particle dispersion

models (LPDMs) can offer advantages over Eulerian models by providing more accurate simulations of atmospheric processes

like advection and turbulence, allowing to initialize simulations for any given observation geometry and independently of

a grid, and ensuring conservation of mass. They also exhibit less numerical diffusion and can simulate both near- and far-70

field dispersion (Lin, 2012). However, when LPDMs are applied in backward mode, as is common in inverse modeling, the

computational cost scales with the number of observations, thereby limiting the number of observations that can be effectively

used. Recently, Thompson et al. (2025) developed a methodology for efficiently integrating total column observations into an

LPDM-based inversion and applied it in a case study to estimate CH4 fluxes over Siberia using TROPOMI data. The same

methodology was recently adopted by Subramanian et al. (2025) to estimate CH4 emissions in India.75

In this study, we adopt the methodology of Thompson et al. (2025), using TROPOMI observations to estimate CH4 emissions

in the EMME region through an LPDM-based inversion for the year 2020. While improving emission estimates for the EMME

region constitutes our primary research objective, we also explore methodological aspects. We employ systematic sensitivity

analyses to identify the parameters that most strongly influence inversion results. Similar to Vojta et al. (2025), we explore

the relevant parameter space, placing particular emphasis on the baseline optimization. Through these methodological tests,80

we aim to constrain the inversion setup as robustly as possible in order to derive a reliable and defensible estimate of CH4

emissions in the EMME region.
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2 Methodology

2.1 TROPOMI satellite observations

In this study, we utilize column-averaged CH4 mole fractions (XCH4) over the inversion domain2 (15-65 ◦E, 10-50 ◦N), re-85

trieved from TROPOMI data for the year 2020. TROPOMI is an imaging spectrometer aboard the Sentinel-5 Precursor satellite,

which follows a polar sun-synchronous orbit. It operates by measuring the solar radiation reflected from Earth’s surface us-

ing a push-broom technique. The instrument provides near-daily global coverage with a swath width of 2600 km and a nadir

ground resolution of 7x5.5 km2 at approximately 13:30 local overpass time (Veefkind et al., 2012). Retrievals are sensitive to

CH4 at all atmospheric altitudes, including the planetary boundary layer, making them suitable for studying CH4 emissions90

(Schneising et al., 2020). We use TROPOMI CH4 data from the WFM-DOAS (Weighting Function Modified Differential Op-

tical Absorption Spectroscopy) retrieval algorithm, version 1.8 (Schneising et al., 2020, 2023), including only retrievals with a

valid quality flag.

To decrease the total number of observations and, consequently, reduce LPDM and inversion computational costs, we ag-

gregate retrievals into so-called "super observations", which also helps to reduce random errors. The level of averaging is95

determined based on the standard deviation of total column mole fractions, with the spatial resolution adaptively adjusted to re-

tain higher resolution in regions of strong variability (see Thompson et al., 2025). For each day, we apply a two-step averaging

process, where we aggregate observations within 0.25◦ and 0.5◦ resolution grid cells. Over the course of 2020, the aggregation

results in approximately one million super observations entering the inversion. Thompson et al. (2025) and Subramanian et al.

(2025) assigned retrievals to the super-observation grid based on their midpoint coordinates, such that retrievals whose ground100

pixels overlap multiple grid cells are entirely attributed to a single super-observation cell, neglecting their partial contribution

to adjacent cells. To better account for such overlaps, we subdivide each retrieval pixel into 25 sub-elements of equal area

and assign each sub-element individually to the super-observation grid, calculating an area-weighted averaging of retrieval

sub-elements within each grid cell. While this approach provides a more accurate treatment of overlapping ground pixels,

we demonstrate in the supplement (Sect. S1) that, for our application, differences compared to the midpoint-based approach105

remain small (below 0.1%) in most grid cells and reach a few ppb in isolated cells only.

Retrieval errors are likely spatially correlated given that nearby retrievals experience similar atmospheric and surface con-

ditions and are likely influenced by systematic instrumental, algorithmic, or prior-field biases. To account for that, we assume

that retrieval errors are correlated within each super-observation cell using a spatial exponential decay function, adopting a cor-

relation length of 30 km based on the findings of Rijsdijk et al. (2025) for NO2. Finally, derived super observation uncertainties110

are then used as variances in the observation error covariance matrix.

Super observations in 2020 (Fig. 1a) show highest column mole fractions over Iran, Iraq, and Saudi Arabia, with maxima

near the southern Caspian Sea and in regions surrounding the Persian Gulf, where intensive oil and gas production takes place.

In contrast, lower mole fractions are observed over Egypt, Libya, and areas north of the Mediterranean Sea. Domain-averaged

2Please note that the inversion domain covers the area between 15–65°E and 10–50°N. In contrast, the term EMME region refers to the group of countries

within this domain, as defined above, and not to the entire rectangular inversion domain
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Figure 1. (a) Annually averaged super observation column mole fractions, shown for grid cells with ≥ 20 super observations, (b) number

of super observations per grid cell; (c) seasonal variation of monthly mean column mole fractions averaged over the entire inversion domain

(blue line, with blue shading showing range of one standard deviation) and total number of observations per month within the domain (red

line).

column mole fractions (Fig. 1c) show an overall increase throughout 2020, with a pronounced rise between July and August.115

Notably, this pattern differs from typical time series derived from ground-based in-situ observations, which often exhibit a

summer minimum due to enhanced hydroxyl radical (OH) concentrations, although similar seasonality has occasionally been

reported also from ground-based stations (e.g. Gialesakis et al., 2023). In contrast, such behavior is not unusual for column

measurements (see e.g. Subramanian et al., 2025; Thompson et al., 2025; Kivimäki et al., 2025; Shahzadi et al., 2026) and was

primarily attributed to variations in tropopause height (Shahzadi et al., 2026).120

Most of the Middle East is well covered by super observations (Fig. 1b), whereas coverage is substantially lower north of the

Mediterranean Sea where cloudiness is higher. Coverage over the ocean is very limited, since reliable retrievals are generally

restricted to sun-glint conditions. The total number of super observations reaches its maximum in September and October

(Fig. 1c).
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2.2 A priori emissions125

In our inversion, we optimize gridded a priori CH4 fluxes that comprise contributions from (1) anthropogenic emissions,

(2) wetlands, (3) biomass burning, (4) geological sources, (5) termites, (6) rivers and streams, (7) shallow coastal waters and

oceans, and (8) soil uptake (sink) fluxes. The datasets used for each source sector were regridded to a common spatial resolution

of 0.5◦× 0.5◦ and are listed in Table S1, while the corresponding emissions are illustrated in Fig. S3. Wetlands contribute

substantially to total CH4 emissions in the western Sahel region, while geological emissions are particularly pronounced in130

Romania due to natural hydrocarbon-related gas seeps (e.g., Baciu et al., 2018). Methane emissions in the EMME region

are dominated by anthropogenic sources, which account for approximately 95% of total emissions. For the anthropogenic

emissions we use the EDGAR v8.0 dataset (Crippa et al., 2023), which includes contributions from the sectors (i) agriculture,

(ii) buildings, (iii) fossil fuel exploitation, (iv) industrial combustion, (v) industrial processes, (vi) power industry, (vii) transport

and (viii) waste, as illustrated in Fig. 2. Although agriculture and waste are important contributors, the largest emission fluxes135

are associated with fossil fuel exploitation, particularly around the Persian Gulf and adjacent coastal regions, with a high

density of oil and gas fields. Overall, fossil fuel exploitation accounts for roughly 60% of total CH4 emissions in the EMME

region, as estimated by EDGAR v8.0. A further subdivision of fossil fuel exploitation sector into emissions from gas, oil, and

coal is presented in Fig. S4, based on the Global Fuel Exploitation Inventory GFEI v3 (Scarpelli et al., 2025).

A particularly interesting aspect for our study is the recent release of EDGAR_2025_GHG, which shows considerable140

differences compared to EDGAR v8.0. In the new version, CH4 emission estimates were updated through revised emission

factors for rice cultivation, waste landfilling, and waste incineration, and by including fugitive emissions from abandoned

mines (Crippa et al., 2025). However, for the EMME region, we find that the largest differences originate from the fossil fuel

exploitation sector. Figure 3 illustrates the differences between the two EDGAR versions for anthropogenic CH4 emissions in

the EMME region, showing the total emissions and the spatial distribution of the differences on a map. EDGAR_2025_GHG145

shows substantially lower total EMME emissions, largely due to reduced fuel exploitation emissions around the Persian Gulf.

Further reductions are found in northwestern Egypt, and western Turkey.

The observed discrepancies in the fuel exploitation sector are most likely related to updated International Energy Agency

(IEA) energy statistics, while no major changes in the sectoral emission factor methodologies are explicitly reported by Crippa

et al. (2025). For our reference inversions, we use anthropogenic emissions from EDGAR v8.0 as our prior estimate. In150

addition, we perform inversions using EDGAR_2025_GHG and further construct two additional a priori emission fields by

replacing the fuel exploitation sector in both EDGAR inventories with that from the GFEI inventory ("EDGAR v8.0 + GFEI",

"EDGAR_2025_GHG + GFEI") to evaluate the robustness of inversion results.

A priori emission uncertainties are specified as a fraction of the corresponding total emission values in each grid cell, im-

plicitly assuming that grid cells with higher emissions also carry proportionally larger uncertainties. For the reference inversion155

setup, we assume a relative uncertainty of 100% and a minimal value of 1 · 10−8 kg m−2 h−1. In addition, we perform sen-

sitivity tests with uncertainties ranging from 30% to 200%. Spatial and temporal correlations between emission errors are

represented using an exponential decay function. In the reference inversions, we assume a spatial correlation length of 100 km
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Figure 2. Anthropogenic a priori CH4 emission from EDGAR v8.0 for the year 2020 including the sectors (i) agriculture, (ii) buildings,

(iii) fossil fuel exploitation, (iv) industrial combustion, (v) industrial processes, (vi) power industry, (vii) transport and (viii) waste. The

lower right panel shows the sum of all anthropogenic CH4 emissions. Values in brackets indicate the total 2020 annual emissions for each

anthropogenic sector in the EMME region.

and a temporal correlation length of 30 days. Sensitivity tests further explore spatial correlation lengths between 50 and 500 km

and temporal correlation lengths between 30 and 180 days.160

7

https://doi.org/10.5194/egusphere-2026-3792
Preprint. Discussion started: 21 July 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure 3. (a) Anthropogenic CH4 emissions in the EMME region for the year 2020 from EDGAR versions v8.0 and 2025_GHG, showing

total emissions with sectoral contributions from fossil fuel exploitation and other anthropogenic sources. (b) Spatial distribution of the

differences between both versions.
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2.3 Atmospheric transport and modeled mole fractions

A modeled vertical profile of CH4 mole fractions x can be compared with the regularized "real" CH4 profile entering the XCH4

retrieval by applying the averaging kernel A used in the retrieval:

xm = xpri +A
(
x−xpri

)
, (1)

where xpri denotes the a priori profile used in the retrieval, and xm represents the model profile corresponding to the regularized165

retrieval profile (Rodgers and Connor, 2003). For a retrieval defined on N discrete pressure layers, the column-average mole

fractions xavg can be expressed as the weighted sum of the contributions from the individual retrieval layers:

xavg = xpri
avg +

N∑

n=1

anwnxn −
N∑

n=1

anwnx
pri
n , (2)

where xpri
avg represents the prior column-average mole fraction, an denotes the n-th element of the column averaging kernel, wn

is a pressure-weighting factor related to the thickness of the corresponding pressure layer, xn is the modeled mole fraction in170

a specific layer n, and xpri
n is the prior mole fraction in layer n. To model xn we use the LPDM FLEXPART 10.4 in backward

mode to simulate the atmospheric transport of CH4, by tracing a large number of virtual particles from the n-th layer to the

corresponding surface fluxes for 20 days. When using LPDM models, xn can be expressed as the sum of two contributions:

xn =Hnf +Hini
n yini (3)

The first term in Eq. 3 represents the contribution from surface fluxes f occurring within the LPDM simulation period, while175

the second term corresponds to the contributions from mole fractions present in the atmosphere prior to the simulation period

(the so-called baseline), that can be estimated from a 3D field of initial mole fractions yini (see e.g. Thompson and Stohl, 2014).

Hn represents the sensitivity to the fluxes while Hini
n represents the sensitivity to the initial mole fractions, both calculated from

the LPDM model. Inserting Eq. 3 into Eq. 2 yields:

xavg = xpri
avg +

N∑

n=1

anwnHnf +

N∑

n=1

anwnH
ini
n yini −

N∑

n=1

anwnx
pri
n . (4)180

where the column averaged sensitivities to the fluxes and the initial mole fractions can be expressed as:

Hcol =

N∑

n=1

anHnwn, Hcol,ini =

N∑

n=1

anH
ini
n wn. (5)

In this formulation, the sensitivities must be computed separately for each retrieval layer and, consequently, requires the

maintenance of information about which retrieval layer a particle had originated. Thompson et al. (2025) demonstrated that
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the information anwn can be incorporated more efficiently by varying the particle number in each layer, according to Pn =185

P anwn, where P denotes the total number of particles released per retrieval. The column averaged sensitivities can then be

calculated for a grid cell i, as follows3:

Hcol
i =

1

ρi

1

P

∑

p=1

lp,i∆tp,i, Hcol,ini
i =

1

P

∑

p=1

lp,i, (6)

where ρi is the air density in the i-th grid cell, ∆tp,i is the particle residence time of the particle in the grid cell, and lp,i

is a transmission function for the particle p, representing the fraction of particle "mass" remaining, which may change due190

to atmospheric chemistry. These formulations of the sensitivities produce results consistent with the full layer calculation

while requiring substantially less computation time, allowing total column measurements to be treated as efficiently as point

observations. The approach is described in detail in Thompson et al. (2025).

In this study, we release 40,000 virtual particles per super observation, and sensitivities are calculated at 0.5° resolution over

the inversion domain (15-65 ◦E, 10-50 ◦N) and at 2.0° globally4, both with 30 vertical layers of 0.1, 0.2, 0.35, 0.5, 0.75, 1, 1.5,195

2, 2.5, 3, 3.5, 4, 4.5, 5, 6, 7, 8, 9, 10, 12.5, 15, 17.5, 20, 22.5, 25, 30, 35, 40, 45, and 50 km above ground level (agl) interface

heights. The flux sensitivities were computed only for the lowest atmospheric layer, extending from 0 to 100 magl, where the

majority of emissions occur. To drive the FLEXPART simulations, we use hourly ERA5 wind fields - the fifth generation of the

European Centre for Medium-Range Weather Forecasts (ECMWF) atmospheric reanalysis (Hersbach et al., 2018). Specifically,

we employ wind fields with a resolution of 0.25◦×0.25◦ for the inversion domain and 0.5◦×0.5◦ for the global domain, each200

with 137 vertical levels.

2.4 Atmospheric inversion

To estimate CH4 emissions in the EMME region, we employ the Bayesian inversion framework FLEXINVERT+, which

optimizes emissions by minimizing the cost function J :

J(z) =
1

2
(z− zp)

TB−1(z− zp)+
1

2
(Hz−y)TR−1(Hz−y), (7)205

where y represents the observation vector, z and zp represent the state vector and its a priori values, respectively; H is the

atmospheric transport operator, R is the observation error covariance matrix, and B is the a priori error covariance matrix.

From a Bayesian perspective, the cost function J is the negative logarithm of the posterior probability distribution, derived

through Bayes’ theorem (e.g., Tarantola, 2005). Consequently, minimizing J corresponds to maximizing the posterior prob-

ability and yields the most probable estimate of emissions (a posteriori emissions). To minimize the cost function, we utilize210

the M1QN3 algorithm (Gilbert and Lemaréchal, 2006), a quasi-Newton method that approximates the inverse Hessian using

limited-memory techniques, making it suitable for large-scale unconstrained minimization problems. After initial tests, we set
3The number of terms in the summation depends on the number of particles residing in the ith grid cell
4global sensitivities are needed to calculate the baseline

10

https://doi.org/10.5194/egusphere-2026-3792
Preprint. Discussion started: 21 July 2026
c© Author(s) 2026. CC BY 4.0 License.



the number of iterations to 20 for the sensitivity experiments, as the cost function showed only minor changes beyond this

point. For our final results, however, we increased the number of iterations to 30.

Run-specific uncertainties of the a posteriori emissions are estimated using a Monte Carlo approach (e.g. Tarantola, 2005).215

An ensemble of 100 inversions is generated by perturbing the a priori emissions according to their prescribed uncertainties.

The uncertainty of the resulting a posteriori emissions is then derived from the standard deviation of the posterior emissions

across the ensemble.

The state vector is composed of two key components: offsets to the a priori emissions and initial mole fraction scalars.

Emission offsets are optimized at a temporal resolution of 30 days and at spatial resolutions of 0.5◦ or 1.0◦, depending on220

the influence of individual grid cells on the observations (Fig. S5), as determined from emission sensitivities and a priori

emissions (Thompson and Stohl, 2014). The baseline is optimized through scaling factors, which adjust the contribution from

the initial mole fraction fields aggregated over coarse grid cells. For the initial fields we use the CAMS global greenhouse gas

reanalysis EGG4 (Copernicus Atmosphere Monitoring Service, 2021; Agustí-Panareda et al., 2023), and optimize scalars over

four latitudinal bands (90°–30°S, 30°S–0°, 0°–30°N, 30°–90°N) and three vertical layers (0–2 km, 2-10 km, and 10–50 km225

above ground level). Baseline scalars are optimized over 30-day periods, and a relative uncertainty of 1.5% is assumed for

the reference inversion. This choice is based on reported monthly errors of approximately 25 ppb in the EGG4 initial fields

when compared to surface and tropospheric column observations (Agustí-Panareda et al., 2023). To assess the impact of the

uncertainty assigned to the baseline optimization factors, we further test a wide range of values from 0.1% to 7% and investigate

the respective inversion results in detail.230

The recent version of FLEXINVERT+ provides the option to use a lognormal a priori error distribution. Since fluxes of

many species are approximately lognormally distributed (e.g. Cui et al., 2018), their associated uncertainties may also be better

represented by a lognormal distribution. This approach is particularly useful when preserving the sign of the fluxes is desired,

as it prevents unphysical negative emissions5. The cost function for finding the median of the a posteriori distribution reads:

Jmed(z) =
1

2
(ln(z)− ln(zp))

⊤Σ−1(ln(z)− ln(zp))+
1

2
(Hz−y)⊤R−1(Hz−y) (8)235

where Σ is the a priori error covariance matrix in log-space, corresponding to uncertainties defined in terms of ln( z
zp
). While

the recent implementation is described and evaluated in Vojta et al. (2026), further applications are warranted to assess its

performance. Therefore, we apply this approach in addition to using a normal a priori distribution to test the robustness of our

inversion results.

2.5 Sensitivity tests240

We perform a series of sensitivity tests to investigate key challenges and parameter dependencies when using satellite data

in atmospheric inversions. We put a focus on the baseline optimization, motivated by the studies of Thompson et al. (2025)

and Subramanian et al. (2025), whose approach we follow and who employed the same baseline optimization methodology.
5notice that the soil sink of CH4 is rather small and should rarely lead to net negative fluxes
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Both studies used the 2020 EGG4 initial mole-fraction fields but assumed substantially different uncertainties for the base-

line scaling factors. Subramanian et al. (2025) applied uncertainties between 0.3% and 0.7%, derived from RMSD differences245

between EGG4 and TROPOMI datasets, whereas Thompson et al. (2025) adopted a much larger uncertainty of 5% to com-

pensate for substantial baseline biases. While this larger uncertainty allowed biases in the initial mole-fraction fields to be well

corrected, a posteriori emissions remained relatively close to the a priori values. This may indicate that a substantial share of

the observational information was accommodated by the baseline optimization, particularly in the context of relatively limited

observational coverage over their study region, Siberia. This behavior motivates the systematic investigation presented here.250

Similar to Vojta et al. (2025), we systematically explore the parameter space, starting from a reference inversion setup. We test:

– baseline uncertainties of 0.1, 0.3, 0.5, 0.7, 1.0, 1.3, 1.5, 2.0, 2.5, 3.5, 5, and 7%.

– four different a priori emission data sets: (i) EDGAR v8.0, (ii) EDGAR_2025_GHG, (iii) EDGAR v8.0 + GFEI, (iv)

EDGAR_2025_GHG + GFEI (see Sec. 2.2)

– a priori emission errors of 30, 50, 100, 150, and 200%.255

– spatial error correlation lengths of 50, 100, 175, 250 and 500 km.

– temporal error correlation lengths of 30, 90 and 180 days.

– a lognormal a priori error distribution in addition to the normal distribution.

3 Results and discussion

3.1 Observed and modeled column mole fractions260

Figure 4 shows the daily means of observed column mole fractions averaged over the inversion domain, together with the

corresponding averages of the a priori and a posteriori modeled mole fractions and their respective contributions from the

baseline. While the a priori modeled mole fractions exhibit large discrepancies compared to the observations, the inversion

brings the a posteriori mole fractions much closer to the observed values, confirming the proper functioning of the optimization

process with respect to the second term in the cost function. The large discrepancies in the a priori modeled mole fractions265

originate most likely from a bias in the initial mole fraction fields, leading to a baseline that even exceeds the observations

during some periods of the first half of the year, indicating that the EGG4 initial mole fraction fields are too high. Indeed,

Agustí-Panareda et al. (2023) reported a relatively strong EGG4 positive bias in the upper troposphere–lower stratosphere, a

region strongly influenced by long-range transport and characterized by large uncertainties in CH4 chemical loss. They also

noted that the assimilated satellite data were not able to effectively constrain stratospheric CH4 in their reanalysis, which likely270

explains the positive baseline bias observed here.

The inversion is able to correct this bias, as reflected in the a posteriori baseline, which is shifted toward lower values by

approximately 20 ppb during this period. A similar seasonal pattern in the baseline optimization was reported by Thompson
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Figure 4. Daily averages of observed column mole fractions (solid black line), a priori modeled column mole fractions (solid red line), a

posteriori modeled column mole fractions (solid green line), the a priori baseline (dashed red line), and a posteriori baseline (dashed green

line), averaged over the study domain.

et al. (2025), likewise suggesting that the EGG4 fields may be biased during early 2020. However, the baseline corrections

needed in our inversion are only about half as large as theirs. An additional validation against an independent dataset from the275

TCCON station in Nicosia is provided in the supplementary section S4. Notice, that the observations at Nicosia show a similar

seasonal pattern than the domain averaged observed mole fractions shown in Fig. 1 and Fig. 4.

3.2 Spatial analysis of inversion results

Figure 5 shows (a) the inversion increments (a posteriori minus a priori emissions), (b) the relative error reduction, calculated

for each grid cell based on the a priori and a posteriori Monte Carlo ensemble (see Sect. 2.4), (c) the a posteriori emission dis-280

tribution, and (d) the a posteriori ensemble emission uncertainty. The results in Fig. 5a,c are shown for the reference inversion,

averaged over the year 2020. The inversion produces the largest emission corrections in regions surrounding the Persian Gulf,

where a posteriori emissions are substantially reduced compared to the prior estimates. Strong negative increments are also

found in northern Iraq and the Baku region, while positive increments occur in eastern Saudi Arabia. All of these adjustments

are associated with substantial error reductions, consistent with the good observational coverage in these areas, particularly285

around the Persian Gulf (see Fig. 1). Sensitivity tests show that these increments persist across all tested configurations, as

discussed in detail in Appendices A-F. Taken together, these features suggest robust emission adjustments in those regions.
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Figure 5. Results of the reference inversion. (a) Emission increments from the inversion (a posteriori–a priori emissions), (b) relative error

reduction, (c) a posteriori emission distribution, and (d) a posteriori uncertainty obtained for our reference inversion and averaged over the

year 2020.

Figure 5a also shows pronounced negative increments over Romania, western Turkey, northern Egypt, and regions north-

west of the Black Sea, while positive adjustments are found in Iran and Turkmenistan. However, the corresponding grid cells

exhibit much smaller relative error reductions. Particularly for regions north of the Mediterranean Sea, this can be attributed to290

substantially worse observational coverage caused by more extensive cloud cover (see Fig. 1). Romania, for example, shows
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strong negative increments but only limited error reduction, indicating that the results are less robust than in the Persian Gulf

region. This is further reflected in relatively large posterior emission uncertainties (Fig. 5d) compared to the magnitude of the

optimized emissions (Fig. 5c), as well as in the larger spread of results across our sensitivity experiments (Appendices A-F).

Our inversion increments show many similarities to the updates from EDGAR v8.0 to EDGAR_2025_GHG (see Fig. 3), with295

both datasets exhibiting strong negative adjustments in regions surrounding the Persian Gulf. Consistent negative adjustments

are also found in north-western Egypt and western Turkey. However, as discussed above, the inversion-derived increments

appear less robust in this region.

3.3 Sensitivity analysis results

The results of our sensitivity tests are presented in detail in the Appendices A-F; here we summarize the most important300

findings.

– The baseline uncertainty emerges as an important inversion parameter: it must be large enough to correct biases in

the initial mole fraction fields, but if set too high, the baseline optimization will artificially compensate for emission

adjustments, reducing the magnitude of the inversion increments. By examining how the optimization factors evolve

with increasing uncertainty, we identified a transition range where bias correction is effective and posterior emissions305

are robust. Changes in a priori emission errors or their correlations alter the balance between adjustments to emissions

and the baseline, shifting this transition range. Consequently, overly large a priori emission errors or strongly correlated

errors can introduce biases similar to those caused by too small baseline uncertainties, and vice versa.

– Despite large differences in the a priori inventories, inversion results show remarkably robust posterior emissions for

the total emissions in the EMME region and major emitting countries, with the exception of Saudi Arabia, where all310

inversions indicate significant upward corrections but differences between the posterior emissions are of almost the same

magnitude as the differences from the prior emissions (see Fig. 6).

– Inversion patterns are largely similar whether a lognormal or normal a priori error distribution is used, but downward

corrections are in some cases less pronounced with the lognormal choice.

– Despite substantial variation in the error assumptions, all tested inversion configurations show persistent negative incre-315

ments around the Persian Gulf.

Based on our sensitivity tests, we chose the a priori state vector uncertainties used in the reference inversion (baseline

uncertainty of 1.5%, a priori fractional emission uncertainty of 100% with a spatial correlation of 100 km and a temporal

correlation of 30 days), as they correspond to a stable range of posterior emissions where biases in the initial conditions seem

to be largely corrected while coherent emission increment patterns are preserved. For total EMME emissions and for major320

emitting countries such as Iran and Iraq, the inversion results are generally robust to the choice of a priori inventory and error

distribution. However, for some other countries, posterior emissions exhibit greater variability across these choices (Fig. S7),

indicating larger uncertainties than estimated by the Monte Carlo ensembles (see Sect. 2.4). The opposite is true if inventories
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Figure 6. A priori (red) and a posteriori (green) emissions from inversions using different a priori inventories are shown for the EMME

region as a whole, as well as for Iran, Iraq, Saudi Arabia, Egypt, and Turkey. The a priori and a posteriori bars are overlaid: red segments

indicate downward corrections, while light green segments indicate upward corrections relative to the a priori emissions.

are similar for regions with sparse observational coverage and small a priori emissions, where a posteriori results tend to remain

close to the a priori values. In these cases, the ensemble-based uncertainties are larger, likely providing a more realistic estimate325

of the true uncertainty. To provide the most representative results, we define our final emissions as the average across eight

inversion cases, combining the four a priori inventories with the two error distribution choices, while for each country, the

associated emission uncertainty combines both the 1σ uncertainties from the Monte Carlo ensemble for each of the eight cases

(σi) and the 1σ spread over the eight inversion results (σspread) as:

σ =

√√√√1

8

8∑

i=1

σ2
i +σ2

spread (9)330

3.4 National emissions

Figure 7 and Table S2 show the total CH4 a posteriori emissions in the EMME region, as well as the national emissions of all

countries in this region, while Fig. S7 shows the results for the individual runs, combining the four a priori inventories with the

two error distribution choices. We estimate total EMME emissions of 22.4 (±1.9) Tg yr−1, which is substantially lower than

estimated by the EDGAR v8.0 inventory and much closer to those from EDGAR_2025_GHG and the GFEI dataset. Together335

with the robust inversion increments around the Persian Gulf that are similar to the difference between the EDGAR_2025_GHG

and EDGAR v8.0 emissions in this region, this suggests that updates in the newer inventory versions have led to substantial

improvements, largely consistent with our inversion results.

We compare our national a posteriori emissions to top down estimates from Chen et al. (2023), Worden et al. (2022), and

Western et al. (2021), as well as to national reports submitted to the United Nations Framework Convention on Climate Change340
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Figure 7. Inversion results showing the a posteriori emissions for (a) the entire EMME region, (b) high-emitting countries, and (c) other

EMME countries. Green bars indicate total regional and national emissions, while the error bars represent the 1-σ uncertainty as defined

in Eq. 9. The dashed green horizontal lines denote the anthropogenic emission contribution, based on prior sectoral fractions, to facilitate

comparison with literature values. Red triangles show anthropogenic CH4 emissions from Chen et al. (2023) for 2019, yellow rectangles

from Worden et al. (2022) for 2019, and the blue cross the total 2017 emissions for Egypt from Western et al. (2021). Brown diamonds

represent national reports to UNFCCC, listed in Table S3, with less recent reports displayed with transparent symbols.

(UNFCCC), which (apart from Greece) are provided on a voluntary basis and at irregular intervals. Chen et al. (2023) reported

anthropogenic emissions for the Middle East and North Africa for the year 2019 using TROPOMI satellite observations in

an analytical inversion based on the GEOS-Chem chemical transport model, in which emissions were optimized over a state

vector of approximately 600 elements and subsequently mapped onto a finer 0.25◦ × 0.3125◦ grid. Worden et al. (2022)

used GOSAT total column CH4 observations and the GEOS-Chem model to estimate a top-down 2019 anthropogenic CH4345

budget, optimizing emissions on a global 2◦ × 2.5◦ grid. Western et al. (2021) estimated total CH4 emissions for North

African countries, including Egypt, using GOSAT observations and the Lagrangian particle dispersion model NAME within a

hierarchical Bayesian inversion framework, with results reported up to 2017.

For the high-emitting countries, our results are in good agreement with Chen et al. (2023), except for Egypt, for which

our inversion shows a downward correction, in contrast to the large positive increments reported in their study. However, our350

estimated Egyptian emissions of 1.9 (±0.4) Tg yr−1 are almost identical to those reported by Western et al. (2021) for 2017,

and are also consistent with the 2020 value submitted by Egypt in its first Biennial Transparency Report to UNFCCC.
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For Iran, we obtain an emission of 4.6 (±0.4) Tg yr−1, indicating a clear downward correction relative to the EDGAR

v8.0 inventory. Our estimate is substantially lower than the value reported for 2010 in Iran’s Third National Communication

to UNFCCC, which may also explain the comparatively high emissions in EDGAR v8.0 Oil production in Iran has been355

substantially reduced in recent years due to sanctions, likely contributing to smaller emissions. For Iraq, we likewise find

consistent downward corrections across all tested cases, yielding an a posteriori emission estimate of 2.8 (±0.4) Tg yr−1,

which nevertheless remains higher than the 2019 value reported to UNFCCC in the Second National Communication and First

Biennial Update Report. For Iran and Iraq, our results are robust across all sensitivity tests, leading to comparatively narrow

uncertainty intervals, which is consistent with the substantial reduction in emission errors in this region. For both countries our360

2020 estimates are similar to the 2019 emissions reported by Chen et al. (2023), despite the large changes to the EDGAR v8.0

inventory.

For Turkey, our estimate of 3.5 (±0.8) Tg yr−1 is also in good agreement with Chen et al. (2023) and exceeds the 2020

value reported in the Eighth National Communication and Fifth Biennial Report. Notably, a posteriori uncertainties are larger

than for Iran and Iraq. While robust downward corrections are obtained when assuming a normal a priori distribution, these365

corrections are smaller when using a lognormal prior, resulting in larger uncertainties. Other sensitivity tests also show greater

variability, consistent with a smaller reduction in errors in this region.

For Saudi Arabia, our estimate of 3.6 (±1.1) Tg yr−1 is likewise close to that of Chen et al. (2023) and considerably higher

than the reported 2019 value. However, similar to their study, uncertainties remain relatively large, as posterior emissions are

more sensitive to changes in the inversion settings.370

For the smaller emitters in the EMME region, our results are generally in good agreement with Chen et al. (2023) for UAE,

Kuwait, Yemen, Qatar, Bahrain, and Lebanon, whereas our estimates are substantially lower for Oman, Syria, Jordan, and

Palestine. However, the very large uncertainties reported by Chen et al. (2023) for Oman and Syria highlight that emissions in

these regions remain poorly constrained. In general, for many of these low-emission countries (including Cyprus, Israel, Jordan,

Lebanon, Oman, Palestine, Syria, and Yemen) only minor corrections are introduced by the inversion, such that the posterior375

emissions largely reflect the prior inventories. More pronounced and relatively robust corrections are found for Bahrain and

Qatar, for which we also obtain the best agreement with Chen et al. (2023).

For many of the major oil and gas producing countries discussed (Iran, Saudi Arabia, UAE, Oman, and Kuwait), the 2019

emissions reported by Chen et al. (2023) are either higher than, or at the upper end of the uncertainty range of our estimates.

These systematic differences may be explained by reduced oil production in 2020 following the COVID-19 demand collapse,380

as further discussed in the next section.

On average, national emissions reported to UNFCCC are about half as large as our inversion-based estimates (unweighted

mean), corresponding to a regional difference of 29% when weighted by emissions, reflecting the substantially larger relative

discrepancies for smaller emitters. In addition to Iran, Greece also represents an exception, which is the only Annex I country

in the region required to report its emissions annually. Here, our inversion suggests modest but relatively consistent downward385

corrections, yielding total national emissions of about 0.55 ± 0.10 Tg yr−1. Given the larger contribution of natural sources in
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Greece compared to other EMME countries, our estimated anthropogenic emissions of 0.35 Tg yr−1, based on prior sectoral

fractions, are relatively close (~13% lower) to the reported value.

Except for the smallest emitters, for which our results closely follow the prior inventories, we find relatively poor agreement

with Worden et al. (2022). This may partly reflect their coarse global inversion grid (2◦ × 2.5◦), which likely limits the ability390

to distinguish emissions from neighboring countries with proximate sources, such as in the Persian Gulf region, and may lead

to a reduced representation of smaller countries. In addition, the global inversion may be relatively weakly constrained in some

regions due to the sparser spatial coverage of GOSAT observations.

To assess the extent to which posterior national CH4 emissions from the fuel exploitation sector scale with oil and gas

production in the EMME region, we apply a regression analysis, between posterior emissions and national production data,395

which is explained in detail in the supplementary section S7. The regression shows limited explanatory power, suggesting that

a simplified representation based on uniform emission factors, as commonly used in bottom-up inventories, cannot capture the

variability in emissions across EMME countries. We observe clear country-specific deviations from the regression fit, broadly

consistent with heterogeneous emission intensities from Chen et al. (2023), suggesting that factors beyond production (such as

infrastructure, operational practices, and mitigation measures) play an important role.400

3.5 Emission decline over 2020

The economy was heavily impacted by the COVID-19 pandemic in 2020. As a consequence of global lockdowns, mobility,

which accounts for approximately 57% of global oil demand, declined substantially, with global road transport activity drop-

ping to about 50% of 2019 levels by the end of March 2020. Accordingly, oil demand decreased drastically (see Fig. S8),

reaching a minimum in April and May at up to 29 million barrels per day (Mb d−1) below 2019 levels, corresponding to405

demand levels last seen in 1995 (IEA, 2020).

As a result, major oil-producing countries such as Iran were forced to significantly reduce crude oil production, with Iran’s

output reaching the lowest levels in four decades as storage capacity approached its limits due to reduced exports and refinery

throughput (Al Jazeera, 2020). To investigate whether these production cuts affected CH4 emissions, we first examine the

monthly emission time series for Iran (Fig. 8a), where our annual a posteriori emissions are robust. Our results suggest a410

pronounced minimum in May, coinciding with the collapse in global oil demand and the decrease in monthly oil production (see

Fig. S8 and S9). However, oil production remained low in summer, while a posteriori emissions started to increase after May,

which might reflect a gradual increase of exports after May (Rosenberg and Nada, 2022). In addition, regional analyses have

shown a pronounced seasonal cycle in atmospheric CH4 over Iran, with a late-summer maximum that has been attributed to

enhanced emissions from wetlands and agricultural sources (Mousavi et al., 2024). Note, that a similar pattern in CH4 emissions415

has been reported for the Permian Basin in the United States, where emissions were strongly correlated with declining oil prices

during the same period (Lyon et al., 2021).

Following the demand collapse, OPEC+ (Organization of the Petroleum Exporting Countries) implemented historically large

crude oil production cuts of approximately 9.7 Mb d−1 starting in May 2020, which were later partially relaxed to 7.7 Mb d−1

but remained in effect until the end of the year (IEA, 2020). Consequently, crude oil production in major OPEC+ producers420

19

https://doi.org/10.5194/egusphere-2026-3792
Preprint. Discussion started: 21 July 2026
c© Author(s) 2026. CC BY 4.0 License.



such as Saudi Arabia, Iraq, UAE, and Kuwait dropped sharply in mid-2020 and remained substantially lower in the second half

of the year compared to pre-pandemic levels (TradingEconomics.com, 2026). Our corresponding emission time series for Saudi

Arabia (Fig. 8b), Iraq, UAE, and Kuwait (Fig. S10) show a rather persistent decline throughout 2020. While our individual

timeseries do not strictly follow the exact production pattern (sharp drop in May), they might still suggest that production cuts

have contributed to reduced CH4 emissions.425

The total emissions for the EMME region (Fig. 8c) also show an overall decrease during the course of 2020, interrupted by a

summer peak, which is largely driven by the emissions in Iran. While the overall decrease is consistent with reduced oil activity

during the COVID-19 pandemic, we believe that the apparent seasonal signal should be interpreted with caution, as it may also

partly reflect potential methodological biases. Based on our sensitivity tests, biases in the initial CH4 fields are our main

concern, as they can strongly influence the apparent seasonal cycle. Although Fig. 4 shows that baseline biases can generally430

be corrected, residual biases likely vary with season and altitude and may still contribute to variations that could be mistakenly

attributed to emission changes. One example is the outflow of the Asian summer monsoon, which delivers CH4 emissions from

South Asia at high altitudes to the EMME region that may not be well captured in our initial CH4 concentration fields (e.g.

Lelieveld et al., 2002). The seasonal signal is particularly sensitive to assumed baseline uncertainties (Fig. S11), making the

results less certain, particularly the relatively pronounced decline toward the end of the year when observational coverage also435

decreases. Consistent with this, sensitivity tests further show that assuming a lognormal error distribution produces a weaker

decline in late 2020 compared to a normal distribution (Fig. S25). Overall, longer time series would be required to confirm

the inferred declining trends. However, industry-based satellite analyses (Kayrros, 2022) report a substantial reduction in CH4

super-emitter events (with emission rates on the order of 5–25 t h−1 or higher) for many major OPEC+ producers. In Iraq, for

instance, such events decreased from 15 events in 2019 to only 4 in 2020, along with reduced emission intensities, which could440

have led to the pronounced reductions observed in our study.

4 Conclusion

In this study, we investigated CH4 emissions for the year 2020 in the EMME region using an atmospheric inversion, based on

TROPOMI satellite observations. Our main findings are the following:

– Our inversions show robust downward corrections of emissions in the costal areas of the Persian Gulf compared to445

the EDGAR v8.0 inventory used as a priori information, leading to total EMME emissions of 22.4 (±1.9) Tg yr−1.

Similar reductions are found in the recently updated EDGAR_2025_GHG data set, suggesting that updates to energy

activity data in the newer inventory version have led to substantial improvements, broadly consistent with our satellite

observation-constrained inversion results. This provides an interesting example in which independent refinements from

a top-down approach converge with updates from a bottom-up inventory, illustrating how observational constraints and450

inventory development can jointly improve our understanding of regional emissions.
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Figure 8. Time series of monthly a posteriori emissions over the year 2020 for (a) Iran, (b) Saudi Arabia, and (c) the total emissions in the

EMME region.
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– Our inversion yields national emissions of 4.6 (±0.4), 3.6 (±1.1), 3.5 (±0.8), 2.8 (±0.4), and 1.9 (±0.4) Tg yr−1 for

the high emitting countries Iran, Saudi Arabia, Turkey, Iraq, and Egypt, respectively. While our estimate for Iran is

lower than the value reported for 2010 in Iran’s Third National Communication to the UNFCCC, this is consistent with

reduced oil production due to international sanctions in recent years. In contrast, our inversions indicate higher emissions455

for Saudi Arabia, Turkey, and Iraq compared to their voluntary national reports (for 2019, 2020, and 2019, respectively),

whereas the estimate for Egypt is in very good agreement with the reported 2020 emissions.

– Our results are in good agreement with the TROPOMI-based inversion study of Chen et al. (2023), but show poor

agreement with the GOSAT-based study of Worden et al. (2022), both of which use the GEOS-Chem model. This may

suggest that the improved observational coverage of TROPOMI can enhance inversion performance and lead to more460

consistent emission estimates, in addition to the higher inversion resolution used in our study compared to Worden et al.

(2022).

– While we find that many countries in the EMME region strongly underestimate their emissions, the emissions reported

by Greece — the only country in the region required to submit annual emissions inventories to the UNFCCC — shows

good agreement with our results, slightly exceeding our inversion estimate. This may suggest that mandatory reporting465

frameworks can contribute to more complete and potentially more robust emission estimates.

– Our regression analysis indicates that gross national oil and gas production alone cannot explain the variability in fuel-

sector methane emissions across EMME countries. Different country-specific emission intensities affect the methane

emissions.

– Our inversion results for the EMME region indicate an overall decrease in emissions during 2020, consistent with oil470

production reductions during the COVID-19 pandemic. In particular, Iran shows a pronounced emission minimum in

May, coinciding with the collapse in global oil demand. Other major emitters, such as Saudi Arabia, Iraq, UAE, and

Kuwait, exhibit a sustained decrease throughout the year, suggesting that large-scale OPEC+ production cuts could have

led to smaller emissions. While, together, these results suggest that reduced oil activity during 2020 could have led to

a measurable decrease in regional CH4 emissions, the seasonal variations in monthly emissions are more uncertain and475

should be interpreted with caution, as they may be affected by residual biases in the initial mole fraction fields.

– The use of satellite observations for atmospheric inversions has increased in recent years, driven by improved data

quality and availability in regions with limited ground-based monitoring. The robustness of satellite-based inversions,

however, still remains an active area of research. Overall, our results suggest that satellite observations can provide

strong constraints and substantially reduce a priori biases in regions with large emission signals and good observational480

coverage (e.g. Iran, Iraq). However, other regions show greater sensitivity to uncertainty settings and a priori estimates.

We therefore highlight the importance of sensitivity tests, which help to assess the robustness and accuracy of the results

beyond formal uncertainty reduction.
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– We find that baseline uncertainty can be an important inversion parameter when substantial biases exist in the initial

mole fraction fields, as it controls the balance between correcting these biases and adjusting emissions. We identify a485

transition range in which bias correction is effective and posterior emissions remain stable. This transition range also

depends on the choice of a priori emission errors and their correlations, which similarly influence the balance between

baseline and emission adjustments and can therefore be indirectly linked to the baseline optimization. We suggest that

inversions could benefit from a more sophisticated representation of baseline uncertainties, for example by allowing

scalar uncertainties to vary regionally. This may be particularly beneficial in the presence of known initial field biases,490

such as the overestimation in the upper troposphere–lower stratosphere in the EGG4 product.

– We emphasize that particular effort should be devoted to obtaining accurate initial mole fraction fields and realistic

estimates of their uncertainties, which could substantially improve inversion results based on satellite observations. In

the context of the discussed robustness of satellite-based inversions, improved initial fields and baseline optimization

may also enhance inversion performance in regions with less observational coverage or weaker emission signals, and495

could help to derive a more robust seasonal pattern.
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Appendix A: Sensitivity to the baseline optimization515

Figure A1 shows the baseline optimization scaling factors for the three vertical layers (panels) and latitudinal bands (colored

lines) where initial conditions were optimized. In general, larger adjustments are found in the upper layers compared to the

lowest layer. This likely reflects the larger biases in the EGG4 initial mole fraction fields at greater heights, particularly in the

stratosphere, where the prescribed CH4 loss rates were found to be problematic (Agustí-Panareda et al., 2023). In general, neg-

ligible adjustments are found for the latitude bands between 90° and 30°S, whereas factors are predominantly larger than unity520

for 30°S–0° and mostly smaller than unity between 30° and 90°N. The adjustments show similarities and are of comparable

magnitude to those reported by Thompson et al. (2025). However, their inversions exhibited substantially larger adjustments in

the lowest layer compared to ours, particularly for 30°–90°N, to which their study region, Siberia, was more sensitive.

To assess the impact of the uncertainty assigned to the baseline optimization factors, we test a wide range of values from

0.1% to 7%. Figures S14–S16 summarize the results across this range. Figure S14 shows the same optimized scaling factors as525

shown in Fig. A1, but for the tested baseline uncertainty values, Figure S15 presents the corresponding a posteriori emissions

and inversion increments, and Figure S16 displays the total a posteriori emissions for the EMME region.

For very small uncertainties, optimization scalars remain close to unity, as expected due to the strong constraint imposed by

the initial mole fraction field. Consequently, the inversion compensates mismatches between modeled and observed column

mole fraction through large and spatially widespread emission increments. In some regions with limited observational coverage,530

such as Romania, substantial negative increments occur not only at the grid-cell level but across larger areas, likely indicating

biases in the initial mole fraction fields that propagate into the a posteriori emissions.

As the assumed uncertainty increases, optimization scalars systematically deviate stronger from unity, while the emission

increments become less pronounced. Between 1.3% and 2% uncertainty, scalars show little further change and posterior emis-

sions appear very stable, suggesting a range in which the solution is less sensitive to the exact baseline uncertainty choice.535

For uncertainties beyond this range, emission increments are progressively reduced as baseline uncertainty increases, and the

total a posteriori emissions systematically shift towards the a priori value. Note that all increments preserve their sign across

the tested baseline uncertainties, except for a region in eastern Saudi Arabia, where the increment changes from positive to

negative as the assumed uncertainty increases. Despite a substantial error reduction, this introduces additional uncertainty in

the posterior emissions for Saudi Arabia. For the largest tested uncertainty (7%), significant increments remain only in regions540

around the Persian Gulf, likely reflecting a strong bias in the a priori emissions, that is corrected across all tested cases.

This observed behavior differs substantially from inversions based on ground-based measurements, where Vojta et al. (2025)

showed for the example of SF6, that posterior emissions converge toward stable values once a certain baseline uncertainty

threshold is reached, thus rendering an uncertainty overestimation less critical. However, ground-based measurements (from

non-background stations) typically exhibit pronounced concentration peaks that can only be explained by nearby or regional545

emissions, and not by changes of the initial conditions. This leads to a clearer separation between baseline contributions and

24

https://doi.org/10.5194/egusphere-2026-3792
Preprint. Discussion started: 21 July 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure A1. Optimized monthly baseline scaling factors, shown for the individual vertical layers (panels) and latitudinal bands (colored lines)

regional emission signals. As a result, regional emissions are less affected when additional freedom is given to adjust the

baseline. In contrast, emission sensitivities for column observations are much more spatially dispersed than for ground-based

observations, because column mixing ratios represent contributions from a wide area. Thus, the influence of emissions and

initial mixing ratios on column observations is less well spatially separated than for ground observations. Therefore, variations550

in the observed column mole fractions can be reproduced almost equally well either by changes in regional emissions or by
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adjustments to the baseline. If the baseline uncertainty is overestimated, such adjustments may artificially compensate for

changes in surface emissions, potentially shifting a posteriori closer to a priori emissions, preventing convergence toward a

stable solution.

As a consequence, the baseline uncertainty emerges as a critical parameter. It must be chosen large enough to correct for555

biases in the initial mole fraction fields, yet small enough to avoid artificially compensating for errors in surface emissions.

Determining an appropriate range therefore requires identifying a transition between these two regimes. To investigate this, we

rearrange Fig. S14 to illustrate the evolution of the optimized scaling factors as a function of increasing baseline uncertainty,

with individual time steps indicated by different colors (Fig A2). We hypothesize that a transition can be identified at a range

where the scaling factor adjustments have ceased to increase systematically with increasing uncertainty, indicating that biases in560

the initial fields are largely corrected. Indeed, a distinct transition range can be identified between 1.3% and 2.0% for our case,

indicated by the dashed vertical lines in Fig. A2. This range coincides with the range where total EMME a posteriori emissions

remain stable, before they begin to systematically shift towards the prior (Fig. S16). At the same time, obvious artifacts in

the gridded a posteriori emission fields have disappeared, while coherent increment patterns remain visible (Fig. S15). While

we acknowledge that the chosen baseline uncertainty must remain physically meaningful, and that an estimation from Fig. A2565

introduces some subjectivity, we argue that the combination of the presented behaviors provides strong evidence for a transition

between effective bias correction and the onset of compensation effects. Finally, we note that the observed behavior may not

be universally applicable to all LPDM- and satellite-based inversions, as it likely depends on the magnitude of biases in the

initial mole-fraction fields. For cases with smaller initial biases, convergence of the inversion results with increasing baseline

uncertainty may still be achieved.570
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Figure A2. Optimized baseline scalars for all optimization grid cells, shown as a function of multiple baseline uncertainties between 0.1%

and 7% and for different optimization time steps (colored lines). The vertical dashed lines are interpreted as the transition zone between

effective bias correction and the onset of compensation effects
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Appendix B: Sensitivity to the a priori emission errors

A priori emission errors are specified as a fraction of the corresponding emission values in each grid cell, implicitly assuming

that regions with higher reported emissions also carry proportionally larger uncertainties. We test five different uncertainty

values ranging from 0.3 to 2.0. The resulting total EMME a posteriori emissions are shown in Fig. S17, while Fig.B1 illustrates

the spatial distribution of the inversion increments and the corresponding a posteriori emissions. As expected, the inversion575

increments become more pronounced with increasing emission uncertainty, and the total a posteriori emissions deviate further

from the a priori values, as the emissions are less strongly constrained by the prior. However, the inversion increments obtained

with low emission uncertainties appear very similar to those found in cases with high baseline uncertainty (see lower panels

in Fig. S15 compared to upper panels in Fig. B1), and vice versa. When emissions are strongly constrained by their a priori

values (low emission uncertainty), differences between modeled and observed column mole fractions are mainly reduced by580

baseline corrections rather than emission adjustments, similar to the case of high baseline uncertainty. Conversely, when a

priori emission uncertainties are large, the mismatch is predominantly reduced by emission adjustments instead of baseline

corrections, analogous to the case of low baseline uncertainty.

Indeed, the discussed transition between effective baseline bias correction and the onset of compensation effects is sensitive

to the chosen a priori emission uncertainty, as it likewise influences the balance between emission and baseline adjustments.585

Figs. S18–S20 show, that for smaller emission uncertainties of 50%, the transition occurs already at lower baseline uncertain-

ties. Notice that the gridded a posteriori emissions, inversion increments, and total emissions are very similar at the transition

zones, despite using different a priori uncertainties.
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Figure B1. A posteriori emissions and inversion increments, shown for multiple a priori errors between 30% and 200%.
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Appendix C: Sensitivity to the spatial correlation length

We test spatial correlation lengths ranging from 50 to 500 km. Figure C1 shows the corresponding total a posteriori emis-590

sions, while Fig. S21 illustrates the spatial distribution of the inversion increments and the resulting a posteriori emissions.

Similar to Vojta et al. (2025), we find that the inversion increments become more pronounced and extend over larger areas as

the correlation length increases, leading to larger deviations of the total a posteriori emissions from the prior. This behavior

arises because larger correlation lengths allow observational information to influence a greater number of emission grid cells,

effectively increasing the total prior emission uncertainty and enabling larger adjustments.595

Figure C1. Total a posteriori emissions in the EMME region shown for multiple spatial a priori emission uncertainty correlations between

50 km and 500 km.

Similar to Sect. B we note that the increments obtained with a correlation length of 500 km appear very similar to those found

in cases with very low baseline uncertainty. Increasing the correlation length strengthens the effective observation constraint on

emissions, so that differences between modeled and observed column mole fractions are predominantly explained by emission

adjustments rather than by baseline corrections, similar to the situation when the assumed baseline uncertainty is small. To

further investigate this relationship, Fig. S22 shows the evolution of the optimization factor with increasing baseline uncertainty600

for the case of 500 km correlation length. In this case, the baseline factors continue to increase systematically up to 2%, instead

of reaching a plateau at 1.3% for 100 km, suggesting that the stronger emission constraint associated with larger correlation

lengths shifts the balance between emission and baseline adjustments.

Appendix D: Sensitivity to the temporal correlation length

We test temporal correlation lengths of 30, 90, and 180 days. Figure D1 shows the corresponding monthly time series of total605

emissions in the EMME region, while Fig. S23 presents the annual averages for the tested cases. As the temporal correlation

length increases, the monthly time series becomes noticeably smoother and loses variability, such that the peak in August can
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no longer be resolved for the 90 and 180 days correlation lengths. The annual average results are very similar, however show

slightly larger deviations from the a priori emissions as temporal correlation increases and observational information is spread

over a larger number of optimization time steps.610

Figure D1. Time series of monthly a posteriori emissions for the entire EMME region, shown for temporal correlation lengths of 30, 90, and

180 days.

Appendix E: Sensitivity to the a priori emisisons

As shown in the main text (Fig. 6), the inversions results in similar posterior emission estimates for Iran, Iraq, Egypt, Turkey,

and the total EMME region, even when a priori emissions are very different. However, for Saudi Arabia, the inversion shifts

emissions to higher values by a similar absolute amount in all cases and the discrepancies in the prior emissions largely persist,

resulting in less certain posterior estimates. This behavior can likely be explained by the definition of the a priori uncertainties as615

a fraction of the respective emission values, which may provide the inversion algorithm with too little freedom to accommodate

large adjustments required for low a priori values. However, it may also reflect the stronger sensitivity to the assumed baseline

uncertainty discussed in Sect. A, which generally makes the inversion results for Saudi Arabia less robust.

Appendix F: Lognormal a priori emission distribution

Figure F1 shows the a posteriori emissions and inversion increments obtained using a lognormal a priori error distribution,620

while Fig. S24 presents the total a posteriori emissions for the major emitting countries and for the entire EMME region.

Overall, the resulting emission pattern is consistent with that obtained using a normal a priori distribution. In particular, very

similar, strongly negative increments around the Persian Gulf are obtained, while almost identical total a posterior emissions are

calculated for Iran and Iraq compared to the normal distribution case. Also the total emission in the EMME region remains very

similar across tested case using different priors, underlining the robustness of our results. However, in regions with less error625

reduction (Fig. 5), the negative increments are less pronounced, such as in Turkey and Egypt. As a result, differences between
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a priori inventories are reduced less strongly by the inversion than in the case of a normal a priori distribution. This behavior

might be explained by the properties of the lognormal distribution, which is skewed toward higher values and therefore large

reductions relative to the prior are penalized more strongly by the inversion. This different behavior is particularly pronounced

toward the end of the study period, where the observational data suggest strong negative adjustments (see Fig. S25).630

Figure F1. (a) A posteriori emissions and (b) inversion increments when using a lognormal a priori error distribution in the optimization.
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