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Abstract. The isotopic composition of atmospheric methane (δ13C-CH4) provides critical constraints for at-
tributing methane emissions to specific sources. In this study, we present updated global maps of δ13C-CH4
source signatures across five major methane-emitting sectors (fossil fuels and geological, agriculture and waste,
biomass and biofuel burning, wetlands, and other natural sources) for the period 1998–2022. These maps in-
tegrate recent spatially explicit datasets and literature-derived observations, and include explicit quantification
of both intrinsic (within-sector) and aggregation-related uncertainties. Building upon previous global compi-
lations, our dataset extends the temporal coverage to 2022, harmonizes sectoral definitions with the Global
Methane Budget framework, and provides a consistent and traceable quantification of uncertainties suitable
for atmospheric inversions. We assess the influence of these updated source signatures on the modeled atmo-
spheric δ13C-CH4 using forward simulations within the Community Inversion Framework (CIF) coupled to the
LMDz transport model. A comprehensive sensitivity analysis quantifies the impacts of key drivers of uncer-
tainty, including emission flux datasets, OH sinks, kinetic isotope effects, and isotopic source signatures. We
show that uncertainties in methane oxidation chemistry and source signatures, particularly from agriculture and
waste, dominate the variability in the modeled δ13C-CH4 signal, while the impact of flux aggregation choices
is comparatively minor. The updated isotopic dataset is provided on a global 1°× 1° grid, supporting future
atmospheric inversions and improved methane budget assessments at global and regional scales. Practical guide-
lines for configuring isotopic inversions, including recommended uncertainty specifications and key parameters
to optimize, are also provided, offering a framework for next-generation δ13C-CH4 inversion studies. The final
version of the gridded δ13C-CH4 source signature dataset is available under CC BY 4.0 (Tapin et al., 2025,
https://doi.org/10.57780/ESA-6D202E9).
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1 Introduction

Methane (CH4) is the second most significant anthropogenic
greenhouse gas after carbon dioxide (CO2), playing a major
role in current climate change (Stocker, 2014; Forster et al.,
2023). Its atmospheric concentration has more than doubled
since pre-industrial times, to reach 1946 ppb in November
2025 (Forster et al., 2023; Lan et al., 2026). Despite its lower
abundance compared to CO2, CH4 has contributed approxi-
mately 31 % (1.19 Wm−2) of the total radiative forcing from
anthropogenic greenhouse gases since 1750 (Forster et al.,
2023), owing to its high global warming potential (GWP:
29.8 over 100 years, 82.5 over 20 years). Its relatively short
atmospheric lifetime (about 9 years for the burden; Prather
et al., 2012, and approximately 12 years for the perturba-
tion lifetime Forster et al., 2023) compared to CO2 makes it
an effective target for near-term climate mitigation strategies
(Ocko et al., 2021; Shindell et al., 2021). Global initiatives
such as the Global Methane Pledge (launched at COP26) aim
to reduce global anthropogenic methane emissions by 30 %
by 2030 compared to 2020 levels (Global Methane Pledge,
2023; UNEP and Climate and Clean Air Coalition, 2022).
After a stabilization phase between 1999–2006, atmospheric
CH4 resumed its growth after 2007, diverging from trajec-
tories compatible with the Paris Agreement (Nisbet et al.,
2019). This renewed increase remains a subject of active sci-
entific debate (Schwietzke et al., 2016; Schaefer et al., 2016;
Nisbet et al., 2016, 2019; Rigby et al., 2017; Saunois et al.,
2017; Worden et al., 2017; McNorton et al., 2018; Thompson
et al., 2018; Schaefer, 2019; Turner et al., 2019; Fujita et al.,
2020; Zimmermann et al., 2020; Jackson et al., 2020; Basu
et al., 2022; Chandra et al., 2024; Thanwerdas et al., 2024;
Fujita et al., 2025; Riddell-Young et al., 2025), and high-
lights the urgent need to better constrain methane sources and
sinks (e.g. Saunois et al., 2017, 2020, 2025). Since 2020, the
growth of atmospheric CH4 has further accelerated, with un-
precedented annual increases recorded between 2020–2022
(Michel et al., 2024; Jackson et al., 2024; Ciais et al., 2026).

Methane emissions have both natural (around
200 TgCH4 yr−1, e.g. wetlands, freshwaters, geological
sources, natural wildfires) and anthropogenic origins
(around 320 TgCH4 yr−1, e.g. agriculture, fossil fuel, waste,
and anthropogenic biomass and biofuel burning) (Saunois
et al., 2025). However, large uncertainties persist in the
relative contributions of these sources. CH4 fluxes can
be estimated using two main approaches: bottom-up and
top-down methods. Bottom-up methods use either emission
inventories derived from sectoral activity data and emission
factors, or process-based models (Saunois et al., 2025).
While they offer detailed source-level information, these
estimates are not directly constrained by atmospheric obser-
vations and often lead to budgets that are inconsistent with
the atmospheric CH4 burden. In contrast, top-down methods
rely on atmospheric measurements of CH4, including in
situ observations from ground-based stations and remote

sensing data from satellites, combined with transport models
(e.g. LMDZ) to statistically optimize emissions. These
approaches are global and observation-based but often
struggle to attribute emissions to specific sources when
those are co-located or have overlapping temporal signals
(Houweling et al., 2017; Bergamaschi et al., 2018). They can
also face regional attribution challenges, particularly in areas
with sparse or uneven observational coverage (Saunois et al.,
2020, 2025). The discrepancies between these two methods,
in both magnitude and spatial distribution, highlight major
gaps in our understanding of CH4 sources and sinks (Saunois
et al., 2025). Accurately attributing atmospheric CH4 to
specific formation processes can be difficult, especially
when co-located sources cannot be differentiated using
CH4 mixing ratios or their spatial and seasonal variability
(Bergamaschi et al., 2010, 2013; Kirschke et al., 2013;
Saunois et al., 2017). Yet the quantification of individ-
ual methane sources is required to implement effective
mitigation strategies.

The isotopic composition of methane, particularly the ra-
tio of 13C to 12C, can be used for source attribution because
it depends on the formation pathway (e.g. Sherwood et al.,
2017; Lan et al., 2021b). It is expressed as δ13C-CH4:

δ13C-CH4 =

((13C/12C
)

sample

RVPDB
− 1

)
× 1000, (1)

where
(13C/12C

)
denotes the ratio of molar quantities of

13C to 12C in the sample, and RVPDB = 1.1113×10−2 is the
13C/12C ratio of the Vienna Pee Dee Belemnite (VPDB) ref-
erence material (Dunn et al., 2024; Camin et al., 2025).

Different CH4 sources exhibit characteristic δ13C-CH4
signatures due to their formation processes. Microbial
sources (e.g. wetlands, ruminants) typically emit methane
that is strongly depleted in 13C, with values ranging from
−65‰ to−55‰ (Sherwood et al., 2017, 2021). Geographic
variability in livestock emissions reflects differences in plant
diets, specifically between C3 plants (e.g. wheat, rice, trees)
and C4 plants (e.g. maize, sugarcane, tropical grasses), which
have distinct carbon isotope compositions (Lan et al., 2021a).
Wetland signatures also vary spatially, with more depleted
values observed in boreal regions compared to tropical zones
(Ganesan et al., 2018; Douglas et al., 2021; Oh et al., 2022).
Fossil fuel-related variability can be large, driven by geolog-
ical origin and processing techniques, with δ13C-CH4 sig-
natures spanning from −55‰ to −30‰ (Sherwood et al.,
2017; Milkov and Etiope, 2018). Geological emissions may
also reflect a diversity of geochemical processes, includ-
ing both thermogenic and microbial pathways, leading to
a broader range of δ13C-CH4 signatures (Sherwood et al.,
2017; Etiope et al., 2019). Pyrogenic sources (e.g. biomass
and biofuel burning) are enriched in 13C, with values rang-
ing from −25‰ to −15‰ (Sherwood et al., 2017, 2021),
depending on the dominant vegetation type (C3 or C4) (Still
et al., 2003; Randerson et al., 2012; Lan et al., 2021a). In
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addition to source-specific isotopic signatures, atmospheric
sinks also fractionate methane isotopes through the Kinetic
Isotope Effect (KIE). Lighter isotopologues (12CH4) react
faster with major oxidants such as OH, Cl, and O(1D) than
their heavier counterparts (13CH4), leading to 13C enrich-
ment in the remaining methane. This process alters the iso-
topic composition of atmospheric CH4 signal compared to
the original source-weighted average signatures.

Over the past two decades, a decreasing trend in at-
mospheric δ13C-CH4 has been observed alongside increas-
ing CH4 concentrations (Nisbet et al., 2023; Michel et al.,
2024; Schuldt et al., 2024, 2025). This anti-correlation sug-
gests shifts in source contributions, sink processes, or both,
providing additional constraints for methane budget recon-
structions. Measurements of δ13C-CH4 are increasingly in-
tegrated into atmospheric inversions to differentiate methane
sources through their isotopic signatures (Schwietzke et al.,
2016; Lan et al., 2021a). Such data help distinguish co-
located or seasonally overlapping sources, assess sectoral
contributions, and improve the accuracy of global and re-
gional methane budgets. However, the global network of
in situ δ13C-CH4 measurements remains sparse, resulting in
limited spatial coverage and hampering the characterization
of regional isotopic gradients. This motivates the exploration
of satellite-based retrievals of isotopic methane, which could
substantially enhance global coverage. Feasibility studies us-
ing instruments such as GOSAT, TROPOMI, and Sentinel-
5/UVNS have demonstrated the potential of remote sens-
ing for δ13C-CH4 observations (Malina et al., 2018, 2019).
Recent inversion studies have already begun incorporating
δ13C-CH4 observations from surface networks (e.g. Fujita
et al., 2020, 2025; Basu et al., 2022; Drinkwater et al., 2023;
Thanwerdas et al., 2024), paving the way for future appli-
cations that jointly exploit surface and satellite isotopic con-
straints. However, further studies are needed to properly eval-
uate possible use of satellite-based isotopic observations in
inversions as retrieval uncertainties remain large.

A prerequisite for such isotopic inversions is the avail-
ability of spatially explicit source signature maps and asso-
ciated uncertainties. Existing datasets include contributions
from Ganesan et al. (2018), Chang et al. (2019), Etiope et al.
(2019), Sherwood et al. (2017, 2021), Lan et al. (2021a), Oh
et al. (2022), and Menoud (2022). However, limitations re-
main, particularly in representing uncertainties and covari-
ance structures of isotopic priors (Basu et al., 2022; Thanwer-
das et al., 2024). Full sensitivity analyses are also needed to
assess the robustness of inversion results with respect to iso-
topic assumptions (Thanwerdas et al., 2022b).

In this study, we present updated spatially explicit δ13C-
CH4 source signature maps, with associated uncertainty es-
timates, to support global and regional methane inversions.
Our main objectives are to:

i. improve prior knowledge of isotopic compositions for
major CH4 sectors and subsectors,

ii. evaluate the influence of the revised maps on modeled
atmospheric δ13C-CH4 using forward simulations,

iii. quantify the sensitivity of modeled δ13C-CH4 to key pa-
rameters and regions, and

iv. provide uncertainty estimates and recommendations for
integrating isotopic constraints into inversion frame-
works.

Rather than validating the updated source signature maps
against atmospheric observations, the sensitivity analysis fo-
cuses on quantifying the impact of key sources of uncer-
tainty on modeled atmospheric δ13C-CH4 distributions. This
sensitivity-centered approach allows us to identify the domi-
nant drivers of variability in the modeled isotopic signal and
to provide practical recommendations for future inversion
studies. Model-data comparisons, while essential, are beyond
the scope of this work and will be addressed in subsequent
studies.

The structure of the paper is as follows. Section 2 describes
the development of the updated δ13C-CH4 source signature
maps. Section 3 presents the atmospheric modeling frame-
work used for the sensitivity analysis. Section 4 reports and
discusses the main results.

2 Development of updated δ13C-CH4 source
signature maps

To improve the spatial and temporal representation of iso-
topic methane emissions in inverse modeling, we developed
a comprehensive set of global maps representing the δ13C-
CH4 source signatures across major methane-emitting sec-
tors and sub-sectors, covering the period 1998–2022. The
dataset is available at the ESA Open Science Data portal:
(Tapin et al., 2025, https://doi.org/10.57780/ESA-6D202E9).
These maps have a spatial resolution of 1°× 1° (global cov-
erage) and a monthly time step, providing improved tem-
poral representation and either matching or improving the
spatial resolution of previous datasets. It is based on a syn-
thesis of recent gridded data products and regional observa-
tions from peer-reviewed literature (Sect. 2.1). The result-
ing dataset distinguishes five primary source sectors: fossil
fuel exploitation and geological (FFG), agriculture and waste
(AGW), biomass and biofuel burning (BB), wetlands (WET),
and other natural sources (NAT), each composed of multiple
underlying sub-sectors detailed (Sect. 2.2). The associated
uncertainties were also calculated (Sect. 2.3). The method-
ology presented in this section provides a reproducible and
publicly available framework to generate δ13C-CH4 source
signature maps at global scale, including explicit quantifica-
tion of associated uncertainties. All acronyms, sector names
and dataset abbreviations used throughout this study are sum-
marized in Table S1 in the Supplement for clarity.
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2.1 Construction of sub-sector isotopic signature maps

The construction of these maps relied on the integration
of the most up-to-date isotopic datasets available for each
methane source sub-sector. Table 1 provides an overview
of the aggregated source sectors, their sub-sectors, the as-
sociated δ13C-CH4 ranges, isotopic data sources, and cor-
responding emission fluxes. Gridded products were priori-
tized when available (e.g. Lan et al., 2021a; Oh et al., 2022),
and were supplemented by regional datasets (e.g. Menoud
et al., 2024) or literature-based estimates when spatially ex-
plicit data were lacking. To ensure representativeness at the
global scale, a combination of pixel-level (P), regional (R),
and global (G) datasets was used. The temporal resolution of
the isotopic signatures was preserved when available in the
source datasets, using annual (A) or monthly (M) variations.
Otherwise, constant (C) values over the 1998–2022 period
were assumed. Each entry in Table 1 is associated with meta-
data indicating its spatial (P, R, G) and temporal (C, A, M)
resolution. All isotopic signatures are expressed relative to
the VPDB standard; a discussion of the VPDB vs. histori-
cal PDB reference scales and their negligible impact on the
simulations is provided in Sect. S1.1 in the Supplement. The
following sections detail the specific methodologies applied
to key source categories and describe how temporal or spatial
gaps were addressed to produce a consistent, gridded isotopic
dataset.

2.1.1 Treatment of European fossil fuel isotopic
signatures

For fossil fuel emissions in Europe, regional measure-
ments from the European Methane Isotope Database (EMID;
Menoud et al., 2024) were combined with the global inven-
tory from Lan et al. (2021a) to improve the spatial accuracy
of isotopic signatures. The Lan et al. (2021a) dataset, based
on the compilation by Sherwood et al. (2021), includes iso-
topic data from over 13 000 locations from 347 references,
though it remains largely U.S. centered. The EMID database
provides additional coverage, including both literature data
and new measurements from the MEMO2 project for fossil
fuel sources over Europe (European Commission, 2017). The
extended global database, combining EMID with Sherwood
et al. (2021) and MEMO2, consists of over 13 313 δ13C mea-
surements from 64 countries.

The integration of these two datasets was conducted as fol-
lows:

1. Country-level average δ13C-CH4 signatures were com-
puted from EMID for some European countries (e.g.
UK, Germany, Poland, Romania, France), correspond-
ing to those for which data are available in the EMID
inventory.

2. These averages were then combined with Lan et al.
(2021a) data using a weighting factor that accounts for

the number of additional observations in EMID com-
pared to Sherwood et al. (2021) dataset.

The resulting aggregated values are presented in Table S2 in
the Supplement.

2.1.2 Temporal extrapolation

To ensure full temporal coverage over the 1998–2022 period,
extrapolation was required for certain datasets whose origi-
nal time series ended prematurely, specifically for the oil and
gas and wetland sub-sectors. In both cases, specific strategies
were applied based on known emission trends and isotopic
characteristics of source signatures.

For the oil and gas sub-sector, the dataset from Lan et al.
(2021a) ends in 2016. Post-2016 values were extrapolated
only for U.S. data, based on documented trends in U.S.
unconventional gas production (U.S. Energy Information
Administration, EIA, https://www.eia.gov/energyexplained/
us-energy-facts, last access: 14 March 2025), notably shale
gas, which typically exhibits lighter δ13C-CH4 signatures
than conventional sources (Sherwood et al., 2017). Basin-
level variability in both gas production and isotopic com-
position was accounted for using data from the EIA natural
gas reports (https://www.eia.gov/naturalgas/weekly/, last ac-
cess: 9 March 2025) and published isotopic measurements
(Milkov et al., 2020b). Outside the U.S., signatures values
were held constant. We adopted a two-step method to extrap-
olate U.S. δ13C-CH4 values post-2016:

1. computing basin-weighted δ13C-CH4 values based on
production volumes, using shale gas data per basin
(EIA, https://www.eia.gov/dnav/ng/ng_prod_shalegas_
s1_a.html, last access: 9 March 2025) and basin-specific
isotopic signatures (Milkov et al., 2020b);

2. adjusting national-scale δ13C-CH4 values according to
the evolving share of shale gas in total production (EIA,
https://www.eia.gov/naturalgas/weekly/, last access: 9
March 2025).

For wetlands, the monthly δ13C-CH4 source signature
maps from Oh et al. (2022) also end in 2016. To extend
the dataset beyond this point, we extrapolated the 2016 sea-
sonal cycle linearly and incorporated the long-term trend in
source signatures of −0.02‰yr−1 observed over the 1984–
2016 period (Oh et al., 2022).

2.2 Aggregation into source sectors

To facilitate the integration of δ13C-CH4 source signatures
into atmospheric modeling and to optimize computational
efficiency, detailed source sub-sectors were aggregated into
broader emission sectors using flux-weighted mean values
(more details in Sect. S1.2 in the Supplement). This ag-
gregation preserves the key isotopic characteristics of dif-
ferent emission types while reducing model complexity.
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Table 1. Methane emission sectors aggregated for atmospheric modeling, including representative δ13C-CH4 isotopic signatures and flux
estimates over 1998–2022. For each major sector (FFG, AGW, BB, WET, NAT), sub-sectoral values are compiled and aggregated using
flux-weighted averages. Isotopic signature ranges reflect observed variability within each sub-sector, based on available spatial and temporal
resolution: (P) pixel-level, (R) regional, or (G) global data, and (C) constant, (A) annual, or (M) monthly data. Flux estimates are derived from
the Emissions Database for Global Atmospheric Research (EDGARv8; Crippa et al., 2023), the Global Fire Emissions Database (GFED4s;
van Wees et al., 2022), and the Global Methane Budget (GMB; Martinez et al., 2024). Bold font is used in the “Aggregated” rows to mark
the flux-weighted sector-level values (both the aggregated δ13C-CH4 source signature and the aggregated flux).

Sectors Sub-sectors Source Signature (‰, [min–max]) Isotopic Signature References Flux (Tgyr−1, [min–max]) Flux References

FFG Coal −43.7 (−64.1 to −30.8] Lan et al. (2021a); Menoud et al. (2024, R,C) 35.6 [23.4–46.8] EDGARv8
Oil and gas −44.0 (−65.0 to −29.1] Lan et al. (2021a); Menoud et al. (2024, R,A) 73.2 [63.0–81.5] EDGARv8
Geological −46.6 (−68.0 to −24.3] Etiope et al. (2019, P,C) 21.1 GMB
Aggregated −44.2 [−65.0 to −24.3] 129.9

AGW Livestock −65.8 (−67.8 to −54.6] Lan et al. (2021a, P,C) 101.4 [91.0–112.3] EDGARv8
Wastewater −50.9 Menoud et al. (2024, G,C) 38.4 [30.4–46.8] EDGARv8
Landfills −56.2 Menoud et al. (2024, G,C) 33.6 [30.4–40.2] EDGARv8
Agricultural waste −54.9 Menoud et al. (2024, G,C) 11.7 [10.8–12.7] EDGARv8
Rice −59.9 Menoud et al. (2024, G,C) 35.8 [32.7–37.4] EDGARv8
Aggregated −60.2 [−67.6 to −50.9] 221.0

BB Biofuel burning −24.3 (−26.7 to −12.6] Lan et al. (2021a, P,C) 11.9 [11.2–12.3] EDGARv8
Biomass burning −24.2 (−26.7 to −12.6] Lan et al. (2021a, P,C) 13.2 [9.3–20.2] GFED4s
Aggregated −24.3 [−26.7 to −12.6] 25.1

WET Wetlands −58.6 (−73.6 to −18.2] Oh et al. (2022, P,M) 151.6 GMB
Aggregated −58.6 [−73.6 to −18.2] 151.6

NAT Termites −63.4 Thompson et al. (2018, G,C) 9.9 GMB
Oceans −42.0 Sansone et al. (2001, G,C) 11.5 GMB
Aggregated −51.9 [−63.4 to −42.0] 21.5

The classification follows the methodology adopted in the
Global Methane Budget (GMB Saunois et al., 2025), group-
ing methane emissions into five principal source categories
(Table 1):

– FFG includes emissions from oil, gas, coal, industrial
activities, transport, and natural geological seepage.

– AGW encompasses emissions from enteric fermenta-
tion, rice cultivation, manure management, and waste
decomposition.

– BB sector comprises emissions from open biomass
combustion and biofuel use.

– WET includes natural wetland emissions as well as
emissions from freshwater systems such as lakes,
ponds, reservoirs, rivers, and streams.

– NAT sector covers natural non-wetland emissions, in-
cluding mostly those from termites and oceanic sources.

This aggregation aims to ensure isotopic representativ-
ity within each sector, in line with recent recommendations
for source signature consistency (Mannisenaho et al., 2023).
An exception may apply to the NAT sector, which encom-
passes heterogeneous processes (e.g. termite emissions vs.
oceanic sources) that are not co-located. These sub-sources
were grouped primarily due to their relatively small fluxes
and to limit the number of categories for computational effi-
ciency, rather than based on isotopic or spatial consistency. A

comprehensive mapping between detailed subcategories and
the aggregated sectors used in this study is provided in Ta-
ble 1. In cases where isotopic data were missing for a spe-
cific pixel, flux-weighted average values were used so that
each sector’s data covered the entire domain.

Both the aggregated maps for the five main source sec-
tors and the underlying maps for the 14 sub-sectors listed in
Table 1 are publicly distributed (see Code and data availabil-
ity). This dual format allows users to either directly use the
inversion-ready aggregated product, or to re-aggregate the
sub-sector maps using their own flux-weighting scheme, sec-
toral classification, or extended sub-sector breakdown if their
inversion framework requires a finer or different grouping.

2.3 Uncertainty assessment of aggregated source
signatures

This section describes how uncertainties in aggregated δ13C-
CH4 source signatures are estimated. All uncertainties are
evaluated at the global scale, i.e. they are not spatially re-
solved at the grid-cell level. The overall propagation path-
way, from sub-sector measurements to inversion error struc-
tures, is summarized schematically in Fig. 1. In what fol-
lows, we describe the three components of this propagation
chain: the total uncertainty σtotal combining all contributions
(Sect. 2.3.1), the propagated uncertainty σprop derived from
sub-sector variability (Sect. 2.3.2), and the aggregation un-
certainty σagg reflecting inventory choices (Sect. 2.3.3).
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Figure 1. Schematic overview of the uncertainty propagation pathway for δ13C-CH4 source signatures. Sub-sector isotopic uncertainties
(σi ), derived from Monte Carlo simulations (lower bound) and literature standard deviations (upper bound), are propagated to the sector
level (σprop) via flux-weighted error propagation (Eq. 4). The aggregation uncertainty (σagg), estimated from sensitivity tests using different
emission inventories (Eq. 5), is combined with σprop to yield the total sectoral uncertainty (σtotal, Eq. 2). In atmospheric inversion frameworks,
σtotal informs either the prior error covariance matrix (B) if isotopic source signatures are optimized, or the observation error covariance
matrix (R) if they are held fixed (see Sect. 4.3.2).

2.3.1 Total uncertainty (σtotal)

To quantify the uncertainty associated with the aggregated
δ13C-CH4 source signatures (σtotal), we consider two main
components: (i) the propagated uncertainty from sub-sector
level to sector level (σprop), i.e. the intrinsic isotopic uncer-
tainty from sub-sector, and (ii) the aggregation uncertainties
(σagg), i.e. the variability introduced when aggregating sub-
sector signatures into sector-level values, using a given set of
flux weights from prior inventories. Assuming that the two
types of uncertainties are independent, the total uncertainty
for each aggregated sector is calculated by combining these
two components:

σtotal =
√
σ 2

prop+ σ
2
agg (2)

The corresponding relative uncertainty (in percentage) is
then calculated as:

Relative uncertainty (%)=

 σtotal∣∣∣δ13Csector

∣∣∣
× 100 (3)

where σprop corresponds to the propagated uncertainty at the
sector level derived from sub-sector uncertainties (‰), σagg
represents the uncertainty associated with the aggregation
method, estimated from sensitivity tests (‰) and δ13Csector
denotes the mean isotopic signature of the aggregated sector
(‰).

Because the propagated uncertainty σprop is provided as a
range, the resulting total uncertainty σtotal is also expressed
as a corresponding range rather than a single value.

2.3.2 Propagated uncertainty from sub-sectors (σprop)

The term σprop represents the propagated uncertainty from
sub-sector isotopic composition (σi) to the aggregated sector

level. First, the isotopic uncertainty for each sub-sector (σi) is
estimated using two complementary approaches, depending
on the origin of the data:

– The standard deviations of δ13C-CH4 values reported
in the literature, using the dataset compiled by Menoud
et al. (2022), which captures spatial variability and
methodological dispersion;

– The uncertainty values reported by Lan et al. (2021a),
who derived them from 10 000 Monte Carlo simula-
tions at the grid-cell level, explicitly propagating mea-
surement and modeling errors through source attribu-
tion and mixing processes.

The Monte Carlo approach provides a precise uncertainty
estimate directly linked to sub-sector diversity but may un-
derestimate broader, large-scale variability and inter-regional
differences. Conversely, the literature-based standard devia-
tion offers a more conservative benchmark that captures ad-
ditional inter-study, regional, and methodological variabil-
ity. The two approaches (literature-based standard deviations
and Monte Carlo uncertainties) provide lower and upper es-
timates of the sub-sector isotopic uncertainty.

Second, the sub-sector uncertainties (σi) are propagated
into the aggregated sector uncertainty component (σprop) us-
ing a flux-weighted error propagation approach:

σprop =

√√√√∑
i

(
Fi

Ftotal

)2

σ 2
i (4)

where Fi is the flux of sub-sector i (Tg yr−1), Ftotal is the
total flux of the aggregated sector (Tg yr−1), and σi is the
isotopic uncertainty of sub-sector i (‰).

The aggregated sector uncertainty (σprop) is reported as
a range, with the lower bound corresponding to the Monte
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Carlo estimate and the upper bound corresponding to the
literature-based estimate.

2.3.3 Aggregation uncertainty (σagg)

This component reflects the sensitivity of aggregated signa-
tures to methodological choices of weighting fluxes in the
construction of the aggregated sector dataset. It is evaluated
through a series of sensitivity tests (see Sect. 4.2), and com-
puted as the standard deviation across the resulting aggrega-
tion scenarios:

σagg =

√√√√ 1
N

N∑
j=1

(x̄j − x̄)2 (5)

where x̄j is the mean isotopic signature derived from aggre-
gation method j , x̄ is the overall mean isotopic signature
across all tested methods, and N is the number of tested ag-
gregation methods.

In summary, this framework provides consistent tools to
estimate sectoral δ13C-CH4 uncertainties, combining sub-
sector variability and aggregation effects. Beyond sectoral
aggregation, isotopic uncertainties also carry a latitudinal di-
mension, driven notably by the distribution of C3 and C4
plants across source sectors and by stratospheric transport
processes; these spatial gradients are discussed further in
Sect. 4.1.1. Because uncertainties in isotopic signature val-
ues and their spatial allocation propagate into regional and
global inversions, ultimately influencing source attribution, it
is particularly important to assess them. The resulting uncer-
tainties are directly usable in atmospheric models and inver-
sions to inform prior error structures and guide optimization
choices (see Sect. 4.3.2).

3 Atmospheric framework for sensitivity analysis

Building on recent flux inventories and isotopic signature
datasets, we developed updated δ13C-CH4 source signature
maps suitable for atmospheric modeling and inversion stud-
ies (see Sect. 2). This section presents how these maps are
integrated into forward atmospheric simulations to assess
how key parameters uncertainties propagate to the modeled
δ13C-CH4 signal. We first describe the modeling framework
used for the simulations (Sect. 3.1), then detail the sensitiv-
ity experiments designed to explore the influence of critical
drivers, including methane fluxes, fluxes used for isotopic ag-
gregation, OH fields, OH kinetic isotope effects, and isotopic
source signatures (Sect. 3.2).

3.1 Description of atmospheric simulations

To assess the influence of key parameters and evaluate the
impact of the updated δ13C-CH4 signature dataset, we con-
ducted a sensitivity analysis based on forward simulations of

methane mole fractions and δ13C-CH4 signals over the pe-
riod 1998–2022. These simulations were performed within
the Community Inversion Framework (CIF; Berchet et al.,
2021). The CIF was extended by Thanwerdas et al. (2022a)
to incorporate isotopic constraints, enabling the joint simula-
tion and assimilation of CH4 mole fractions and their δ13C-
CH4 composition. The following subsections describe in de-
tail all components of the forward simulations.

3.1.1 Global transport model

The simulations were conducted using the LMDz transport
model, a component of the coupled model from the Institut
Pierre-Simon Laplace (IPSL-CM), developed at the Labo-
ratoire de Météorologie Dynamique (LMD; Hourdin et al.,
2006). The offline version was used, driven by ECMWF
ERA-Interim reanalyses, as described in Chevallier et al.
(2005). LMDz operates at a horizontal resolution of 3.75°×
1.875°, with 39 vertical hybrid sigma-pressure levels ex-
tending up to approximately 75 km. The model time step is
30 min. Vertical diffusion is parameterized following the lo-
cal approach of Louis (1979), while deep convection is rep-
resented using the Kerry Emanuel scheme (Remaud et al.,
2018).

3.1.2 Emissions fluxes

Source categories are described in Table 1 with the follow-
ing emission fluxes: All flux datasets were selected to ensure
consistency with the Global Methane Budget (GMB) frame-
work (Saunois et al., 2020, 2025), which provides the refer-
ence basis for methane emission assessments.

– Anthropogenic sources. Emissions from agriculture,
waste, fossil fuel exploitation, and biofuel combustion
are taken from the EDGARv8 inventory (Crippa et al.,
2023). This dataset provides detailed activity data and
region-specific emission factors, enabling realistic rep-
resentation of spatial and temporal variability across
sectors and regions.

– Biomass burning. Emissions from wildfires and agricul-
tural burning are derived from the Global Fire Emis-
sions Database (GFED4s) (van Wees et al., 2022).
GFED4s integrates satellite observations of burned area,
fire radiative power, and biogeochemical model outputs
to provide monthly CH4 flux estimates.

– Wetlands. Wetland emissions are estimated using the
multi-model mean of 11 process-based models com-
piled within the Global Methane Budget framework
(Martinez et al., 2024). These fluxes are provided as
monthly climatological values.

– Freshwater systems. Emissions from lakes and reser-
voirs are based on the CH4 flux maps by Stavert
et al. (2022). Initial global emissions are estimated at
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95 Tgyr−1, reduced to 73 Tgyr−1 after ice-cover cor-
rections. Following Martinez et al. (2024), emissions
are further rescaled by a factor of one-third, resulting
in a global total of 53 Tgyr−1 (Saunois et al., 2025). We
acknowledge that freshwater flux estimates remain sub-
ject to large uncertainties, arising from poorly mapped
inland water extent, complex emission pathways, and
spatial variability in methanotrophy (e.g. Van Bergen
et al., 2019; Lauerwald et al., 2023; Shaw et al., 2022).
These uncertainties are further discussed in Sect. 4.2.2.

– Termites. Termite emissions follow Martinez et al.
(2024) based on the S. Castaldi model, providing a spa-
tially explicit global climatology without accounting for
seasonal variability.

– Geological methane. Geological emissions use the grid-
ded climatology from Etiope et al. (2019), rescaled
to a total global flux of 21 TgCH4 yr−1 by Martinez
et al. (2024). Offshore geological emissions, including
marine seepage, are excluded to avoid double count-
ing. We note that geological emission estimates remain
uncertain; ice core-based constraints suggest that pre-
industrial geological emissions may have been substan-
tially lower (Petrenko et al., 2017), though the current
value follows the Global Methane Budget framework
(Martinez et al., 2024) for consistency with the broader
modeling setup.

– Oceanic methane. Ocean emissions rely on the climato-
logical dataset of Weber et al. (2019), which combines
microbial CH4 production in the water column and ge-
ological seepage from seafloor sediments. These emis-
sions are considered seasonally invariant and included
as a static component of the total CH4 flux budget (Mar-
tinez et al., 2024).

3.1.3 Initial conditions

Initial conditions for CH4 and δ13C-CH4 for the year 1998
were derived from an inversion covering the period 1988–
2020 (Thanwerdas et al., 2024). A spin-up period from 1998
to 2016 was used to allow the model to adjust to realistic at-
mospheric gradients, particularly for δ13C-CH4 (Tans, 1997).
Only the period 2016–2020 is analyzed to ensure that the
model has reached a stable state and to enable direct com-
parison between simulations, which differ only from the per-
turbed parameters (see Sect. 3.2).

3.1.4 Chemistry

Methane oxidation is simulated using the generic chemi-
cal module of the offline LMDz model (Pison et al., 2009;
Thanwerdas et al., 2022b). The chemical scheme includes re-
actions with hydroxyl radicals (OH), excited atomic oxygen
(O(1D)), and chlorine radicals (Cl). Oxidant concentrations

are prescribed from precomputed daily 3-D fields summa-
rized in Table 2.

– Hydroxyl radicals (OH). OH is the primary sink for at-
mospheric methane. Monthly mean OH fields are taken
from LMDz-INCA simulations (Hauglustaine et al.,
2004), driven by consistent meteorological forcing with
the transport model.

– Excited atomic oxygen (O(1D). O(1D) contributes
mainly to methane oxidation in the stratosphere. A
monthly climatology from the TRANSCOM project
(Patra et al., 2011) is used.

– Chlorine radicals (Cl). Methane destruction by Cl rad-
icals is particularly relevant in both the marine bound-
ary layer and the stratosphere. Cl fields are based on
the dataset of Wang et al. (2021), as recommended
by Thanwerdas et al. (2022b), and include both tropo-
spheric and stratospheric concentrations.

Isotopic fractionation from CH4 oxidation is expressed by
the kinetic isotope effects (KIEs), which quantify the differ-
ence in reaction rates between 12CH4 and 13CH4. The KIE
values used for each oxidant are summarized in Table 2. A
sensitivity analysis is conducted on the OH-KIE value, given
its significant impact on the atmospheric δ13CH4 signal (see
Sect. 3.2).

3.1.5 Soil sink

Soil uptake is a significant sink for atmospheric methane,
and accounts for approximately 35 TgCH4 yr−1 in the global
methane budget (Saunois et al., 2025). Moreover, the soil
sink is known to induce isotopic fractionation, which must
be accounted for in forward simulations of the isotopic sig-
nal (Snover and Quay, 2000). In this study, rather than us-
ing a fixed negative flux, we represent soil uptake as a first-
order deposition process, where the deposition velocity vdep
is computed from prescribed soil fluxes and modeled sur-
face CH4 concentrations. This approach allows the sink to
respond to atmospheric gradients and enables a consistent
application of isotopic fractionation. Representing soil up-
take via a deposition velocity ensures that the isotopic frac-
tionation is applied dynamically to both 12CH4 and 13CH4,
in proportion to their atmospheric concentrations and the ki-
netic isotope effect.

The monthly deposition velocity is calculated as:

vdep =
Fsoil

CCH4

(6)

where Fsoil is the prior soil uptake flux from the GMB dataset
(Martinez et al., 2024), and CCH4 is the modeled surface CH4
mole fraction from inversion (Thanwerdas et al., 2024).

To account for isotopic fractionation during methane up-
take by soils, a kinetic isotope effect (KIE) is applied. The
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Table 2. Fractionation coefficients for methane oxidation reactions with OH, O(1D), and Cl. The kinetic isotope effect (KIE) values are
shown for each reaction, along with their respective references and sources of the 3D oxidant fields. For Cl, the KIE is expressed as a
temperature-dependent exponential function, where T denotes temperature in Kelvin (K).

Oxidant k(12CH4)/k(13CH4) Reference 3D Field Source

OH 1.0039 Saueressig et al. (2001) LMDz-INCA (Hauglustaine et al., 2004)
O(1D) 1.013 Saueressig et al. (2001) TRANSCOM (Patra et al., 2011)
Cl 1.043× e6.455K/T Saueressig et al. (1995) Wang et al. (2021)

deposition velocity for 13CH4 is computed as:

vdep,13CH4
=
vdep,12CH4

KIEδ13C
(7)

with a fractionation factor KIEδ13C = 1.020, based on the ex-
perimental results of Snover and Quay (2000).

The methodology presented in this section provides a
consistent framework for simulating atmospheric CH4 mole
fractions and δ13C-CH4 signals using the CIF coupled to the
LMDz transport model.

3.2 Protocol for sensitivity experiments

A series of sensitivity simulations was conducted to assess
the impact of key input uncertainties on the modeled spatial
and temporal variability of atmospheric δ13C-CH4 signal and
CH4 mole fractions. The purpose of these sensitivity experi-
ments and the way input and output uncertainties are propa-
gated within the inversion framework are illustrated in Fig. 4.
These experiments, summarized in Table 3, are grouped into
four main categories:

– Flux aggregation. We tested the sensitivity of mod-
eled outputs to the choice of emission inventories used
for isotopic flux aggregation. Fluxes were aggregated
using different anthropogenic inventories, namely the
Emissions Database for Global Atmospheric Research
(EDGARv8; Crippa et al., 2023), the Global Fuel Ex-
ploitation Inventory (GFEIv2; Scarpelli et al., 2022),
the Community Emissions Data System (CEDSv2021;
O’Rourke et al., 2021), and the Greenhouse Gas and Air
Pollution Interactions and Synergies model (GAINSv4;
Höglund-Isaksson et al., 2020). These datasets are col-
lectively referred to as “inventories” hereinafter. We
also tested the effect of increasing the number of ag-
gregated source categories (from 5 to 14) to assess the
trade-offs between computational efficiency and iso-
topic detail (see Sect. 2.2).

– Chemistry. Sensitivity to CH4 oxidative loss processes
was explored by using different OH fields, includ-
ing the INCA model (Hauglustaine et al., 2004), the
TRANSCOM-MCFCAL ensemble (Patra et al., 2011),
and the IAV scenario (Patra et al., 2021), as well as

by varying the kinetic isotope effects (KIEs) associ-
ated with CH4 oxidation by OH radicals (Cantrell et al.,
1990; Saueressig et al., 2001). Note that the other
two CH4 oxidation pathways included in the model,
Cl oxidation and soil uptake, were not independently
perturbed in the sensitivity ensemble. The impact of
Cl fields on modeled CH4 and δ13C-CH4 within the
same LMDz-SACS framework has been comprehen-
sively quantified by Thanwerdas et al. (2022b), and we
adopt here the Cl field from Wang et al. (2021). The soil
sink, implemented as an isotope-sensitive first-order de-
position process (Sect. 3.1.5), carries a well-constrained
global magnitude and a moderate KIE. The implica-
tions of these two sinks for the δ13C-CH4 budget are
discussed in Sect. 4.2.3.

– CH4 fluxes. Sensitivity to the choice of methane flux
datasets was assessed for three sectors: wetlands (GMB
climatology and interannual variability (IAV) (Martinez
et al., 2024), LPJ from GMB (Saunois et al., 2020),
SatWetCH4 (Bernard et al., 2025)); freshwater systems
(on/off configuration using GMB Martinez et al., 2024);
and anthropogenic sources (EDGARv8, CEDSv2021,
GAINSv4, GFEI).

– Isotopic signature. For the five main source sectors, a
Monte Carlo ensemble (five members) was generated
to isolate the influence of source signature uncertain-
ties on the modeled δ13C-CH4. Isotopic signatures were
randomly perturbed within their sector-specific uncer-
tainty ranges, assumed to follow normal distributions
(see Sect. 4.1.3). Each spatial domain draws indepen-
dently from this distribution, so that different regions
may receive different perturbed values within the same
Monte Carlo member. Further details, including the sta-
tistical parameters used for each sector, are provided in
Table S3 in the Supplement.

The sensitivity analysis focuses on the period from 2016
to 2020 included. The years from 1998 to 2015 are used as a
spin-up period to let the model adjust, during which the simu-
lated atmospheric CH4 and δ13C-CH4 progressively stabilize
(see Sect. S4 in the Supplement for the full 1998–2022 time
series of all simulations compared to NOAA-INSTAAR ob-
servations Michel et al., 2024; Schuldt et al., 2025). The sim-
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Table 3. Overview of the simulation setups used for the sensitivity analysis. Simulations are grouped into three main categories (Category):
chemistry, aggregation, and fluxes. The column Subcategory specifies the specific parameter being tested (e.g. OH fields, KIE values, wetland
emissions, freshwater emissions, anthropogenic emissions). Simulation names in italic correspond to the reference simulations used in each
category. Models and datasets used include: INCA (Hauglustaine et al., 2004), IAV (Patra et al., 2021), MCFCAL (Patra et al., 2011) for
OH fields, Saueressig (Saueressig et al., 2001) and Cantrell (Cantrell et al., 1990) for OH kinetic isotope effects (KIE), EDGARv8 (Crippa
et al., 2023), GFEI v2 (Scarpelli et al., 2022), CEDS v2021-04-21 (O’Rourke et al., 2021), and GAINSv4 (Höglund-Isaksson et al., 2020)
for anthropogenic emissions, GMB (Martinez et al., 2024) for freshwater emissions, and various versions of wetland emissions from Saunois
et al. (2020), including GMB_Mean (climatological mean of 11 models), GMB_NoClimato (monthly mean of 11 models), and LPJ (LPJ-wsl
model). The bold font highlights, for each subcategory, the specific parameter value that is perturbed relative to the reference simulation
(whose name is given in italic).

Category Subcategory Simulation name OH KIE Flux aggregation Fluxes

Wetlands Freshwaters Anthropogenic

Chemistry
OH

OH_INCA INCA Saueressig EDGAR GMB_Mean No EDGAR
OH_IAV IAV Saueressig EDGAR GMB_Mean No EDGAR
OH_MCFCAL MCFCAL Saueressig EDGAR GMB_Mean No EDGAR
OH_INCA_2024 INCA Saueressig EDGAR GMB_Mean No EDGAR

KIE
KIE_SAUERESSIG INCA Saueressig EDGAR GMB_Mean No EDGAR
KIE_CANTRELL INCA Cantrell EDGAR GMB_Mean No EDGAR

Aggregation Aggregation

AGGREG_EDGAR INCA Saueressig EDGAR GMB No EDGAR
AGGREG_GFEI INCA Saueressig GFEI GMB_Mean No EDGAR
AGGREG_CEDS INCA Saueressig CEDS GMB_Mean No EDGAR
AGGREG_GAINS INCA Saueressig GAINS GMB_Mean No EDGAR
NO_AGGREG INCA Saueressig None GMB_Mean No None

Fluxes

Wetlands

WET_GMB INCA Saueressig EDGAR GMB_Mean No EDGAR
WET_SAT_WET_CH4 INCA Saueressig EDGAR SatWetCH4 No EDGAR
WET_GMB_NO_CLIMATO INCA Saueressig EDGAR GMB_NoClimato No EDGAR
WET_LPJ INCA Saueressig EDGAR LPJ No EDGAR

Freshwaters
FLUX_NO_FRESH INCA Saueressig EDGAR GMB_Mean No EDGAR
FLUX_FRESH INCA Saueressig EDGAR GMB_Mean Yes EDGAR

Anthropogenic

ANTHROPO_EDGAR INCA Saueressig EDGAR GMB_Mean No EDGAR
ANTHROPO_GAINS INCA Saueressig EDGAR GMB_Mean No GAINS
ANTHROPO_CEDS INCA Saueressig EDGAR GMB_Mean No CEDS
ANTHROPO_GFEI INCA Saueressig EDGAR GMB_Mean No GFEI

ulation outputs from January 2016 to December 2020 are an-
alyzed. The years 2021–2022 are excluded to ensure consis-
tency across all simulations, as some of the emission invento-
ries used (e.g. GAINS) are only available up to 2020. These
simulations aim to quantify the uncertainties introduced by
methodological choices during the construction of isotopic
signature maps and their propagation into modeled outputs,
namely atmospheric methane mole fractions and isotopic sig-
nals. They also allow quantification of the individual contri-
bution of each factor to the overall uncertainty in modeled
methane mole fractions and isotopic signals.

The sensitivity of each parameter was quantified using the
relative standard deviation (RSD), defined as:

RSD=
σ

µ
× 100% (8)

where σ is the standard deviation (SD) and µ is the mean of
the modeled outputs (simulated methane mole fraction and
isotopic composition) across the sensitivity simulations for a
given parameter, computed at each pixel at the surface level.
Both the SD and the RSD were calculated within each sensi-
tivity category (aggregation, chemistry, fluxes, isotopic sig-

natures) to isolate the influence of each individual parameter
set on the modeled outputs.

The SD provides an absolute measure of dispersion (e.g.
in ppb for CH4 mole fraction values or in ‰, for isotopic sig-
nals), while the RSD expresses this variability relative to the
mean, allowing direct comparison between parameters of dif-
ferent magnitudes. An elevated RSD indicates that the mod-
eled output is highly sensitive to the parameter in question
and highlights a potential leverage point for reducing overall
uncertainty. Conversely, a low RSD suggests that the param-
eter has only a limited impact on the variability of the output
field.

The RSD is particularly useful in isotopic modeling, where
flux amplitude, isotopic source signature, and chemical pro-
cesses interact in non-linear ways. Uncertainties in the iso-
topic composition of a source propagate to the RSD of the
modeled isotopic signal, but large fluxes from other regions
with well-constrained isotopic signatures can dampen this
variability.

The modeling framework described in this section enables
a systematic exploration of the sensitivity of atmospheric
δ13C-CH4 to variations in fluxes, chemical sinks, and iso-

Earth Syst. Sci. Data, 18, 4793–4832, 2026 https://doi.org/10.5194/essd-18-4793-2026



E. Tapin et al.: δ13C-CH4 uncertainty analysis 4803

topic source signatures. We now examine the updated δ13C-
CH4 source signature maps in detail and quantify their un-
certainties before analyzing the results of the sensitivity sim-
ulations.

4 Results and discussion

This section presents the key results of this study, including
the spatial and temporal characteristics of the updated δ13C-
CH4 source signature maps and their associated uncertainties
(Sect. 4.1), as well as the atmospheric sensitivity simulations
outcomes (Sect. 4.2). The objectives are to identify dominant
sources of uncertainty affecting the modeled δ13C-CH4 sig-
nal and to provide guidelines to integrate the updated isotopic
dataset into atmospheric inversions (Sect. 4.3).

4.1 Updated δ13C-CH4 source signature maps

Building updated δ13C-CH4 maps with quantified uncertain-
ties is a prerequisite for improving the robustness of fu-
ture top-down methane budget assessments. In this section,
we present the new δ13C-CH4 source signature maps devel-
oped for this study, based on the methodology detailed in
Sect. 2. We describe the spatial patterns of aggregated sec-
toral signatures (Sect. 4.1.1), their temporal variability over
the 1998–2022 period (Sect. 4.1.2), the associated uncertain-
ties (Sect. 4.1.3), and provide a comparison with existing
datasets (Sect. 4.1.4).

4.1.1 Updated δ13C-CH4 source signatures

Figure 2 presents the aggregated global maps of δ13C-CH4
source signatures averaged over the period 1998–2022. The
spatial variability in these maps reflects both the diversity of
isotopic signatures across sub-sectors (see Sect. 1) and the
spatial distribution of methane fluxes within each grid cell.
The fluxes used for aggregation are detailed in Table 1, which
also reports the mean, minimum, and maximum δ13C-CH4
source signatures. Additional maps showing individual sub-
sectors are provided in Fig. S1 in the Supplement. The key
spatial features for δ13C-CH4 of each sector are summarized
below:

– FFG. More enriched signatures (close to −40 ‰) are
observed in regions with oil and gas exploitation (e.g.
Middle East, USA), while more depleted values (be-
low −50 ‰) occur in coal-dominated, oil sands, or ge-
ological seepage areas (e.g. Canada). These patterns re-
flect the isotopic diversity of fossil sub-sources, as doc-
umented in previous studies (Figs. S1 and S2 in the Sup-
plement; Schwietzke et al., 2016; Sherwood et al., 2017;
Milkov et al., 2020b; Menoud et al., 2022).

– AGW. Spatial variability results from the balance be-
tween depleted livestock emissions (∼−66 ‰) and
more enriched waste-related sources (−51 to −56 ‰).

Urbanized regions (e.g. South-East Asia, Europe)
show enriched signatures due to dominant landfill and
wastewater emissions, whereas rural areas with rice
and livestock (e.g. Argentina, Sub-Saharan Africa) are
more depleted (Figs. S1 and S2). Livestock signatures
show notable regional variability: tropical regions tend
to be more enriched (heavier than −60 ‰) due to C4-
dominated forage, while temperate extensive grazing
systems on C3 grasslands yield more depleted values.
However, intensive dairy systems in the Northern Hemi-
sphere, fed largely on C4 maize silage, can also produce
relatively enriched signatures (Chang et al., 2019).

– BB. Isotopic gradients are primarily latitudinal, driven
by the distribution of C3 and C4 plants. Tropical and
subtropical regions dominated by C4 vegetation exhibit
more enriched values, while boreal regions show more
depleted signatures (Still et al., 2003; Randerson et al.,
2012; Lan et al., 2021a). Within the tropics, grass fires
burning C4 vegetation tend to produce more enriched
δ13C-CH4 than bush and tree fires, which involve pre-
dominantly C3 biomass (Barker et al., 2020; France
et al., 2022).

– WET. Generally depleted values (−50 to −70 ‰) are
observed, with more depleted signatures in high-latitude
and boreal wetlands, and relatively enriched ones in
tropical wetlands, where C4 aquatic vegetation such
as papyrus contribute to isotopically heavier signatures
(Ganesan et al., 2018; Oh et al., 2022; Nisbet et al.,
2021; France et al., 2022).

– NAT. This sector includes geographically distinct emis-
sions from oceans (more enriched, ∼−42 ‰) and ter-
mites (more depleted, ∼−65 ‰). The corresponding
isotopic signatures reflect the spatial distribution of each
sub-source, as shown in the sub-sector maps (Figs. S1
and S2).

The spatial patterns described above directly influence the
simulated atmospheric δ13C-CH4 signal, which may affect
the results of inverse modeling. Furthermore, uncertainties in
sub-sector isotopic values and their spatial allocation prop-
agate into regional and global inversions, ultimately influ-
encing source attribution. A detailed quantification of these
uncertainties is therefore essential to assess their potential
impact and guide the design of robust inversion frameworks
(Sect. 4.1.3).

The maps also highlight regions where different source
types co-occur, potentially complicating the separation of
natural and anthropogenic emissions. For example, tropical
regions such as Southeast Asia, parts of Africa, and northern
South America host both WET and AGW emissions in close
proximity. The spatial co-location and similarity of isotopic
signatures between these sources can produce blended atmo-
spheric signals, making it challenging to disentangle their
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Figure 2. Maps of δ13C-CH4 source signatures (‰) for each of the five source sectors, flux-weighted averages over 1998–2022. Only grid
cells with CH4 fluxes exceeding 0.025 mgCH4 m−2 d−1 are shown. Note that color scales differ between panels to better highlight spatial
patterns within each source sector.

respective contributions in top-down inversions. These over-
laps underscore the importance of high-resolution spatial and
temporal information in both methane fluxes and isotopic
signatures to improve source attribution in complex emission
environments.

In summary, the updated maps reveal three robust spatial
features: a strong north–south gradient in BB and WET sig-
natures driven by C3/C4 vegetation distribution, a contrast
between depleted livestock and enriched waste signatures
within AGW, and a marked enrichment over major oil and
gas basins for FFG. Regions of source overlap, particularly
in the tropics, emerge as priority zones where high-resolution
isotopic information is most needed for source attribution.

4.1.2 δ13C-CH4 source signature timeseries

Figure 3 presents the monthly δ13C-CH4 source signature
time series for the methane sectors considered in this study
over the period 1998–2022. The time series are based on
flux-weighted averages. In the following, we describe the
temporal evolution and variability of each sector’s isotopic
signature and discuss the underlying drivers. Most aggre-
gated source sectors show limited temporal variability in
their δ13C-CH4 signature over the 1998–2022 period, with
typical long-term changes below 1 ‰. The isotopic signa-
ture of FFG sources exhibits a slight enrichment over time,
increasing from approximately −44.6 ‰ in the early 2000s
to around −43.9 ‰ after 2020. Several factors can explain
this increase. First, the rapid expansion of shale gas produc-
tion, particularly in North America after 2010, introduced
additional emissions with relatively enriched isotopic signa-

tures compared to conventional natural gas (Milkov et al.,
2020a). In the US, shale gas accounted for 48 % of total dry
natural gas production in 2013 and reached 82 % by 2023
(IEA, 2013–2023; Saunois et al., 2025). Second, the rela-
tive contributions of fossil fuel subsectors have evolved over
the past two decades. According to Saunois et al. (2025),
based on the synthesis of multiple emission inventories, in-
cluding EDGARv6.0 and v7.0 (Ferrario et al., 2021; Crippa
et al., 2023), GAINSv4.0 (Höglund-Isaksson et al., 2020),
CEDS (O’Rourke et al., 2021), the share of coal-related
emissions, typically more depleted in δ13C-CH4, increased
from approximately 21 % of total fossil fuel emissions in the
early 2000s to about 25 % in the 2010s. Meanwhile, oil and
gas emissions, associated with less depleted signatures, also
grew but were partially counterbalanced by this increasing
coal contribution. This sectoral shift has likely moderated
the enrichment of the global signature driven by shale gas.
Third, geological sources are considered stable over time,
both in terms of flux and isotopic signature, providing a back-
ground that buffers the sector’s temporal variability. Over-
all, these combined effects explain the modest but persistent
enrichment observed in the FFG sector’s isotopic signature
over the past two decades. No significant seasonal variation
is detected for FFG sector, which is consistent with the ab-
sence of seasonal modulation in the underlying inventories.
However, real-world temporal variability may not be fully
captured by inventories. Geopolitical events (e.g. changes
in gas trade flows) and evolving gas processing or distribu-
tion practices could alter the isotopic composition of emis-
sions over time. While isotopic signatures are generally sta-
ble (Schoell et al., 1993), shifts in the relative contribution
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of end-member sources or changes in gas composition could
induce detectable trends (Schwietzke et al., 2014; Sherwood
et al., 2017). Such factors remain difficult to assess without
dedicated observational constraints.

The AGW signature shows a slight enrichment from about
−60.4 to −59.9 ‰. Since the isotopic values of the subcate-
gories (e.g. livestock, wastewater, landfill, rice, and agricul-
tural waste) are held constant, this change reflects a redistri-
bution of fluxes within the AGW sector. Specifically, the rel-
ative contribution of livestock and rice cultivation, which to-
gether accounted for approximately 69 % of AGW emissions
in 2000–2009, decreased to around 68 % in 2010–2019. At
the same time, waste-related sources (i.e. landfills, wastew-
ater, and agricultural waste) increased from about 31 % to
32 % of AGW emissions over the same period. This sub-
tle but consistent shift towards more enriched waste sources
likely drives the observed isotopic enrichment, particularly
in rapidly developing regions with strong urban waste emis-
sions (Saunois et al., 2025). Moreover, the AGW sector ex-
hibits a seasonal cycle in its isotopic signature, primarily
driven by rice cultivation, which is the only sub-sector with
pronounced seasonal variability in emissions. The slight re-
duction in the relative contribution of rice, from about 19 %
to 16 % of total AGW emissions between 1998–2022, leads
to a corresponding decrease in the seasonal amplitude of the
δ13C-CH4 signature, reflecting the reduced influence of this
highly seasonal sub-sector compared to other more tempo-
rally stable AGW sources. In addition to changes in source
distribution, long-term shifts in agricultural practices may
slightly influence isotopic source signatures. For instance,
changes in livestock diet, such as a varying balance between
C3 and C4 feeds, and large-scale changes in atmospheric
δ13C-CO2 may both affect CH4 isotopic composition. Chang
et al. (2019) showed that the progressive depletion of atmo-
spheric δ13C-CO2 since the 1960s, driven by fossil fuel com-
bustion, has led to a corresponding decline in δ13C of both C3
and C4 plants. This trend propagates through the food chain,
ultimately affecting the δ13C-CH4 signature from ruminants.
Although such effects likely occur, they are not yet explicitly
represented in our dataset due to a lack of systematic isotopic
observations that track temporal changes in agricultural feed-
stocks or cultivation practices.

The WET isotopic signature remains largely stable over
the period 1998–2022, with only a minor change from ap-
proximately −58.6 to −58.7 ‰, consistent with the trend re-
ported by Oh et al. (2022). More importantly, wetlands ex-
hibit a strong seasonal cycle in δ13C-CH4 signatures, with
more depleted values during the summer months. This sea-
sonal variation is driven by the dominance of methane emis-
sions from boreal wetlands during summer, which are iso-
topically lighter than emissions from tropical wetlands (Oh
et al., 2022).

The BB isotopic signature remains stable around−24.3 ‰
throughout the study period, consistent with the identical
δ13C-CH4 signatures prescribed for biomass burning and

biofuel burning subcategories (Lan et al., 2021a). However,
the sector exhibits a pronounced seasonal cycle, with less de-
pleted values during the boreal winter. This pattern reflects
the higher contribution of biomass burning emissions from
the Southern Hemisphere during this period, which are char-
acterized by relatively enriched δ13C-CH4 signatures (see
Fig. 2).

The NAT isotopic signature remains constant through-
out the period, as expected. Values for both subcategories
(oceanic and termites) are derived using climatological fluxes
and fixed δ13C-CH4 values, leading to negligible variability
over time.

In summary, four sectors (FFG, AGW, BB, WET) show
modest but identifiable temporal signals over 1998–2022: a
slight FFG enrichment driven by shale gas expansion par-
tially offset by rising coal contributions, a slight AGW en-
richment from increasing waste shares, a stable BB mean
with strong seasonal cycles, and a stable WET mean with
strong boreal-summer-driven seasonality. NAT remains con-
stant by construction. These temporal patterns are small (typ-
ically < 1 ‰) but systematic, and should be preserved in in-
version priors.

4.1.3 Uncertainty in δ13C-CH4 source signature

Table 4 presents the uncertainty ranges associated with the
δ13C-CH4 source signatures for each major sector and their
respective sub-sectors. The uncertainty in aggregated δ13C-
CH4 source signatures arises from two primary components:
(1) the variability across sub-sectors, expressed first as the
range of sub-sector uncertainties (σi), and then as a flux-
weighted propagated uncertainty to the sector level (σprop),
and (2) the aggregation uncertainty (σagg), reflecting the sen-
sitivity of sectoral signatures to the prior flux distribution
used for aggregation (see methodology in Sect. 2.3). In the
following, we first analyse the uncertainty intrinsic to each
sectors, then examine the additional uncertainty introduced
by aggregation at the sector level, and finally discuss the total
propagated uncertainties and their implications for methane
source attribution.

Propagated uncertainty from sub-sectors (σprop)

The propagated uncertainty at the aggregated sector level,
denoted σprop, captures the combined effect of isotopic vari-
ability among sub-sectors within each source category. It is
computed using a flux-weighted combination of individual
sub-sector uncertainties (σi), as described in Sect. 2.3. These
sub-sector uncertainties reflect both the intrinsic heterogene-
ity of emission processes and the spread of values reported
in the literature. The resulting σi and σprop values for each
sector are summarized in Table 4. Below, we describe the
dominant contributors to σprop, ordered from highest to low-
est sectoral uncertainty.
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Figure 3. Monthly δ13C-CH4 source signatures from major sectors over the period 1998–2022. Each subplot corresponds to a specific sector
(AGW, WET, BB, FFG, NAT).

– WET exhibits the largest propagated uncertainty
(σprop = 0.4–8.2 ‰), directly inherited from the wide
range of sub-sector values (σi = 0.4‰–8.2 ‰). The
high variability reflects the influence of multi-
ple environmental factors, including substrate type,
methanogenic pathways (acetate fermentation vs. CO2
reduction), and the δ13C content of the organic matter
(Ganesan et al., 2018; Oh et al., 2022). Tropical wet-
lands in particular remain under-sampled, despite rep-
resenting a dominant fraction of global wetland CH4
emissions (France et al., 2021, 2022).

– BB displays a propagated uncertainty of 0.5–6.0 ‰.
This stems from the isotopic contrast between C3 and
C4 vegetation: C4 plants tend to produce more enriched
δ13C-CH4 during combustion. The range of σi (0.8–
11.2 ‰) reflects differences in vegetation type across
ecosystems and latitudes (Chanton et al., 2000; Brown-
low et al., 2017; Menoud et al., 2022), with tropical fire-
dominated regions being particularly under-represented
in isotopic measurement databases (Nisbet et al., 2021).

– NAT show a high sectoral uncertainty (σprop = 2.0‰–
5.4 ‰), driven by the strong isotopic contrast for
oceanic and termite sub-sectors. Both sub-sectors ex-
hibit broad σi values (2.8–7.6 ‰), reflecting limited

measurement coverage and substantial environmental
dependency.

– FFG sources encompass oil, gas, coal, and geological
seepage, each with distinct isotopic characteristics. The
coal sub-sector, in particular, contributes significantly to
the sector-level propagated uncertainty (σprop = 1.1‰–
5.2 ‰) due to its high variability (σi = 3.0‰–10.0 ‰).
The diversity in extraction technologies (e.g. conven-
tional vs. unconventional gas), geological formations
(e.g. shale vs. coalbed), temporal shift and regional
practices leads to strong heterogeneity and uncertainty
in fossil fuel signatures (Lan et al., 2021a; Menoud
et al., 2022).

– AGW exhibits the lowest sectoral propagated uncer-
tainty among the sectors (σprop = 0.5‰–2.8 ‰), de-
spite moderate to high sub-sector variability (σi =
0.2‰–6.6 ‰). This is due to a flux-weighted balancing
effect between well-characterized sources.

Beyond sectoral aggregation, the propagated uncertainties
also exhibit a latitudinal structure. The distribution of C3 and
C4 plants drives systematic gradients in isotopic signatures
across the WET, BB, and AGW sectors: tropical regions,
dominated by C4 vegetation, tend to produce more enriched
δ13C-CH4 signatures, while boreal and temperate regions,
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Table 4. Summary of uncertainty estimates for aggregated δ13C-CH4 source signatures by sector (in ‰), based on data from 2016–2020.
Sector acronyms are as follows: FFG=Fossil Fuels and Geological sources, AGW=Agriculture and Waste, BB=Biomass and Biofuel
Burning, WET=Wetlands, NAT=Other Natural sources. σi refers to the range of isotopic uncertainties across sub-sectors (in ‰). These
are taken from Lan et al. (2021a) (lower bound) and Menoud et al. (2022) (upper bound). The sub-sector uncertainty for geological sources
is taken from Etiope et al. (2019). σprop represents the sector-level propagated uncertainty, derived from the flux-weighted combination of
sub-sector uncertainties. σagg corresponds to the uncertainty introduced by the aggregation method, based on sensitivity tests using different

prior flux inventories. σtotal is the total combined uncertainty, calculated as σtotal =
√
σ 2

prop+ σ
2
agg. σMenoud and UncertaintyMenoud refer to

the standard deviation and mean uncertainty reported by Menoud (2022) across all available literature. Note that since σprop is derived from
the same base dataset, the propagated and total uncertainties (σprop, σtotal) are not fully independent of σMenoud and UncertaintyMenoud, but
provide complementary comparison insight.

Sub-sector σi (‰) Sector σprop (‰) σagg (‰) σtotal (‰) σMenoud (‰) UncertaintyMenoud (‰)

Coal 3.0–10.0
FFG 1.1–5.2 1.0 1.5–5.3 9.0 1.9Oil and Gas 1.0–7.7

Geological 1.5–1.6

Livestock 0.2–5.8

AGW 0.5–2.8 1.7 1.8–3.3 6.5 2.0
Wastewater 1.7–3.2
Landfills 1.7–3.4
Agricultural waste 1.7–6.6
Rice 1.1–4.5

Biofuel burning 0.8–11.2
BB 0.5–6.0 0.1 0.5–6.0 6.9 1.9

Biomass burning 0.8–5.2

Wetlands 0.4–8.2 WET 0.4–8.2 0.0 0.4–8.2 8.1 3.2

Oceans 2.8–7.6
NAT 2.0–5.4 0.0 2.0–5.4 7.6 3.2

Termites 2.8–7.6

where C3 plants prevail, yield more depleted values (Still
et al., 2003; Chang et al., 2019; France et al., 2022; Nisbet
et al., 2021). This latitudinal gradient contributes a spatially
structured component to isotopic uncertainty that is not fully
captured by global or regional averages.

These propagated uncertainties from sub-sectors highlight
the need for more systematic and representative measure-
ments, particularly in under-sampled regions (e.g. tropics),
and sectors (e.g. coal mines). The scarcity of isotopic mea-
surements in tropical regions is a critical limitation: despite
hosting some of the largest CH4 sources globally, including
tropical wetlands, rice paddies, and livestock systems, these
regions remain under-represented in isotopic databases (Nis-
bet et al., 2021; France et al., 2022). Targeted field campaigns
and isotopic monitoring networks could help reduce this un-
certainty. Nonetheless, because of the inherent diversity and
variability of methane formation processes, some degree of
irreducible uncertainty must be accounted for and formally
propagated in inversion frameworks (see Sect. 4.3.2).

Aggregation uncertainty (σagg)

Aggregation is primarily required for computational effi-
ciency in inversion frameworks (Sect. 2.2). But, this nec-
essary simplification introduces methodological uncertainty
that must be explicitly quantified and propagated (Sect. 2.3).

The aggregation uncertainty, denoted σagg, represents the er-
ror introduced when multiple sub-sectors are combined into
a single aggregated sector based on their respective emission
fluxes. The corresponding values for each sector are reported
in Table 4. Although this component is generally smaller and
more stable than σprop, it increases for sectors that involve
several formation pathways and isotopic fractionation, such
as FFG (1.0 ‰) and AGW (1.7 ‰), where heterogeneous
sub-sector compositions lead to significant propagation ef-
fects. These values illustrate that choices made in emission
inventories, not only in flux magnitudes but also in source
definitions and partitioning, can significantly shape sector-
level isotopic signatures.

Notably, discrepancies among major methane invento-
ries, including EDGARv8 (Crippa et al., 2023), GAINSv4
(Höglund-Isaksson et al., 2020), CEDSv2021 (O’Rourke
et al., 2021), and GFEIv2 (Scarpelli et al., 2022), contribute
significantly to this aggregation uncertainty. For instance, for
the FFG sector, the aggregation uncertainty is around 2.2 %
at the global scale, reflecting heterogeneity across invento-
ries. Variability in emission factors and inventory methodolo-
gies, as described in Saunois et al. (2025), contribute strongly
to this uncertainty. For example, oil and gas system emissions
estimates vary considerably due to differences in emission
factors and methodological assumptions across countries and
inventories. Similarly, for the AGW sector, the aggregation
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uncertainty (2.8 %) reflects differences in how fluxes are allo-
cated among agriculture and waste-related sub-sectors across
inventories. For example, manure emissions can be allocated
either to the agriculture or to the waste category, which can
shift the aggregated isotopic signature. On the contrary, for
WET, no aggregation uncertainty is reported because this
sector relies on a single wetland flux dataset for weighting,
precluding a cross-inventory sensitivity assessment. We note,
however, that the latitudinal contrast between tropical (more
enriched, ∼−50 ‰) and boreal (more depleted, ∼−70 ‰)
wetlands contributes substantially to the propagated uncer-
tainty σprop already reported for this sector (0.4 ‰–8.2 ‰).
For NAT, since termite and ocean sources do not overlap ge-
ographically, the aggregation uncertainty is null.

Total uncertainty (σtotal)

The total uncertainty, σtotal, represents the combined effect of
sub-sector variability and aggregation uncertainty. The full
range of uncertainty values per sector (σtotal) is reported in
Table 4. This range corresponds to the spread of possible
standard deviations (i.e. the uncertainty spread) rather than
to a range of actual δ13C-CH4 signature values. This total
uncertainty varies across sectors. For example, the BB and
WET sectors exhibit wide uncertainty ranges, from 0.5 ‰
to 6.0 ‰ and from 0.4 ‰ to 8.2 ‰, respectively, primarily
driven by sub-sector uncertainties. For the BB sector, the to-
tal uncertainty is largely driven by the sub-sector variability
of biofuel burning. For WET, the large uncertainty is mainly
due to the inherent spatial and seasonal variability of wet-
land emissions. The FFG and AGW sectors show total un-
certainties of up to 5.3 ‰ and 3.3 ‰, respectively, which is
consistent with their source diversity and complex sub-sector
structures. NAT sources display lower average uncertainties
overall.

The columns σMenoud (standard deviation within the
dataset) and UncertaintyMenoud (mean uncertainty) in Table 4
offer a comparison with extensive literature compilations
(Menoud, 2022). Our total uncertainties are comparable to or
smaller than these literature-based estimates, suggesting that
the applied aggregation methodology provides a structured
and quantitative framework for uncertainty propagation that
complements broader bibliographic syntheses. However, the
sub-sector uncertainties (σprop) used in our calculations are
derived from the same dataset compiled by Menoud (2022).
Therefore, σprop and σtotal are not fully independent from the
comparison values in σMenoud and UncertaintyMenoud. The
comparison is nonetheless informative as it illustrates how
the literature-based source variability propagates through our
aggregation scheme.

These sectoral uncertainties are subsequently propagated
in our sensitivity simulations (see Sect. 3.2). They serve as a
quantitative basis for defining the plausible variability ranges
of source signatures, allowing us to assess their influence
on modeled atmospheric δ13C-CH4 distributions. A comple-

mentary qualitative assessment of systematic biases inher-
ited from the underlying observational databases (e.g. uneven
geographic coverage, methodological heterogeneity, limited
temporal representativeness) is provided in Sect. 4.1.4. In
atmospheric inversion frameworks, the total sectoral uncer-
tainty (σtotal) can also be used to inform the specification of
the prior error covariance matrix (B matrix) (see Sect. 4.3.2).

Overall, the sectors rank by total uncertainty as
WET (0.4 ‰–8.2 ‰)>BB (0.5 ‰–6.0 ‰)>NAT (2.0 ‰–
5.4 ‰)>FFG (1.5 ‰–5.3 ‰)>AGW (1.8 ‰–3.3 ‰). Sub-
sector variability dominates over aggregation effects in all
sectors, and the largest reducible uncertainties lie in tropical
wetlands and biomass burning regions where measurements
remain sparse. These sectoral uncertainties are directly used
in the sensitivity simulations (Sect. 3.2) and inform B matrix
specification in inversion frameworks (Sect. 4.3.2).

4.1.4 Comparison with δ13C-CH4 datasets from
previous studies

For the FFG sector, our weighted mean signature is−44.2‰,
which is generally consistent with Lan et al. (2021a) but
slightly more enriched compared to Menoud et al. (2022) and
Thanwerdas et al. (2024) whose values extend to more de-
pleted ranges. Coal sources show greater differences, with
our estimate around −43.7‰ compared to −50.7‰ in
Menoud et al. (2022). This discrepancy can be explained by
differences in data selection criteria and spatial weighting.
Our estimate is derived using flux-weighted averaging that
emphasizes high-emitting coal regions, such as China and In-
dia, where emissions tend to be less depleted than the global
average (e.g. Wei et al., 2014; Qin et al., 2006; Sherwood
et al., 2017; Lan et al., 2021a). In contrast, the value reported
by Menoud et al. (2022) is an arithmetic mean of a broad
compilation of site-level measurements, including more de-
pleted coal emissions from regions with lower production or
different geological contexts. The oil and gas isotopic signa-
ture is close to previous studies, with minor variation likely
due to regional refinements. Geological emissions are fixed
at −46.6‰, in line with the geochemical value from Etiope
et al. (2019).

In the AGW sector, livestock methane isotopic values
(−65.8‰) are more depleted than reported by Menoud et al.
(2022) (−63.0‰) and Thanwerdas et al. (2024) (−63.6‰).
This difference likely stems from our use of the spatially ex-
plicit source signature maps from Lan et al. (2021a), which
account for regional differences in C3/C4 feed composition
using global maps of biomass C3/C4 ratios (Randerson et al.,
2012; Still et al., 2003). Flux-weighted averaging based on
these maps emphasizes regions dominated by C3 vegeta-
tion, such as temperate zones, resulting in more depleted sig-
natures. Our estimate is also consistent with the −64.9‰
value reported for 2012 by Chang et al. (2019). Waste-related
emissions, including landfill, wastewater, and agricultural
waste, are updated following Menoud et al. (2022), result-
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ing in relatively values: −50.9‰ for wastewater, −56.2‰
for landfill, and −54.9‰ for agricultural waste. Our land-
fill and wastewater values align with Menoud et al. (2022)
but differ by 2 ‰–4 ‰ from Lan et al. (2021a) and Thanwer-
das et al. (2024). This increase is attributed to changes in
waste management practices, notably increased biogas pro-
duction, which tends to leak methane with relatively higher
δ13C (Menoud et al., 2022). For agricultural waste specifi-
cally, the inter-dataset spread (−52 to −57.8 ‰) exceeds the
sub-sector uncertainty σi , pointing to genuine methodolog-
ical heterogeneity in the definition of this sub-sector (crop
residues vs. manure vs. composting). Rice emissions, also
from Menoud et al. (2022), are set at−59.9‰, slightly more
enriched than the −63.0‰ used in Thanwerdas et al. (2024)
due to differences in the amount of compiled literature.

For BB, our weighted mean of −24.3‰ from Lan et al.
(2021a) matches closely the value from Thanwerdas et al.
(2024), while being slightly more depleted than in Menoud
et al. (2022). WET signatures, derived largely from Oh et al.
(2022), have a weighted mean of −58.6‰, slightly en-
riched compared to Menoud et al. (2022) (−63.3‰) and
consistent with Lan et al. (2021a). The ∼ 4.7 ‰ offset with
Menoud et al. (2022) reflects the over-representation of bo-
real measurements in their literature compilation vs. our flux-
weighted average, which emphasizes tropical wetlands. Re-
cent tropical airborne measurement programs report wetland
source signatures of −59.0 ± 1.3 ‰ in Bolivian Amazonia
(France et al., 2022) and −59.3 ± 2.0 ‰ for a Zambia–
Bolivia composite (Nisbet et al., 2021), consistent with the
tropical wetland values used in our maps from Oh et al.
(2022). The slightly more enriched values produced by our
maps over African papyrus-dominated wetlands likely reflect
that these recent airborne measurements have not yet been
assimilated into process-based wetland isotope models, con-
tributing to the systematic biases on tropical wetlands dis-
cussed below.

Natural sources (NAT) retain previous estimates, with ter-
mites at −63.4‰ and oceans at −42.0‰, reflecting values
from Lan et al. (2021a) and Thanwerdas et al. (2024). The
weighted mean of −51.9‰ accounts for the relative contri-
bution of these sources. For termites, we adopted a value of
−63.4‰, consistent with Lan et al. (2021a) and Thanwerdas
et al. (2024). The depleted signature of −76.1‰ reported
by Sugimoto et al. (1998) was not used here due to concerns
about potential outliers. This choice explains the discrepancy
with the more depleted mean of Menoud et al. (2022), who
included the Sugimoto et al. (1998) value in their compila-
tion.

Beyond these sub-sector-specific differences, the inter-
dataset inconsistencies are of the same order as the sub-sector
uncertainty σi and point to systematic biases inherited from
the underlying observational databases, which σi does not
capture. At the sub-sector level, σi reflects the statistical dis-
persion within the sampled measurements (Menoud et al.,
2022), not the representativeness of that sample relative to

the true global distribution of emission sources. We identify
three main systematic biases:

– Uneven geographic coverage: the compilation from
Sherwood et al. (2017, 2021) underlying Lan et al.
(2021a) is dominated by North American data, EMID
(Menoud et al., 2024) improves European coverage
but Africa, South America, and large parts of Asia
remain under-sampled; tropical wetlands are repre-
sented through fewer campaigns than boreal/temper-
ate ones, and recent tropical measurement programs
(France et al., 2022; Nisbet et al., 2021; Shaw et al.,
2022) have not yet been integrated;

– Methodological heterogeneity: literature signatures are
arithmetic means while our sector values are flux-
weighted;

– Limited temporal representativeness: signatures are
held constant for most sub-sectors over 1998–2022,
while documented trends linked to evolving livestock
feed composition or gas processing practices (Chang
et al., 2019) are not explicitly represented.

The propagation of these biases to the aggregated maps de-
pends on the flux-weighting scheme: biases affecting small-
flux sub-sectors (termites, oceans) have limited impact, while
those affecting high-emitting sub-sectors (livestock, oil and
gas, tropical wetlands) propagate more directly to the mod-
eled atmospheric δ13C-CH4 signal, consistent with the sensi-
tivity hierarchy reported in Table 6.

Generally, the updated δ13C-CH4 source signature maps
show clear sectoral and regional patterns, with depleted sig-
natures for wetlands and agriculture, and enriched signatures
for fossil fuel and biomass burning emissions. Temporal vari-
ations are limited over the study period, except in sectors
where emissions were known to vary in time. Uncertainty
analysis highlights significant variability, particularly for the
agriculture and waste sector. The updated maps are broadly
consistent with recent datasets. In the next section, we as-
sess how the uncertainties over inputs propagate to the mod-
eled atmospheric δ13C-CH4 signal through sensitivity simu-
lations.

4.2 Sensitivity of simulated atmospheric δ13C-CH4
signal and CH4 mole fractions to key parameters

Forward atmospheric simulations provide a framework for
assessing the impact of source signature uncertainties on
modeled δ13C-CH4 (see Sect. 3.1). By testing several sets of
key input parameters (see Sect. 3.2), we can identify which
sources of uncertainty have the strongest influence on the at-
mospheric isotopic signal. This approach, and the way in-
put and output uncertainties are propagated within the in-
version framework, is illustrated in Fig. 4. In this section,
we evaluate the sensitivity of simulated atmospheric CH4
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Table 5. Globally averaged δ13C-CH4 values (‰) for each source sector, weighted by methane flux over 1998–2022. Flux-weighted mean
values were calculated using a consistent methane flux dataset across sectors and years (see Table 1), but only in cases where δ13C-CH4
signatures vary spatially or when aggregating sub-sectors. For literature datasets (e.g. Menoud et al., 2022; spatially fixed values for Lan
et al., 2021a and Thanwerdas et al., 2024), the reported values correspond to simple arithmetic means and are not flux-weighted. Ranges in
brackets indicate minimum and maximum of mean value over time. Numbers in parentheses denote the number of measurements used in the
respective studies. Bold font indicates the flux-weighted “Weighted mean” rows (aggregated sector values).

Sector Sub-sector δ13C-CH4 (This Study) Menoud et al. (2022) Lan et al. (2021a) Thanwerdas et al. (2024)
(‰, range) (‰, N) (‰, N or range) (‰, range)

FFG Coal −43.7 [−44.5/− 43.3] −50.7 (66) −43.6 [−44.3/− 43.3] −49.6 [−54.7/− 36.1]
Oil and Gas −44.0 [−44.1/− 43.8] −44.5 (243) −43.9 [−44.0/− 43.5] −45.2 [−54.7/− 36.9]
Geological sources −46.6 N/A −46.6∗ −49.0
Weighted mean −44.2 [−44.6/− 43.9] −45.2 [−54.7/− 36.1]

AGW Livestock −65.8 [−65.9/− 65.7] −63.0 (43) −65.8 [−65.9/− 65.7] −63.6 [−66.8/− 60.8]
Wastewater −50.9 −50.9 (25) −46.7 (1) −48.0
Landfills −56.2 −56.2 (47) −55.0 (10) −52.0
Agricultural waste −54.9 −54.9 (28) −57.8 (5) −52.0
Rice −59.9 −59.9 (24) −60.5 (20) −63.0
Weighted mean −60.2 [−60.4/− 59.9] −59.5 [−66.8/− 49.5]

BB Biofuel burning −24.3 [−24.5/− 24.0] −22.7 (10) −24.3 [−24.5/− 24.0] −20.0
Biomass burning −24.2 [−25.1/− 23.1] −26.1 (30) −24.2 [−25.1/− 23.1] −24.3 [−24.9/− 20.9]
Weighted mean −24.3 [−24.7/− 23.9] −22.7 [−24.9/− 20.9]

WET Wetlands −58.6 −63.3 (108) −58.6∗∗ −60.9 [−74.9/− 50.0]
Weighted mean −58.6 [−58.6/− 58.6] −60.9 [−74.9/− 50.0]

NAT Termites −63.4 −65.2 (7) −63.4 (6) −63.4
Oceans −42.0 −42.0
Weighted mean −51.9 [−51.9/− 51.9] −45.5 [−63.0/− 42.0]

∗ Value from Etiope et al. (2019). ∗∗ Value from Oh et al. (2022).

Table 6. Summary of the sensitivity of modeled CH4 mole fraction and δ13C-CH4 signal to key parameters at surface level over 2016–2020.
Values are given as relative and absolute standard deviations (first and second number in each cell, respectively). Note that the Cl sink is not
perturbed independently in this sensitivity ensemble. This impact within the same CIF–LMDz–SACS framework has been comprehensively
quantified by Thanwerdas et al. (2022b), who report that stratospheric Cl alone contributes a ∼ 0.30 ‰ surface enrichment in δ13C-CH4
via stratosphere–troposphere exchange, and modifies the seasonal cycle amplitude by 10 %–20 % depending on latitude, see Sect. 4.2.3 for
further discussion.

Category Sensitivity of CH4 Sensitivity of δ13C-CH4

Flux aggregation 0.1 %/5.6 ppb 0.3 %/0.06 ‰

Fluxes

Wetland fluxes 1.7 %/25.2 ppb 0.9 %/0.18 ‰
Freshwater fluxes 1.4 %/67.8 ppb 0.9 %/0.21 ‰
Anthropogenic fluxes 2.4 %/30.1 ppb 1.6 %/0.29 ‰

Chemistry

OH fields 3.6 %/49.6 ppb 0.0 %/0.02 ‰
OH Kinetic Isotope Effect (KIE) 0.0 %/0.0 ppb 2.2 %/0.40 ‰

Source signature

Fossil Fuel and Geological (FFG) 0.0 %/0.0 ppb 0.4 %/0.04 ‰
Agriculture and Waste (AGW) 0.0 %/0.0 ppb 1.7 %/0.32 ‰
Biomass Burning (BB) 0.0 %/0.0 ppb 0.8 %/0.16 ‰
Natural Sources (NAT) 0.0 %/0.0 ppb 0.4 %/0.07 ‰
Wetlands (WET) 0.0 %/0.0 ppb 0.1 %/0.02 ‰
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mole fractions and δ13C-CH4 isotopic signals at the sur-
face, where observations are available, to key parameters,
including emission inventories for aggregation (Sect. 4.2.1),
fluxes (Sect. 4.2.2), chemical reactions (Sect. 4.2.3), and
source signatures (Sect. 4.2.4). Table 6 provides a compar-
ative overview of the sensitivities, allowing a quick identifi-
cation of which parameters most influence the modeled CH4
mole fractions and isotopic signals. Detailed results and in-
terpretations are provided in the following sub-sections.

4.2.1 Sensitivity to fluxes used for aggregation

We note that the term “aggregation” is used in two dis-
tinct methodological senses in this section. The first refers
to the choice of flux inventory used to weight sub-sector
isotopic signatures into sector-level values, which generates
the aggregation uncertainty σagg reported in Table 4 (AG-
GREG_EDGAR, AGGREG_GFEI, AGGREG_CEDS and
AGGREG_GAINS simulations). The second refers to the
sectoral granularity of the atmospheric model itself, i.e. the
number of source categories effectively transported (5 by
default vs. 14 in the NO_AGGREG simulation). Both are
tested below but answer complementary questions: the for-
mer probes the sensitivity of the aggregated signature values,
while the latter probes the sensitivity of the modeled atmo-
spheric signal to the level of sub-sector resolution.

Figure 5 summarizes the sensitivity of flux aggregation
to different prior datasets. Panel (a) shows the variability of
flux estimates between inventories, highlighting where emis-
sion fluxes are most uncertain. Since this test focuses specif-
ically on uncertainties arising from the flux-weighted ag-
gregation of isotopic signatures, only anthropogenic sectors
(FFG, AGW and BB) are included (see Sect. 3.2). Panel (b)
presents the resulting variability in the aggregated δ13C-CH4
source signatures by sector. Panel (c) shows the sensitivity of
simulated atmospheric δ13C-CH4 signals to these aggregated
isotopic changes at surface level. It is important to note that
panel (c) displays a single sensitivity map representing the
combined impact of flux-weighted isotopic signatures varia-
tions across all anthropogenic sectors on isotopic signal sim-
ulated at the surface. Because only isotopic signatures are
perturbed while the underlying emission fluxes remain un-
changed, this test does not directly affect CH4 mole fractions.
The only noticeable effect on CH4 mole fractions occurs in
the “NO_AGGREG” setup, in which the number of aggre-
gated source categories was increased from 5 to 14 to evalu-
ate the impact of the trade-offs between computational effi-
ciency and isotopic detail (see Sect. 3.2), resulting in a very
small change in simulated CH4 mole fractions (about 5.6 ppb
on average; Table 6). Figure S3 in the Supplement shows the
same information as in Fig. 5 but expressed in terms of rel-
ative standard deviation (RSD). Together, these results illus-
trate how inventory discrepancies propagate through to atmo-
spheric simulations of δ13C-CH4 signal.

The largest flux uncertainties (Fig. S3a in the Supple-
ment) are observed in the Fossil Fuels and Geological
(FFG) and Agriculture and Waste (AGW) sectors (65 %
and 41 % respectively). These uncertainties stem from dif-
ferences between inventories, which exhibit regional dis-
crepancies. For example, in Central Asia (Turkmenistan,
Afghanistan, Uzbekistan), there are significant differences
in fossil fuel emission estimates. In Turkmenistan, GAINS
estimates 1259 ktCH4 yr−1, while EDGARv8 and CEDS
report 1343 and 1351 ktCH4 yr−1 respectively and GFEI
888 ktCH4 yr−1. Although totals appear similar, the spatial
allocation and sectoral breakdown differ markedly between
inventories. This is partly because inventories rely on na-
tional reports submitted to the UNFCCC, ensuring consis-
tency at the country level but not necessarily in spatial detail
or sub-sector attribution. Additionally, satellite-based studies
(e.g. Vanselow et al., 2024) have identified emission events in
regions such as Turkmenistan, associated with fossil fuel in-
frastructure. However, such episodic or localized emissions
are generally not included in bottom-up inventories, which
may underestimate the true emission rates. In the AGW sec-
tor, a high RSD is observed in Botswana. This is linked to the
aggregation structure in GAINS, where large African regions
are aggregated, whereas other inventories provide country-
level estimates.

The impact of these flux uncertainties on δ13C-CH4 source
signatures (Fig. 5b) is especially pronounced in the AGW
sector, which shows the highest isotopic sensitivity (1.7 ‰),
particularly in the Middle East and parts of Africa. This is re-
lated to the relative contributions of sub-sectors with distinct
isotopic signatures, such as livestock (more depleted) and
waste (less depleted), as defined in the inventories. For in-
stance, in Ethiopia (2016–2020), livestock accounts for 79 %
of AGW emissions in CEDS and GAINS, but only 67 % in
EDGARv8, which is reflected in the region’s isotopic signa-
ture variability. Regional variations in livestock diets, driven
by the local balance between C3 and C4 forage plants, further
contribute to this spread (Chang et al., 2019). For instance,
in Ethiopia, the balance between C3 and C4 forage grasses
varies with altitude, leading to distinct isotopic signatures
within the same country (Brychkova et al., 2022). AGW is
disaggregated in our framework into five sub-sectors (live-
stock, rice, landfills, wastewater, and agricultural waste; Ta-
ble 1), each with its own isotopic signature and flux distribu-
tion. Livestock and rice together account for∼ 62 % of AGW
emissions and carry the most depleted signatures (−65.8 ‰
and −59.9 ‰), while waste-related sub-sectors (−50.9 to
−56.2 ‰) make up the remaining 38 %. This contrast is the
main driver of the propagated uncertainty σprop reported for
AGW in Table 4. To assess whether finer sectoral granular-
ity, i.e. the number of source categories effectively resolved
in the atmospheric model, would meaningfully change the
modeled atmospheric signal, the NO_AGGREG simulation
increases the number of source categories from 5 to 14 (Ta-
ble 3). This is conceptually distinct from the aggregation
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Figure 4. In the upper panel, coloured Gaussian curves (yellow: prior, blue: observation, green: posterior) illustrate how the ratio between B
(prior error covariance matrix) and R (observation error covariance matrix) determines the strength of the inversion constraint: (i) when B≈
R, the optimal balance yields the strongest constraint; (ii) when B� R, observations dominate and the posterior approaches the observations;
(iii) when B� R, the prior dominates and the posterior remains close to the prior. The middle panel conceptually shows how uncertainties
are quantified in the sensitivity framework. Input uncertainties determine which constraint case applies and how to set B in the parameter
space, which is mapped into the concentration space by the atmospheric model operator H(x). Output uncertainties indicate the reliability
of the inversion results; if too high, results are not robust. They can be reduced through improved priors or explicitly optimized within the
inversion framework. The bottom panel summarises how these uncertainties are formalised within the B matrix and the R matrix.

uncertainty σagg defined in Sect. 2.3.3, which quantifies the
sensitivity of the aggregated signature to the choice of flux
inventory used for weighting (Fig. 5). The resulting differ-
ences are small: +0.061 ‰ globally for δ13C-CH4 (Fig. S4
in the Supplement). Localized differences of up to ±0.5 ‰
in δ13C-CH4 occur in regions where sub-sector composi-

tion contrasts strongly with the global average, notably in
South Asia and the Middle East. These results indicate that
increasing sectoral granularity beyond five sub-sectors does
not substantially alter the modeled atmospheric isotopic sig-
nal at the global scale. Reducing AGW-related uncertainty
would therefore benefit more from better-constraining the
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Figure 5. (a) SD (in kgm−2 s−1) of the fluxes among different prior datasets (GAINSv4, CEDSv2021, GFEIv2, EDGARv8) (over 2016–
2020) at surface level. Values are only displayed when the associated CH4 flux is higher than 0.2 mgCH4 m−2 d−1, for aggregated categories.
(b) SD in ‰ of the δ13C-CH4 source signature by aggregated category at surface level. (c) SD in ‰ of the δ13C-CH4 signals from the
forward model outputs at surface level. Coloured circles indicate SD of observed δ13C-CH4 values at each surface station over the study
period (Michel et al., 2024; Schuldt et al., 2025).

signature values of the existing sub-sectors and from refin-
ing inventory-level flux partitioning between livestock and
waste, particularly in rapidly developing regions, than from
increasing the number of source categories.

In contrast, the FFG sector shows lower isotopic sensitiv-
ity despite higher flux uncertainties (2.2 %). This is explained
by the more homogeneous isotopic signatures of coal, oil and
gas and geological, and the smaller relative isotopic differ-
ences among sub-sectors. The uncertainties are highest in
North America, they are mainly associated with the differ-
ence in relative contribution of oil and gas vs. coal in the
datasets. The variability in Chinese coal emissions is also
well documented, with CEDS based on EDGARv4.2 previ-
ously overestimating emissions compared to recent regional
inventories (Liu et al., 2021; Saunois et al., 2025). These re-
sults highlight the key role of emission partitioning within
aggregated categories in shaping the final isotopic source
signature, particularly in the AGW sector. These uncertainty
values are used to define the σagg parameter in the uncertainty
analysis (see Sect. 4.1.3).

The sensitivity of simulated atmospheric δ13C-CH4 sig-
nals to aggregation choices remains globally low, with a
mean RSD of 0.32 % (Fig. S3c in the Supplement) and a

mean SD of approximately 0.06 ‰ (Fig. 5c). This suggests
that, despite regional discrepancies, aggregation uncertain-
ties have a limited impact on large-scale atmospheric iso-
topic patterns. Moreover, the values shown in Fig. S3c rep-
resent relative sensitivities computed over the entire model
domain, which tends to dilute localized sensitivity hotspots.
When compared to the RSD of observed δ13C-CH4 values
at surface stations (e.g. Michel et al., 2024; Schuldt et al.,
2025), the simulated sensitivities is smaller. This indicates
that real-world atmospheric variability exceeds the response
induced by inventory-driven aggregation uncertainties, and
further support the limited impact of this specific error source
on the modelisation of the atmospheric isotopic signal at ob-
servational sites (more details in Sect. 4.3).

In summary, two distinct aggregation-related effects have
been tested in this section. First, the choice of flux inventory
used to weight sub-sector signatures (the aggregation uncer-
tainty σagg) introduces sizeable variability in the aggregated
signature values themselves, notably for AGW and FFG, but
propagates only weakly to the modeled atmospheric δ13C-
CH4 signal. Second, increasing the sectoral granularity from
5 to 14 source categories (NO_AGGREG test) modifies the
modeled signal by only+0.06 ‰ globally. Both aggregation-
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related choices therefore have a limited impact on atmo-
spheric simulations, supporting the transferability of the up-
dated maps across inversion systems and inventories.

4.2.2 Sensitivity to uncertainties in methane fluxes from
wetlands, freshwaters, and anthropogenic sectors

Figure 6 summarizes the sensitivity of atmospheric sim-
ulations to uncertainties in methane flux estimates from
key source sectors: wetlands, freshwaters, and the total an-
thropogenic emissions (i.e. the sum of all anthropogenic
sources). Unlike the previous section, where only isotopic
signatures were perturbed through flux-weighted aggrega-
tion, here the underlying emission fluxes themselves are var-
ied in the model simulations. Panel (a) shows the SD of CH4
emissions across inventories, and highlight where flux uncer-
tainties are the greatest. For a detailed breakdown of anthro-
pogenic subsectors (e.g. fossil fuels, waste, agriculture), refer
to Figs. S6 and S7 in the Supplement, which show their in-
dividual contributions. Panels (c) and (e) display the impact
of uncertainties in wetlands, freshwaters, and anthropogenic
fluxes on modeled CH4 mole fractions and δ13C-CH4 sig-
nals, respectively, at surface level. Figure S5 in the Supple-
ment shows the same information in terms of RSD. Theses
figures show how uncertainties in sectoral emissions propa-
gate into atmospheric simulations.

Methane flux uncertainties are highest for anthropogenic
sources (mean RSD of 129 %), followed by wetlands (96 %)
and freshwaters (22 %) (Fig. S5a in the Supplement). These
differences arise from inventory discrepancies, the inherent
complexity of methane emission processes (e.g. large spatio-
temporal variability, dependence on environmental condi-
tions and management practices), and the uneven availabil-
ity of observational data across regions and sectors, which
limits the capacity to constrain emissions. Among anthro-
pogenic subsectors, fossil fuels exhibit the largest uncertainty
(RSD 83.8 %, Fig. S6), driven by inconsistent national re-
porting, the use of variable emission factors, and the presence
of poorly constrained super-emitters (Lauvaux et al., 2022;
Saunois et al., 2025). Waste emissions follow (RSD 51.9 %),
and include landfills, agricultural waste, and wastewater. The
limited spread across inventories for landfills is mostly due
to the use of similar Tier 1 methods and data sources, not
better emission constraints. Substantial uncertainties persist
due to variations in emissions arising from different climate
conditions, landfill management practices, and the inherent
temporal and geographical variability of landfill emissions
(Krautwurst et al., 2017; Nisbet et al., 2019, 2020; Bourn
et al., 2019; Wang et al., 2023). Wastewater emissions re-
main particularly uncertain due to variability in treatment
processes and limited measurements (Saunois et al., 2025).
Biofuel burning shows a high RSD (55.7 %) but low absolute
impact due to its smaller flux. Agriculture (RSD 42.2 %) con-
tributes significantly in absolute terms due to its large emis-
sions. Regarding natural sources, wetland emission uncer-

tainties stem from multiple factors: inconsistent wetland ex-
tent maps (Melton et al., 2013; Bohn et al., 2015), uncertain-
ties in methane production and oxidation modeling (Knox
et al., 2021), and the influence of environmental drivers such
as temperature and water table depth (Tian et al., 2010; Poul-
ter et al., 2017). The dominant source of long-term uncer-
tainty is wetland areal extent (Poulter et al., 2017; Karl-
son and Bastviken, 2023), while seasonal variability is pri-
marily driven by meteorology (Parker et al., 2022; McNicol
et al., 2023). Tropical wetlands remain particularly uncer-
tain due to sparse data coverage despite their importance for
global feedbacks (Nisbet, 2023; Zhang et al., 2023; France
et al., 2022). Freshwater emissions are also uncertain due
to poorly mapped inland waters, complex seasonal dynam-
ics, and diverse emission pathways (e.g. diffusion, ebullition,
plant-mediated transport) (Van Bergen et al., 2019; Lauer-
wald et al., 2023; Saunois et al., 2025). However, as only one
freshwater dataset was available the sensitivity shown here
reflects the introduction of freshwater emissions into the sim-
ulation (ON/OFF comparison) rather than a quantified uncer-
tainty across multiple estimates.

Panel (c) of Fig. 6 shows how flux uncertainties propagate
into modeled CH4 mole fractions. The strongest sensitivity is
linked to freshwater emissions, with an average variability of
68 ppb (4.4 %). This reflects a significant contribution to total
methane emissions (+53 TgCH4 yr−1) and strong regional
impacts, particularly near the Caspian Sea, where freshwa-
ter sources dominate and where no wetland or oceanic fluxes
were present in the reference simulation, thus amplifying the
local sensitivity (Fig. S2). The Caspian Sea is a large en-
dorheic saline lake whose emissions are treated as freshwater
in our framework given the absence of a dedicated dataset; its
brackish nature and proximity to major oil and gas infrastruc-
ture introduce additional uncertainty in this region. Anthro-
pogenic fluxes contribute to a variability of 30 ppb (2.4 %),
especially in major fossil fuel production regions such as
Siberia and industrialized areas like Eastern China. Wetland
fluxes result in a variability of 25 ppb (1.7 %), concentrated in
high-emission regions such as the Amazon, Southeast Asia,
and the Congo Basin.

Similarly, modeled δ13C-CH4 signals (panel e) show a
spatial pattern that mirrors CH4 mole fraction sensitivity.
Wetland and freshwater flux uncertainties both lead to an
average isotopic variability of 0.2 ‰ (0.9 %), while anthro-
pogenic fluxes cause 0.3 ‰ (1.6 %). These findings em-
phasize that sectoral flux uncertainties substantially influ-
ence regional isotopic signal, particularly in areas with high
methane emissions.

Observed SDs from surface monitoring sites (shown as
colored circles) are also displayed in panels (c) and (e) for
comparison. In several cases, modeled isotopic sensitivities
exceed the observed SD, especially for freshwater, induced
CH4 variability, highlighting their relevance for inversion
performance (see Sect. 4.3.2). As illustrated in panels (c)
and (e), the maps convey two layers of information: regional
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Figure 6. Standard deviation (SD) over 2016–2020. (a) SD (in kgm−2 s−1) of CH4 emissions from wetlands, freshwaters, and anthropogenic
sectors (AGW, FFG, BB) at surface level. Values are only displayed when the associated CH4 flux exceeds 0.2 mgCH4 m−2 d−1. (b) SD
(in molec.m−2) of the total tropospheric OH column (pressure levels below 250 hPa). (c) SD (in ppb) of CH4 mole fractions at surface
level from forward model outputs, driven by uncertainty in emission fluxes. Coloured circles indicate RSD of observed CH4 mole fractions
at surface stations with co-located δ13C(CH4) measurements. (d) Same as (c), but driven by uncertainty in OH fields. (e) SD (in ‰) of
δ13C-CH4 values at surface level from forward model outputs, driven by uncertainty in emission fluxes. Coloured circles indicate RSD of
observed δ13C-CH4 values at the same stations (Michel et al., 2024; Schuldt et al., 2025). (f) Same as (e), but driven by uncertainty in kinetic
isotope effects (KIE) during CH4 oxidation.

hotspots where large uncertainties may hamper local flux
attribution (e.g. Caspian region, Chinese industrial basins,
Congo wetlands, etc.), and background sensitivity over well-
mixed or remote areas, which are critical for constraining
hemispheric to global budgets. This distinction is further dis-
cussed in Sect. 4.3.2.

In summary, freshwater fluxes dominate the CH4 mole
fraction sensitivity, followed by anthropogenic and wet-
land fluxes. For δ13C-CH4, anthropogenic fluxes induce the
largest variability, with wetland and freshwater contribu-
tions of similar order. Sectoral flux uncertainties produce
both regional hotspots (Caspian, Congo, Chinese basins) and
broader background sensitivities, both relevant for inversion
design.

4.2.3 Sensitivity to atmospheric chemistry parameters

Figure 6 also illustrates the uncertainties related to atmo-
spheric chemistry parameters, focusing mainly on the kinetic
isotope effect (KIE) of methane oxidation by tropospheric
hydroxyl radicals (OH), which are the primary oxidant of
methane. Panel (b) presents the SD of the total tropospheric
OH column (pressure levels below 250 hPa), highlighting re-
gions with the largest OH uncertainties. Panel (d) shows how
these uncertainties affect modeled CH4 mole fractions at sur-
face level. Panel (f) displays how uncertainty over KIE im-

pacts atmospheric δ13C-CH4 signals. OH uncertainty does
not affect δ13C-CH4 signal, and OH-KIE does not impact
CH4 mole fractions. Figure S4 shows the same information
in terms of RSD.

Uncertainties in OH fields (Fig. 6b and Fig. S5b in the
Supplement) are substantial (e.g. Nicely et al., 2017; Collins
et al., 2017; Zhao et al., 2019; Stevenson et al., 2020). SD
are particularly high over tropical continental regions such as
Amazonia, South Asia, and the African savannas, where OH
concentrations peak due to intense photochemistry and high
humidity and where strong inter-model differences coexist
(Zhao et al., 2019). These regions also display marked longi-
tudinal contrasts in tropospheric OH, driven by zonal asym-
metries in convection, lightning NOx , and biomass burning,
which are not consistently captured across global chemistry
models (Zhao et al., 2019; Morgenstern et al., 2025). Recent
studies further suggest that tropospheric oxidative capacity is
itself evolving over time: Morgenstern et al. (2025) infer an
increasing global OH abundance from radiocarbon monoxide
(14CO) observations, with implications for the interpretation
of recent CH4 trends (Ciais et al., 2026; Nisbet and Manning,
2026). Satellite-based observations have also been explored
as a means to better characterize tropospheric OH distribu-
tions and reduce these uncertainties (Penn et al., 2025).

The sensitivity of simulated CH4 mole fractions to OH
variability (Fig. 6d) is relatively uniform globally, with an
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average SD of 49.6 ppb (RSD of 3.6 %). This confirms that
the oxidative sink is a dominant factor controlling methane
concentrations and that its uncertainties propagate broadly
rather than being confined to specific regions (Zhao et al.,
2019; Ciais et al., 2026; Belikov et al., 2026; Nisbet and
Manning, 2026; Skeie et al., 2023). While OH-related uncer-
tainties propagate globally and uniformly, their impact near
source regions appears limited (Fig. 6d). This is particularly
relevant given ongoing concerns about CH4–OH interactions
in polluted areas, where local nonlinearities may arise due to
complex dependencies of OH concentrations on emissions
of NOx , CO, and volatile organic compounds (VOCs) (Lin
et al., 1988; Guthrie, 1989; Holmes et al., 2013; Lelieveld
et al., 2016; Gaubert et al., 2017). In theory, elevated CH4
concentrations could partially saturate the OH sink, espe-
cially in regions with high levels of co-emitted VOCs and
NOx that alter oxidative capacity. However, this expected
nonlinearity is not strongly expressed in the CH4 sensitiv-
ity maps. Because OH concentrations are prescribed and do
not respond to CH4 levels in our configuration, the oxidative
capacity is higher than it would be under interactive chem-
istry. This conservative setup further dampens any potential
CH4–OH saturation effects, explaining the relatively uniform
CH4 sensitivity patterns shown in Fig. 6d. Moreover, the SD
induced by OH variability exceeds the observed SD of CH4
mole fractions at most monitoring sites, indicating that OH-
related uncertainties alone can introduce model variability
greater than observational noise.

Regarding the kinetic isotope effect, Figs. 6f and S5f in
the Supplement show that uncertainties in the OH-KIE in-
duce a geographically homogeneous SD of 0.4 ‰ (RSD of
2.2 %) in the atmospheric δ13C-CH4 signal, exceeding the
observed SD at surface stations (Michel et al., 2024; Schuldt
et al., 2025). This sensitivity is driven by only two pub-
lished experimental determinations of the 12C/13C KIE for
CH4+OH: Cantrell et al. (1990) (1.0054±0.0009 at 296 K)
and Saueressig et al. (2001) (1.0039± 0.0004 at 296 K). No
measurements exist below 278 K, although theoretical cal-
culations suggest the KIE may increase at lower tempera-
tures (Gupta et al., 1997). At steady state, Fujita et al. (2020)
showed that the 0.0015 difference between the two values
yields a ∼ 1.3 ‰ shift in atmospheric δ13C-CH4, illustrating
the high leverage of this parameter. In practice, previous in-
versions have adopted either value, Saueressig et al. (2001)
in e.g. Nisbet et al. (2016); Schaefer et al. (2016); Basu et al.
(2022); Thanwerdas et al. (2024), and Cantrell et al. (1990)
in e.g. Rice et al. (2016). This choice is absorbed by the pos-
terior source mixture. Accordingly, we recommend treating
the full Cantrell–Saueressig range in inversion frameworks
(see Sect. 4.3.2).

Beyond OH, two additional sinks contribute to the δ13C-
CH4 budget and deserve explicit discussion: oxidation by
chlorine (Cl) and soil uptake. Both are included in our for-
ward simulations (Sect. 3.2) but were not perturbed in dedi-
cated sensitivity experiments.

The Cl sink accounts for a small fraction of total CH4 ox-
idation. Recent estimates converge on a tropospheric contri-
bution of ∼ 1%–3 % of the total chemical sink (Hossaini
et al., 2016; Sherwen et al., 2016; Gromov et al., 2018;
Wang et al., 2021), with the latest Global Methane Bud-
get reporting a climatological tropospheric Cl sink of 6 [1–
13]TgCH4 yr−1 (Saunois et al., 2025), substantially smaller
and better constrained than earlier estimates (Allan et al.,
2007). Despite this small magnitude, the Cl reaction carries
an exceptionally large kinetic isotope effect (KIE ≈ 1.066
at 298 K; Saueressig et al., 1995), more than an order of
magnitude larger than that of OH, so even modest uncertain-
ties in Cl concentrations translate into substantial shifts in
modeled δ13C-CH4 (see Table 2). Basu et al. (2022) further
identified the combined uncertainty in fractionation (OH-
KIE and Cl contribution) as the single most important fac-
tor limiting isotope-based source partitioning at the global
scale (Röckmann et al., 2024). Thanwerdas et al. (2022b)
quantified this influence within the same CIF-LMDz-SACS
framework used here, and reported a near-linear sensitiv-
ity of +11.7 TgCH4 yr−1 and −1.0 ‰ in the globally aver-
aged source signature per 1000 molec.m−3 increase in mean
tropospheric Cl, with stratospheric Cl alone contributing a
∼ 0.30 ‰ surface enrichment via stratosphere–troposphere
exchange and modifying the δ13C-CH4 seasonal cycle am-
plitude by up to 10 %–20 % depending on latitude. Because
our configuration adopts the Cl field from Wang et al. (2021),
consistent with the most recent tropospheric chlorine chem-
istry, the Cl-related uncertainty in our simulations is bounded
by the ranges quantified in Thanwerdas et al. (2022b), which
are of the same order of magnitude as the OH-KIE sensitiv-
ity reported in Table 6. A dedicated Cl sensitivity experiment
was therefore not repeated here to avoid duplicating a recent
and comprehensive analysis with the same model.

Soil uptake contributes ∼ 31 [17–39]TgCH4 yr−1 to the
global CH4 budget (Saunois et al., 2025), or about 5 % of
the total CH4 sink, with a moderate KIE of ∼ 1.020 (Snover
and Quay, 2000), intermediate between OH (1.0039) and Cl
(1.066) (see Table 2). In our framework, it is implemented
as a first-order deposition process with isotope-dependent
deposition velocities (Sect. 3.1.5). Given its small relative
contribution to the total sink, its moderate KIE, and the
well-constrained global magnitude reported in recent bud-
gets, soil uptake uncertainties are expected to have a substan-
tially smaller impact on the modeled δ13C-CH4 signal than
the OH-KIE (Table 6), and were therefore not perturbed in
the Monte Carlo ensemble.

In summary, OH-KIE is the dominant chemistry-related
driver of δ13C-CH4 variability, while OH fields dominate
CH4 mole fraction sensitivity. The Cl sink also exerts a
strong leverage on δ13C-CH4 through its large KIE; its im-
pact within the same CIF-LMDz-SACS framework has been
comprehensively quantified by Thanwerdas et al. (2022b)
and is therefore not duplicated here.
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4.2.4 Sensitivity of simulated atmospheric δ13C-CH4 to
source signatures

Figures 7 and S8 in the Supplement present the sensitivity of
the simulated atmospheric δ13C-CH4 signal to uncertainties
in source-specific isotopic signatures, based on the Monte
Carlo simulations (see Sect. 3.2). Panel (a) displays the SD of
the prescribed δ13C-CH4 source signatures used as input to
the simulations. The highest signature RSDs are associated
with the BB sector, with an RSD of 36 % and a SD of 7.8 ‰,
followed by FFG sector (RSD: 13.0 %, SD: 6.1 ‰), NAT sec-
tor (RSD: 12.0 %, SD: 5.3 ‰), WET sector (RSD: 9.2 %, SD:
5.2 ‰), and AGW sector (RSD: 7.3 %, SD: 4.6 ‰). These
RSD values are consistent with the sector-specific uncer-
tainty ranges summarized in Table S3. The spatial pattern
of these uncertainties reflects the regional sampling domains
used in the Monte Carlo parameterization (see Sect. 3.2).

Panel (b) shows the resulting variability in modeled atmo-
spheric δ13C-CH4 at surface level. These simulations only
perturb the isotopic composition of the emissions while keep-
ing total CH4 fluxes fixed, as a result, there is no corre-
sponding effect on CH4 mole fractions. Despite having a
comparatively lower SD in its source signature, the AGW
sector emerges as the dominant driver of atmospheric δ13C-
CH4 uncertainty, with a mean sensitivity of 0.32 ‰ (1.74 %).
This impact is particularly pronounced in regions with high
AGW emissions, such as India, where EDGARv8 estimates
an annual mean emission of 26 TgCH4 per year over the pe-
riod 2016–2020. Other sectors contribute less significantly
to overall isotopic variability but still have regionally rele-
vant effects: BB contributes 0.16 ‰ (0.84 %), FFG 0.04 ‰
(0.43 %), NAT 0.07 ‰ (0.38 %), and WET 0.02 ‰ (0.10 %).

Uncertainties in source-specific isotopic signatures, par-
ticularly from AGW sector, translate into substantial vari-
ability in the simulated δ13C-CH4 signal. This effect is es-
pecially pronounced in emission hotspots, where even small
shifts in isotopic assumptions can significantly affect local
atmospheric signals. Conversely, background regions remain
sensitive to these uncertainties through long-range transport,
potentially biasing hemispheric or global source attribution.
Moreover, the mean RSD induced by AGW source signature
uncertainties (1.74 %) exceeds the observed RSD of δ13C-
CH4 at most surface stations, suggesting that this parameter
is a major limiting factor for isotopic inversions. For other
sectors (e.g. BB, FFG, NAT), the simulated RSD remains
generally closer to or below observed values, depending on
the station location and the local sensitivity to each source’s
isotopic signature. These findings underscore the need to
improve isotopic characterization of agricultural and waste-
related methane sources, especially in hotspots regions. Im-
plications for the design and configuration of such systems
are discussed in Sect. 4.3.2.

In summary, AGW source signature uncertainties domi-
nate isotopic variability despite a moderate input SD, due to
the large flux of this sector. BB, FFG, NAT and WET sig-

nature uncertainties have comparatively limited atmospheric
impact at the global scale but produce regionally important
effects. Improving AGW isotopic characterization, particu-
larly in emission hotspots, is the highest-priority lever for
source-signature-related uncertainty reduction.

Our sensitivity analysis shows that uncertainties in the OH
kinetic isotope effect (KIE) are the dominant drivers of vari-
ability in the modeled δ13C-CH4 signal at global scale. Un-
certainties in agriculture and waste sector source signatures
and fluxes also contribute significantly. In contrast, uncer-
tainties associated with fossil fuel and wetland source signa-
tures, as well as those related to fluxes used for aggregation,
have a more limited impact at the global level (more details
in Sect 4.3.1).

4.3 Discussion

This section discusses the key outcomes of the sensitivity
analysis (Sect. 4.3.1) and their implications for atmospheric
methane inversions (Sect. 4.3.2). We examine how the sensi-
tivity analysis results can inform the configuration of isotopic
inversions, particularly regarding uncertainty specification
and parameter prioritization. The main objective is to distin-
guish between uncertainty components that could be reduced
through improved input data or model structure, and those
that are intrinsic and must be explicitly optimized within the
inversion framework (see Fig. 4). Finally, we identify oppor-
tunities for future improvements, both within inversion sys-
tems and through supporting efforts such as inventories, field
campaigns, and process-based models (Sect. 4.3.3).

4.3.1 Key uncertainty drivers affecting CH4 and
δ13C-CH4 simulations

This section synthesizes the sensitivity results presented in
Sect. 4.2 and identifies the dominant drivers of uncertainty
in modeled CH4 mole fractions and δ13C-CH4 signals. Fig-
ure 8 provides an integrated overview, locating each tested
parameter according to its joint impact on both quantities.
Parameters in the upper-right quadrant induce the largest un-
certainties simultaneously in CH4 and δ13C-CH4 and there-
fore represent priority targets for model improvement. As de-
tailed in Sect. 4.2, freshwater fluxes and OH fields dominate
CH4 variability, while OH-KIE and AGW source signatures
dominate δ13C-CH4 variability. Aggregation choices, as well
as FFG, BB, NAT and WET source signatures, exert a com-
paratively limited influence at the global scale. These find-
ings are consistent with previous work identifying OH-KIE
as a primary limitation for isotopic source partitioning (Basu
et al., 2022; Chandra et al., 2024), and extend earlier analy-
ses by quantifying the additional contribution of interannual
variability in OH fields, wetland and freshwater fluxes, and
isotopic source signatures.
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Figure 7. (a) SD (in ‰) of the δ13C-CH4 source signature sensitivities inputs for Monte Carlo simulations, by sector at surface level.
(b) SD of the δ13C-CH4 source signal from Monte Carlo simulations, by sector at surface level. Coloured circles indicate RSD of observed
δ13C-CH4 values at each surface station over the study period (Michel et al., 2024; Schuldt et al., 2025).

Figure 8. Uncertainties in CH4 mole fraction and the δ13C-CH4 isotopic signal across various parameters. The x axis shows the SD of
CH4 mole fractions in parts per billion (ppb), while the y axis shows the SD of the δ13C-CH4 signal in per mil (‰). Each point represents
a simulated grid cell, and the point labeled OBS corresponds to observations from a surface monitoring station. Parameters located in the
upper-right quadrant induce the largest uncertainties in both mole fraction and isotopic composition.

To assess whether these modeled sensitivities are large
enough to matter for inversion frameworks, they must be
compared to the natural variability captured by atmospheric
observations. The observed standard deviation of surface
CH4 mole fractions reaches 44 ppb, while that of δ13C-CH4
is 0.23 ‰ (Fig. S8). Several parameters tested here exceed
these thresholds: freshwater fluxes and OH fields for CH4,
and OH-KIE, AGW source signatures and wetland fluxes for
δ13C-CH4. This means that the uncertainties associated with
these parameters are not absorbed by observational noise and
propagate directly into inversion outcomes. The magnitude
of these uncertainties is also non-negligible relative to the
long-term atmospheric trends used to interpret methane bud-
get changes, namely+9.4±0.3 ppbyr−1 for CH4 over 2016–
2020 (Lan et al., 2025) and approximately −0.04 ‰yr−1 for

δ13C-CH4 (Schuldt et al., 2025), reinforcing the need for ex-
plicit treatment in inversion configurations.

Figure 9 illustrates the spatial distribution of the dominant
source of uncertainty in each grid cell, complemented by
Fig. S9 and S10 in the Supplement which provide a detailed
quantification of the contribution of each parameter to the to-
tal variance of the simulated δ13C-CH4 signal and CH4 mole
fraction at the model grid cell level. Beyond globally aggre-
gated diagnostics, this spatial classification reveals a strongly
heterogeneous structure, with OH-KIE dominating δ13C-
CH4 variance over most of the globe (around 50 % of total
variance) and regional exceptions emerging in well-defined
emission hotspots. Four regional case studies illustrate the
diversity of dominant drivers and provide context for the tar-
geted improvements discussed in Sects. 4.3.2 and 4.3.3.
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– Indo-Gangetic Plain: AGW source signatures contribute
up to 80 % of the local δ13C-CH4 variance over this
region. This dominance reflects both the magnitude
of regional AGW emissions (∼ 26 TgCH4 yr−1 from
EDGARv8 over 2016–2020) and the strong isotopic
contrast between livestock (−65.8 ‰) and waste sub-
sectors (−50.9 to −56.2 ‰). The relative livestock
share varies from 67 % (EDGARv8) to 79 % (CEDS,
GAINS), directly generating the spread observed in at-
mospheric simulations. Resolving this hotspot requires
improved partitioning between livestock and waste sub-
sectors in regional inventories, complemented by iso-
topic measurements that capture C3/C4 dietary hetero-
geneity. The Ethiopian highlands provide a finer-scale
illustration of this need: the C3/C4 forage balance varies
with altitude, producing sub-national contrasts in live-
stock signatures (Brychkova et al., 2022) that current
global inventories cannot resolve. Emerging evidence
from dual-isotope (δ13C–δD) measurements over South
Asia (e.g. Yao et al., 2026) suggests that AGW emis-
sions in this region may carry distinct isotopic finger-
prints from co-located fossil fuel sources, supporting
the use of multi-isotopic constraints for source disen-
tanglement in densely emitting tropical regions.

– Tropical wetlands (Congo Basin, Amazon, Borneo):
Wetland flux uncertainties dominate over these regions,
reaching more than 60 % of local δ13C-CH4 variance in
Borneo. These regions host some of the largest global
wetland emissions but remain critically under-sampled.
Recent tropical airborne and ground-based campaigns
(France et al., 2022; Nisbet et al., 2021; Shaw et al.,
2022) have begun addressing this gap, reporting signa-
tures broadly consistent with those used here but cover-
ing only a limited number of sites. Sustained measure-
ment programs in these basins are essential to constrain
both flux magnitudes and isotopic signatures of tropical
wetland emissions.

– Caspian region: Freshwater flux uncertainties account
for more than 60 % of the local δ13C-CH4 variance.
The Caspian Sea is a large endorheic brackish lake,
treated here as a freshwater source given the absence of
a dedicated dataset for endorheic systems; this classifi-
cation ambiguity, combined with proximity to major oil
and gas infrastructure in Turkmenistan and Azerbaijan,
makes regional source attribution particularly challeng-
ing. More broadly, freshwater emissions remain poorly
constrained due to complex emission pathways and lim-
ited mapping of inland water extent (Lauerwald et al.,
2023; Saunois et al., 2025).

The second row of Fig. 9 highlights the secondary drivers
that would emerge if first-order uncertainties were reduced,
with anthropogenic and freshwater fluxes becoming critical
in many additional regions. Together, these case studies sup-

port a key conceptual distinction between two regimes of un-
certainty: localized hotspots, where large uncertainties hin-
der source attribution at the regional scale and where targeted
external efforts (inventories, field campaigns, process mod-
els) can reduce prior errors; and remote or well-mixed back-
ground regions, where uncertainties are dominated by OH-
KIE and propagate through long-range transport, requiring
explicit optimization within the inversion framework. The
implications of this distinction for inversion design, includ-
ing B and R matrix specification, are detailed in Sect. 4.3.2.

4.3.2 Implications for isotopic inversions

The sensitivity results synthesized in Sect. 4.3.1 directly in-
form the design of isotopic inversions. The central question
is how to allocate effort between two complementary strate-
gies: reducing prior uncertainties through external inputs (in-
ventories, process models, field campaigns), and explicitly
optimizing intrinsic uncertainties within the inversion frame-
work. Thanwerdas et al. (2022b) previously emphasized the
need for spatially explicit, sectorally disaggregated uncer-
tainty assessments to guide this allocation, and the present
study fills this gap through an ensemble of forward simula-
tions.

Reducible uncertainties primarily concern AGW source
signatures, freshwater fluxes, and wetland fluxes, which
dominate in localized hotspots (Sect. 4.3.1). They can be
addressed through external efforts complementary to inver-
sion development: expanded inventories with finer spatial
and sectoral resolution, dedicated isotopic field campaigns,
and refined process-based models. The risk of co-located
sources with overlapping signatures, previously highlighted
by Drinkwater et al. (2023), reinforces the need for these ex-
ternal efforts: without them, unresolved prior uncertainties
propagate into the inversion and lead to ambiguous source
attribution (Fig. 4).

Intrinsic uncertainties, primarily related to the OH-KIE,
cannot be reduced through prior refinement and must instead
be sampled within the inversion framework via ensemble-
based or variational approaches, unless laboratory or theo-
retical advances narrow the Cantrell–Saueressig range. This
recommendation aligns with Lan et al. (2021a) and addresses
a gap identified by Basu et al. (2022) and Thanwerdas et al.
(2024), namely the lack of robust, data-driven uncertainty es-
timates for source signatures and KIE in current δ13C-CH4
inversions.

The sectoral total uncertainties σtotal reported in Table 4
provide a quantitative basis for specifying the diagonal
terms of the prior error covariance matrix B. The sensitivity
ranges quantified in Sect. 4.2 similarly inform the model–
observation mismatch component of the observation error
matrix R when source signatures or KIE are held fixed. The
relative magnitude of B and R determines whether each pa-
rameter can be effectively constrained: when B� R and the
parameter has a detectable atmospheric signature, the inver-
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Figure 9. Spatial distribution of the dominant uncertainty driver (parameter with the highest RSD) in each grid cell at the surface. The second
row of plots shows the dominant uncertainty category after removing the primary driver from the analysis. Surface stations are indicated with
black dots.

sion reduces uncertainty significantly; when B� R, the pos-
terior remains close to the prior. These relationships, schema-
tized in Fig. 4 and extended to the isotopic case in Fig. 10,
provide the rationale for the configuration choices recom-
mended below. Where observations are sparse, particularly
in the Southern Hemisphere, spatial clustering based on iso-
topic similarity may improve inversion stability.

Several practical recommendations emerge from this
framework:

– AGW sectoral granularity: Within the AGW sector, live-
stock and waste sub-sectors carry strongly contrasted
signatures (Table 1) and should not be merged into
a single category, in agreement with Menoud et al.
(2022) and Mannisenaho et al. (2023). The five sub-
sector structure used here is sufficient at the global scale
(Sect. 4.2.1, NO_AGGREG test), but the livestock–
waste distinction must be preserved in inversion pri-
ors. Within this five sub-sector structure, the domi-
nant AGW contribution to atmospheric δ13C-CH4 un-
certainty (Sect. 4.2.4, Table 6) originates from uncer-
tainty on the sub-sector signature values themselves,
not from how they are aggregated; this should guide

the specification of the prior error covariance matrix for
AGW signatures.

Freshwater treatment: Freshwater fluxes have a strong
CH4 signature but remain poorly constrained. Includ-
ing them within an extended wetland category, rather
than as a separate optimized source, may currently offer
the best trade-off until more observational data become
available. Omitting them entirely would bias regional
attribution, particularly in Central Asia and the tropics.

– OH treatment: Although OH does not affect δ13C-CH4
directly, it propagates strongly into CH4 mole fraction
variability and should be incorporated through chem-
istry ensemble fields rather than fixed climatologies.

– Aggregation transferability: The minor sensitivity to ag-
gregation choices (Sect. 4.2.1) supports the use of the
isotopic maps developed here across diverse inversion
systems and emission inventories, provided sub-sector
heterogeneity within AGW is preserved.

These recommendations build on and quantify the quali-
tative needs identified by Basu et al. (2022) and Thanwerdas
et al. (2024), and provide a directly usable basis for config-
uring the next generation of δ13C-CH4 inversions.
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Figure 10. Schematic illustration of the effect of adding δ13C-CH4 constraints in the inversion. The upper panel shows the reference case
using CH4 only, where co-located emissions are difficult to disentangle. The middle panel illustrates the case where δ13C-CH4 signatures are
fixed with no uncertainty (B= 0), which provides a strong constraint but may lead to potential biases if the signatures are mis-specified. The
lower panel shows the case where δ13C-CH4 signatures are optimized with realistic uncertainties, which improves the ability to disentangle
emission sectors but requires a careful balance between B and R to avoid ineffective constraints. Coloured Gaussian curves represent prior,
observational and posterior distributions for CH4 fluxes and δ13C-CH4 signatures, with the forward model H(x) linking the parameter space
to the observation space.

4.3.3 Pathways for improvement

Beyond the inversion configuration choices discussed in
Sect. 4.3.2, several research directions are needed to reduce
the uncertainties identified in this study. These cut across
three complementary axes: temporal representativeness of

source signatures, atmospheric transport and chemistry, and
process-level understanding of natural emissions.

A first priority concerns the temporal dimension of iso-
topic signatures, which is currently held constant for most
sub-sectors over 1998–2022. Documented changes in live-
stock feeding practices, particularly the evolving balance be-
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tween C3 and C4 plant diets, are known to modulate rumi-
nant δ13C-CH4 signatures (Chang et al., 2019; Lan et al.,
2021a) and remain insufficiently represented. Similarly, finer
differentiation between waste sub-sectors (landfills, wastew-
ater, agricultural waste) would improve AGW characteriza-
tion (Menoud et al., 2022). Because seasonal variations in
δ13C-CH4 are particularly sensitive to small shifts in source
signatures, both their amplitude and phase can be affected
(Kangasaho et al., 2022), making temporal characterization
a critical lever for inversion performance.

A second priority concerns atmospheric transport and
chemistry, which were not perturbed in our sensitivity en-
semble. All simulations were performed with LMDz at a
single resolution (Sect. 3.1.1), and the TransCom-CH4 in-
tercomparison (Patra et al., 2011) showed that modeled
CH4 budgets are sensitive to troposphere–stratosphere ex-
change rates and to vertical grid structure, with CH4 life-
times spanning 9.50–10.27 yr across 12 CTMs using iden-
tical OH fields. For δ13C-CH4, vertical transport additionally
controls the rate at which 13C-enriched stratospheric air re-
enters the troposphere via the Brewer–Dobson circulation, as
well as the vertical distribution of the Cl sink and its strong
fractionation (Butchart, 2014; Thanwerdas et al., 2022b).
The sensitivity hierarchy identified here, dominated by OH-
KIE and AGW signatures, is driven by prescribed inputs
and is expected to be robust across CTMs, but quantifying
transport-related uncertainty through multi-model ensembles
remains a priority. In parallel, additional oxidation pathways
deserve dedicated attention: emerging evidence for previ-
ously unaccounted-for Cl sources, notably photocatalytic re-
lease from mineral dust–sea spray aerosol (van Herpen et al.,
2023; Röckmann et al., 2024), and the potential of novel trac-
ers such as δ13C-CO to detect regional Cl-driven oxidation,
should be considered in future isotopic inversion setups.

A third priority concerns process-level understanding of
natural emissions. Wetland and freshwater methane emission
models suffer from limited data on hydrological dynamics,
organic matter content, and microbial population dynamics,
particularly in tropical regions where the largest emissions
coincide with the sparsest observations. Coordinated air-
borne and ground-based campaigns, exemplified by MOYA
and ZWAMPS in tropical wetlands, rice fields, and biomass
burning regions (Nisbet et al., 2021; France et al., 2022), pro-
vide a model for the type of effort needed to fill these obser-
vational gaps. Enhanced national reporting of sectoral emis-
sions, particularly for waste and agriculture, and site-specific
isotopic measurements in major fossil production basins and
under-sampled freshwater systems are equally needed to con-
strain prior fluxes and signatures.

Together, these three axes define a research agenda com-
plementary to inversion development itself: without parallel
progress on temporal characterization, transport and chem-
istry, and process-based understanding, isotopic inversions
will remain limited by the very priors they aim to constrain.

5 Code and data availability

Isotopic source signature datasets were provided by Xin
Lan, Malika Menoud, Youmi Oh, and Giuseppe Etiope. The
gridded δ13C-CH4 source signature dataset (1998–2022) de-
veloped in this study is openly available under CC BY
4.0 at the ESA Open Science Data portal (Tapin et al.,
2025, https://doi.org/10.57780/ESA-6D202E9). The atmo-
spheric modeling framework used for the sensitivity analy-
sis is based on the Community Inversion Framework (CIF;
Berchet et al., 2021, https://doi.org/10.5194/gmd-14-5331-
2021) coupled to the LMDz transport model. The dataset is
provided at two levels of sectoral granularity to accommo-
date different modeling needs. The aggregated product con-
tains gridded monthly δ13C-CH4 signature maps for the five
main source sectors used throughout this study (FFG, AGW,
BB, WET, NAT). In addition, the disaggregated product pro-
vides gridded monthly δ13C-CH4 signature maps for each of
the 13 underlying sub-sectors (coal, oil and gas, geological,
livestock, wastewater, landfills, agricultural waste, rice, bio-
fuel burning, biomass burning, wetlands, termites, oceans).
Users can therefore re-aggregate the dataset using their own
sectoral classification or their preferred flux inventory, in
line with the framework described in here. Scripts used
for dataset processing and uncertainty analysis are available
upon request from the corresponding author.

6 Conclusions

Existing global δ13C-CH4 datasets (e.g. Lan et al., 2021a;
Oh et al., 2022; Menoud et al., 2022; Thanwerdas et al.,
2024) have provided valuable benchmarks but were lim-
ited in temporal coverage, systematic uncertainty quantifica-
tion, and compatibility with inversion-ready sectoral struc-
tures. To address these limitations, we produced an updated
global dataset of δ13C-CH4 source signatures for five ma-
jor natural and anthropogenic sectors, following the Global
Methane Budget (GMB) classification. This aggregation
strategy reduces the number of categories for computational
efficiency in future inversion studies while preserving iso-
topic representativeness across emission types. The maps
cover the period 1998–2022 and integrate recent spatially
explicit datasets and literature-derived observations, provid-
ing explicit estimates of both intrinsic (within-sector) and
aggregation-related uncertainties. Overall, this new dataset
offers a temporally extended, uncertainty-quantified, and
inversion-ready basis for atmospheric modeling and isotopic
inversions. To support a broad range of inversion configu-
rations, the dataset is distributed at two levels of sectoral
granularity: the five-sector aggregated product used in this
study, and the underlying 14 sub-sector maps, allowing users
to re-aggregate according to their own classification or flux-
weighting scheme.

Using forward simulations in the Community Inversion
Framework coupled to the LMDz transport model, we con-
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ducted a comprehensive sensitivity analysis to assess the in-
fluence of key parameters on the modeled atmospheric δ13C-
CH4 signal and CH4 mole fraction. Our results highlight that
uncertainties in methane oxidation chemistry, particularly re-
lated to the OH kinetic isotope effect (KIE), and uncertain-
ties in isotopic source signatures, especially from the agricul-
ture and waste (AGW) sector, have the largest impact on the
simulated isotopic ratios. By contrast, uncertainties related to
flux aggregation, fossil fuel (FFG), wetland (WET) and other
natural (NAT) isotopic source signatures have a more limited
influence on global atmospheric signals.

We showed that isotopic uncertainties within certain sec-
tors, such as the AGW sector (up to ±3 ‰), were substan-
tial when compared to the standard deviation of atmospheric
δ13C-CH4 observations at surface stations (approximately
±0.2 ‰). This emphasizes the importance of reducing un-
certainties in source-specific signatures and isotopic fraction-
ation processes to improve the reliability of atmospheric in-
versions.

Our results demonstrated the robustness of the proposed
sector aggregation approach and confirmed the applicability
of the updated isotopic maps across diverse inversion con-
figurations. We recommend prioritizing efforts to better con-
strain isotopic signatures in the agriculture and waste sector,
and to refine the OH kinetic isotope effect. Moreover, the
methodology presented here for quantifying sectoral δ13C-
CH4 uncertainties can be applied to future datasets as new
observations become available, allowing the isotopic maps
to be updated and the associated uncertainties reduced. In
addition, we provide practical guidelines for configuring iso-
topic inversions, including recommended uncertainty ranges,
key parameters to target for enhanced source attribution, and
the use of regional optimization strategies in areas where un-
certainties are most significant. The sectoral uncertainty es-
timates provided here can directly inform the specification
of prior error covariance matrices in atmospheric inversion
frameworks, thereby improving the consistency between sen-
sitivity analyses and inversion configurations.

This study focused on developing and evaluating updated
δ13C-CH4 source signature maps through comparison with
the literature, uncertainty quantification, and forward sim-
ulations. While direct validation using atmospheric data is
beyond the scope of this paper, all necessary elements are
provided, including gridded maps, uncertainty ranges, and
sectoral breakdowns, to enable their integration into forward
modeling and atmospheric inversions under optimal condi-
tions.

Finally, the increasing availability of satellite-based CH4
and isotopic measurements opens promising perspectives
for constraining methane sources at the global scale. Fea-
sibility studies (Malina et al., 2018, 2019) have shown that
instruments such as GOSAT-2, TROPOMI, and Sentinel-
5/UVNS could in principle retrieve 13CH4, but several tech-
nical limitations currently prevent routine isotopic retrievals.
Individual 13CH4 retrieval uncertainties remain large: Ma-

lina et al. (2019) report mean uncertainties of < 1 ppb for
TROPOMI (SWIR3 channel) and < 0.68 ppb for Sentinel-
5/UVNS (SWIR1 channel), whereas the target δ13C uncer-
tainty of < 1 ‰ required to differentiate between source
types corresponds to a 13CH4 uncertainty of< 0.02 ppb. Sig-
nificant spatial and/or temporal averaging is therefore re-
quired to reduce uncertainties to detectable levels. In addi-
tion, 13CH4 retrievals are highly sensitive to errors in a priori
temperature and pressure profiles, which can introduce sys-
tematic biases (Malina et al., 2019). A dedicated detectabil-
ity assessment will be essential to evaluate whether current
or forthcoming missions can effectively detect and interpret
atmospheric isotopic variations under real conditions.

Supplement. The supplement related to this article is available
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Rinne, J., Korbeń, P., Schmidt, M., Defratyka, S., Yver-Kwok,
C., Andersen, T., Chen, H., and Röckmann, T.: New contribu-
tions of measurements in Europe to the global inventory of the
stable isotopic composition of methane, Earth Syst. Sci. Data, 14,
4365–4386, https://doi.org/10.5194/essd-14-4365-2022, 2022.

Menoud, M., Thomas, R., Carina, v. d. V., Julianne, F., Semra, B.,
Dave, L., James, F., Rebecca, F., Hossein, M., Piotr, K.,
Martina, S., Mila, S., Jaroslaw, N., Patryk, Ł., Janne, R.,
Sara, D., Camille, Y.-K., Katarina, V., Truls, A., and Huilin, C.:
The European Methane Isotope Database Coupled with a
Global Inventory of Fossil and Non-Fossil δ13C- and δ2H-CH4

https://doi.org/10.5194/essd-18-4793-2026 Earth Syst. Sci. Data, 18, 4793–4832, 2026

https://doi.org/10.1098/rsta.2020.0440
https://doi.org/10.15138/P8XG-AA10
https://doi.org/10.15138/P8XG-AA10
https://doi.org/10.1029/2022GB007657
https://doi.org/10.1126/science.abj4351
https://doi.org/10.5194/acp-16-12477-2016
https://doi.org/10.5194/acp-16-12477-2016
https://doi.org/10.1029/JD093iD12p15879
https://doi.org/10.1021/acs.estlett.1c00463
https://doi.org/10.1007/BF00117978
https://doi.org/10.5194/amt-11-1159-2018
https://doi.org/10.5194/amt-12-6273-2019
https://doi.org/10.3390/atmos14071121
https://doi.org/10.18160/GKQ9-2RHT
https://doi.org/10.1029/2023AV000956
https://doi.org/10.5194/acp-18-18149-2018
https://doi.org/10.5194/bg-10-753-2013
https://doi.org/10.24416/UU01-YP43IN
https://doi.org/10.5194/essd-14-4365-2022


4828 E. Tapin et al.: δ13C-CH4 uncertainty analysis

Source Signature Measurements, Utrecht University [data set],
https://doi.org/10.24416/UU01-YP43IN, 2024.

Michel, S. E., Lan, X., Miller, J., Tans, P., Clark, J. R., Schae-
fer, H., Sperlich, P., Brailsford, G., Morimoto, S., Moossen, H.,
and Li, J.: Rapid shift in methane carbon isotopes suggests mi-
crobial emissions drove record high atmospheric methane growth
in 2020–2022, P. Natl. Acad. Sci. USA, 121, e2411212121,
https://doi.org/10.1073/pnas.2411212121, 2024.

Milkov, A. V. and Etiope, G.: Revised genetic dia-
grams for natural gases based on a global dataset
of > 20,000 samples, Org. Geochem., 125, 109–120,
https://doi.org/10.1016/j.orggeochem.2018.09.002, 2018.

Milkov, A. V., Faiz, M., and Etiope, G.: Geochemistry of
shale gases from around the world: composition, origins,
isotope reversals and rollovers, and implications for the
exploration of shale plays, Org. Geochem., 143, 103997,
https://doi.org/10.1016/j.orggeochem.2020.103997, 2020a.

Milkov, A. V., Schwietzke, S., Allen, G., Sherwood, O. A., and
Etiope, G.: Using global isotopic data to constrain the role of
shale gas production in recent increases in atmospheric methane,
Sci. Rep.-UK, 10, 4199, https://doi.org/10.1038/s41598-020-
61035-w, 2020b.

Morgenstern, O., Moss, R., Manning, M., Zeng, G., Schae-
fer, H., Usoskin, I., Turnbull, J., Brailsford, G., Nichol, S.,
and Bromley, T.: Radiocarbon monoxide indicates increas-
ing atmospheric oxidizing capacity, Nat. Commun., 16, 249,
https://doi.org/10.1038/s41467-024-55603-1, 2025.

Nicely, J. M., Salawitch, R. J., Canty, T., Anderson, D. C.,
Arnold, S. R., Chipperfield, M. P., Emmons, L. K., Flem-
ming, J., Huijnen, V., Kinnison, D. E., Lamarque, J.-F., Mao, J.,
Monks, S. A., Steenrod, S. D., Tilmes, S., and Turquety, S.:
Quantifying the causes of differences in tropospheric OH within
global models, J. Geophys. Res.-Atmos., 122, 1983–2007,
https://doi.org/10.1002/2016JD026239, 2017.

Nisbet, E. G.: Climate feedback on methane from wetlands, Nat.
Clim. Change, 13, 421–422, https://doi.org/10.1038/s41558-
023-01634-3, 2023.

Nisbet, E. G. and Manning, M. R.: What is caus-
ing the methane surge?, Science, 391, 556–557,
https://doi.org/10.1126/science.aee6226, 2026.

Nisbet, E. G., Dlugokencky, E. J., Manning, M. R., Lowry, D.,
Fisher, R. E., France, J. L., Michel, S. E., Miller, J. B.,
White, J. W. C., Vaughn, B., Bousquet, P., Pyle, J. A.,
Warwick, N. J., Cain, M., Brownlow, R., Zazzeri, G.,
Lanoisellé, M., Manning, A. C., Gloor, E., Worthy, D. E. J.,
Brunke, E.-G., Labuschagne, C., Wolff, E. W., and Gane-
san, A. L.: Rising atmospheric methane: 2007–2014 growth
and isotopic shift, Global Biogeochem. Cy., 30, 1356–1370,
https://doi.org/10.1002/2016GB005406, 2016.

Nisbet, E. G., Manning, M. R., Dlugokencky, E. J., Fisher, R. E.,
Lowry, D., Michel, S. E., Myhre, C. L., Platt, S. M., Allen, G.,
Bousquet, P., Brownlow, R., Cain, M., France, J. L., Her-
mansen, O., Hossaini, R., Jones, A. E., Levin, I., Man-
ning, A. C., Myhre, G., Pyle, J. A., Vaughn, B. H., War-
wick, N. J., and White, J. W. C.: Very strong atmospheric
methane growth in the 4 years 2014–2017: implications for
the Paris Agreement, Global Biogeochem. Cy., 33, 318–342,
https://doi.org/10.1029/2018GB006009, 2019.

Nisbet, E. G., Fisher, R. E., Lowry, D., France, J. L., Allen, G.,
Bakkaloglu, S., Broderick, T. J., Cain, M., Coleman, M., Fernan-
dez, J., Forster, G., Griffiths, P. T., Iverach, C. P., Kelly, B. F. J.,
Manning, M. R., Nisbet-Jones, P. B. R., Pyle, J. A., Townsend-
Small, A., al-Shalaan, A., Warwick, N., and Zazzeri, G.:
Methane mitigation: methods to reduce emissions, on the path
to the Paris Agreement, Rev. Geophys., 58, e2019RG000675,
https://doi.org/10.1029/2019RG000675, 2020.

Nisbet, E. G., Allen, G., Fisher, R. E., France, J. L., Lee, J. D.,
Lowry, D., Andrade, M. F., Bannan, T. J., Barker, P., Bate-
son, P., Bauguitte, S. J.-B., Bower, K. N., Broderick, T. J.,
Chibesakunda, F., Cain, M., Cozens, A. E., Daly, M. C., Gane-
san, A. L., Jones, A. E., Lambakasa, M., Lunt, M. F., Mehra, A.,
Moreno, I., Pasternak, D., Palmer, P. I., Percival, C. J., Pitt, J. R.,
Riddle, A. J., Rigby, M., Shaw, J. T., Stell, A. C., Vaughan, A. R.,
Warwick, N. J., and E. Wilde, S.: Isotopic signatures of methane
emissions from tropical fires, agriculture and wetlands: the
MOYA and ZWAMPS flights, Philos. T. Roy. Soc. A, 380,
20210112, https://doi.org/10.1098/rsta.2021.0112, 2021.

Nisbet, E. G., Manning, M. R., Dlugokencky, E. J., Michel, S. E.,
Lan, X., Röckmann, T., Denier van der Gon, H. A. C.,
Schmitt, J., Palmer, P. I., Dyonisius, M. N., Oh, Y., Fisher, R. E.,
Lowry, D., France, J. L., White, J. W. C., Brailsford, G.,
and Bromley, T.: Atmospheric methane: comparison be-
tween methane’s record in 2006–2022 and during glacial
terminations, Global Biogeochem. Cy., 37, e2023GB007875,
https://doi.org/10.1029/2023GB007875, 2023.

Ocko, I. B., Sun, T., Shindell, D., Oppenheimer, M., Hristov, A. N.,
Pacala, S. W., Mauzerall, D. L., Xu, Y., and Hamburg, S. P.:
Acting rapidly to deploy readily available methane mitiga-
tion measures by sector can immediately slow global warming,
Environ. Res. Lett., 16, 054042, https://doi.org/10.1088/1748-
9326/abf9c8, 2021.

Oh, Y., Zhuang, Q., Welp, L. R., Liu, L., Lan, X., Basu, S., Dlugo-
kencky, E. J., Bruhwiler, L., Miller, J. B., Michel, S. E., Schwi-
etzke, S., Tans, P., Ciais, P., and Chanton, J. P.: Improved global
wetland carbon isotopic signatures support post-2006 microbial
methane emission increase, Communications Earth and Envi-
ronment, 3, 1–12, https://doi.org/10.1038/s43247-022-00488-5,
2022.

O’Rourke, P., Smith, S., Mott, A., Ahsan, H., Mc-
duffie, E., Crippa, M., Klimont, Z., Mcdonald, B.,
Wang, S., Nicholson, M., Hoesly, R., and Feng, L.:
CEDS V_2021_04_21 Gridded Emissions Data, PNNL
DataHub (Pacific Northwest National Laboratory) [data set],
https://doi.org/10.25584/PNNLDATAHUB/1779095, 2021.

Parker, R. J., Wilson, C., Comyn-Platt, E., Hayman, G., Marthews,
T. R., Bloom, A. A., Lunt, M. F., Gedney, N., Dadson, S. J.,
McNorton, J., Humpage, N., Boesch, H., Chipperfield, M. P.,
Palmer, P. I., and Yamazaki, D.: Evaluation of wetland CH4 in
the Joint UK Land Environment Simulator (JULES) land surface
model using satellite observations, Biogeosciences, 19, 5779–
5805, https://doi.org/10.5194/bg-19-5779-2022, 2022.

Patra, P. K., Houweling, S., Krol, M., Bousquet, P., Belikov, D.,
Bergmann, D., Bian, H., Cameron-Smith, P., Chipperfield, M. P.,
Corbin, K., Fortems-Cheiney, A., Fraser, A., Gloor, E., Hess, P.,
Ito, A., Kawa, S. R., Law, R. M., Loh, Z., Maksyutov, S., Meng,
L., Palmer, P. I., Prinn, R. G., Rigby, M., Saito, R., and Wilson,
C.: TransCom model simulations of CH4 and related species:

Earth Syst. Sci. Data, 18, 4793–4832, 2026 https://doi.org/10.5194/essd-18-4793-2026

https://doi.org/10.24416/UU01-YP43IN
https://doi.org/10.1073/pnas.2411212121
https://doi.org/10.1016/j.orggeochem.2018.09.002
https://doi.org/10.1016/j.orggeochem.2020.103997
https://doi.org/10.1038/s41598-020-61035-w
https://doi.org/10.1038/s41598-020-61035-w
https://doi.org/10.1038/s41467-024-55603-1
https://doi.org/10.1002/2016JD026239
https://doi.org/10.1038/s41558-023-01634-3
https://doi.org/10.1038/s41558-023-01634-3
https://doi.org/10.1126/science.aee6226
https://doi.org/10.1002/2016GB005406
https://doi.org/10.1029/2018GB006009
https://doi.org/10.1029/2019RG000675
https://doi.org/10.1098/rsta.2021.0112
https://doi.org/10.1029/2023GB007875
https://doi.org/10.1088/1748-9326/abf9c8
https://doi.org/10.1088/1748-9326/abf9c8
https://doi.org/10.1038/s43247-022-00488-5
https://doi.org/10.25584/PNNLDATAHUB/1779095
https://doi.org/10.5194/bg-19-5779-2022


E. Tapin et al.: δ13C-CH4 uncertainty analysis 4829

linking transport, surface flux and chemical loss with CH4 vari-
ability in the troposphere and lower stratosphere, Atmos. Chem.
Phys., 11, 12813–12837, https://doi.org/10.5194/acp-11-12813-
2011, 2011.

Patra, P. K., Krol, M. C., Prinn, R. G., Takigawa, M.,
Mühle, J., Montzka, S. A., Lal, S., Yamashita, Y., Naus, S.,
Chandra, N., Weiss, R. F., Krummel, P. B., Fraser, P. J.,
O’Doherty, S., and Elkins, J. W.: Methyl chloroform con-
tinues to constrain the hydroxyl (OH) variability in the tro-
posphere, J. Geophys. Res.-Atmos., 126, e2020JD033862,
https://doi.org/10.1029/2020JD033862, 2021.

Penn, E., Jacob, D. J., Chen, Z., East, J. D., Sulprizio, M. P., Bruh-
wiler, L., Maasakkers, J. D., Nesser, H., Qu, Z., Zhang, Y., and
Worden, J.: What can we learn about tropospheric OH from satel-
lite observations of methane?, Atmos. Chem. Phys., 25, 2947–
2965, https://doi.org/10.5194/acp-25-2947-2025, 2025.

Petrenko, V. V., Smith, A. M., Schaefer, H., Riedel, K., Brook, E.,
Baggenstos, D., Harth, C., Hua, Q., Buizert, C., Schilt, A.,
Fain, X., Mitchell, L., Bauska, T., Orsi, A., Weiss, R. F., and Sev-
eringhaus, J. P.: Minimal geological methane emissions during
the younger dryas-preboreal abrupt warming event, Nature, 548,
443–446, https://doi.org/10.1038/nature23316, 2017.

Pison, I., Bousquet, P., Chevallier, F., Szopa, S., and Hauglus-
taine, D.: Multi-species inversion of CH4, CO and H2 emissions
from surface measurements, Atmos. Chem. Phys., 9, 5281–5297,
https://doi.org/10.5194/acp-9-5281-2009, 2009.

Poulter, B., Bousquet, P., Canadell, J. G., Ciais, P., Peregon, A.,
Saunois, M., Arora, V. K., Beerling, D. J., Brovkin, V.,
Jones, C. D., Joos, F., Gedney, N., Ito, A., Kleinen, T.,
Koven, C. D., McDonald, K., Melton, J. R., Peng, C., Peng, S.,
Prigent, C., Schroeder, R., Riley, W. J., Saito, M., Spahni, R.,
Tian, H., Taylor, L., Viovy, N., Wilton, D., Wiltshire, A., Xu, X.,
Zhang, B., Zhang, Z., and Zhu, Q.: Global wetland contribu-
tion to 2000–2012 atmospheric methane growth rate dynamics,
Environ. Res. Lett., 12, 094013, https://doi.org/10.1088/1748-
9326/aa8391, 2017.

Prather, M. J., Holmes, C. D., and Hsu, J.: Reactive greenhouse
gas scenarios: systematic exploration of uncertainties and the
role of atmospheric chemistry, Geophys. Res. Lett., 39, L09803,
https://doi.org/10.1029/2012GL051440, 2012.

Qin, S., Tang, X., Song, Y., and Wang, H.: Distribution
and fractionation mechanism of stable carbon isotope
of coalbed methane, Sci. China Ser. D, 49, 1252–1258,
https://doi.org/10.1007/s11430-006-2036-3, 2006.

Randerson, J. T., Chen, Y., van der Werf, G. R., Rogers, B. M.,
and Morton, D. C.: Global burned area and biomass burn-
ing emissions from small fires, J. Geophys. Res.-Biogeo., 117,
https://doi.org/10.1029/2012JG002128, 2012.

Remaud, M., Chevallier, F., Cozic, A., Lin, X., and Bous-
quet, P.: On the impact of recent developments of the
LMDz atmospheric general circulation model on the simula-
tion of CO2 transport, Geosci. Model Dev., 11, 4489–4513,
https://doi.org/10.5194/gmd-11-4489-2018, 2018.

Rice, A. L., Butenhoff, C. L., Teama, D. G., Röger, F. H.,
Khalil, M. A. K., and Rasmussen, R. A.: Atmospheric methane
isotopic record favors fossil sources flat in 1980s and 1990s with
recent increase, P. Natl. Acad. Sci. USA, 113, 10791–10796,
https://doi.org/10.1073/pnas.1522923113, 2016.

Riddell-Young, B., Michel, S. E., Lan, X., Tans, P., Röck-
mann, T., Dasgupta, B., Oh, Y., Bruhwiler, L. M. P., Fu-
jita, R., Umezawa, T., Morimoto, S., and Miller, J. B.: Microbial
driver of 2006–2023 CH4 growth indicated by trends in atmo-
spheric δD–CH4 and δ13C–CH4, P. Natl. Acad. Sci. USA, 122,
e2516543122, https://doi.org/10.1073/pnas.2516543122, 2025.

Rigby, M., Montzka, S. A., Prinn, R. G., White, J. W. C., Young, D.,
O’Doherty, S., Lunt, M. F., Ganesan, A. L., Manning, A. J.,
Simmonds, P. G., Salameh, P. K., Harth, C. M., Mühle, J.,
Weiss, R. F., Fraser, P. J., Steele, L. P., Krummel, P. B., Mc-
Culloch, A., and Park, S.: Role of atmospheric oxidation in re-
cent methane growth, P. Natl. Acad. Sci. USA, 114, 5373–5377,
https://doi.org/10.1073/pnas.1616426114, 2017.

Röckmann, T., van Herpen, M., Brashear, C., van der Veen, C.,
Gromov, S., Li, Q., Saiz-Lopez, A., Meidan, D., Barreto, A.,
Prats, N., Mármol, I., Ramos, R., Baños, I., Arrieta, J. M., Za-
ehnle, S., Jordan, A., Moossen, H., Timas, H., Young, D., Sper-
lich, P., Moss, R., and Johnson, M. S.: The use of δ13C in CO
to determine removal of CH4 by Cl radicals in the atmosphere,
Environ. Res. Lett., 19, 064054, https://doi.org/10.1088/1748-
9326/ad4375, 2024.

Sansone, F. J., Popp, B. N., Gasc, A., Graham, A. W., and
Rust, T. M.: Highly elevated methane in the eastern tropi-
cal North Pacific and associated isotopically enriched fluxes
to the atmosphere, Geophys. Res. Lett., 28, 4567–4570,
https://doi.org/10.1029/2001GL013460, 2001.

Saueressig, G., Bergamaschi, P., Crowley, J. N., Fischer, H., and
Harris, G. W.: Carbon kinetic isotope effect in the reaction
of CH4 with Cl atoms, Geophys. Res. Lett., 22, 1225–1228,
https://doi.org/10.1029/95GL00881, 1995.

Saueressig, G., Crowley, J. N., Bergamaschi, P., Brühl, C.,
Brenninkmeijer, C. A. M., and Fischer, H.: Carbon 13
and D kinetic isotope effects in the reactions of CH4
with O(1D) and OH: new laboratory measurements and
their implications for the isotopic composition of strato-
spheric methane, J. Geophys. Res.-Atmos., 106, 23127–23138,
https://doi.org/10.1029/2000JD000120, 2001.

Saunois, M., Bousquet, P., Poulter, B., Peregon, A., Ciais, P.,
Canadell, J. G., Dlugokencky, E. J., Etiope, G., Bastviken, D.,
Houweling, S., Janssens-Maenhout, G., Tubiello, F. N., Castaldi,
S., Jackson, R. B., Alexe, M., Arora, V. K., Beerling, D. J., Berga-
maschi, P., Blake, D. R., Brailsford, G., Bruhwiler, L., Crevoisier,
C., Crill, P., Covey, K., Frankenberg, C., Gedney, N., Höglund-
Isaksson, L., Ishizawa, M., Ito, A., Joos, F., Kim, H.-S., Kleinen,
T., Krummel, P., Lamarque, J.-F., Langenfelds, R., Locatelli, R.,
Machida, T., Maksyutov, S., Melton, J. R., Morino, I., Naik,
V., O’Doherty, S., Parmentier, F.-J. W., Patra, P. K., Peng, C.,
Peng, S., Peters, G. P., Pison, I., Prinn, R., Ramonet, M., Ri-
ley, W. J., Saito, M., Santini, M., Schroeder, R., Simpson, I. J.,
Spahni, R., Takizawa, A., Thornton, B. F., Tian, H., Tohjima,
Y., Viovy, N., Voulgarakis, A., Weiss, R., Wilton, D. J., Wilt-
shire, A., Worthy, D., Wunch, D., Xu, X., Yoshida, Y., Zhang, B.,
Zhang, Z., and Zhu, Q.: Variability and quasi-decadal changes in
the methane budget over the period 2000–2012, Atmos. Chem.
Phys., 17, 11135–11161, https://doi.org/10.5194/acp-17-11135-
2017, 2017.

Saunois, M., Stavert, A. R., Poulter, B., Bousquet, P., Canadell, J.
G., Jackson, R. B., Raymond, P. A., Dlugokencky, E. J., Houwel-
ing, S., Patra, P. K., Ciais, P., Arora, V. K., Bastviken, D., Berga-

https://doi.org/10.5194/essd-18-4793-2026 Earth Syst. Sci. Data, 18, 4793–4832, 2026

https://doi.org/10.5194/acp-11-12813-2011
https://doi.org/10.5194/acp-11-12813-2011
https://doi.org/10.1029/2020JD033862
https://doi.org/10.5194/acp-25-2947-2025
https://doi.org/10.1038/nature23316
https://doi.org/10.5194/acp-9-5281-2009
https://doi.org/10.1088/1748-9326/aa8391
https://doi.org/10.1088/1748-9326/aa8391
https://doi.org/10.1029/2012GL051440
https://doi.org/10.1007/s11430-006-2036-3
https://doi.org/10.1029/2012JG002128
https://doi.org/10.5194/gmd-11-4489-2018
https://doi.org/10.1073/pnas.1522923113
https://doi.org/10.1073/pnas.2516543122
https://doi.org/10.1073/pnas.1616426114
https://doi.org/10.1088/1748-9326/ad4375
https://doi.org/10.1088/1748-9326/ad4375
https://doi.org/10.1029/2001GL013460
https://doi.org/10.1029/95GL00881
https://doi.org/10.1029/2000JD000120
https://doi.org/10.5194/acp-17-11135-2017
https://doi.org/10.5194/acp-17-11135-2017


4830 E. Tapin et al.: δ13C-CH4 uncertainty analysis

maschi, P., Blake, D. R., Brailsford, G., Bruhwiler, L., Carl-
son, K. M., Carrol, M., Castaldi, S., Chandra, N., Crevoisier, C.,
Crill, P. M., Covey, K., Curry, C. L., Etiope, G., Frankenberg,
C., Gedney, N., Hegglin, M. I., Höglund-Isaksson, L., Hugelius,
G., Ishizawa, M., Ito, A., Janssens-Maenhout, G., Jensen, K.
M., Joos, F., Kleinen, T., Krummel, P. B., Langenfelds, R. L.,
Laruelle, G. G., Liu, L., Machida, T., Maksyutov, S., McDon-
ald, K. C., McNorton, J., Miller, P. A., Melton, J. R., Morino,
I., Müller, J., Murguia-Flores, F., Naik, V., Niwa, Y., Noce, S.,
O’Doherty, S., Parker, R. J., Peng, C., Peng, S., Peters, G. P.,
Prigent, C., Prinn, R., Ramonet, M., Regnier, P., Riley, W. J.,
Rosentreter, J. A., Segers, A., Simpson, I. J., Shi, H., Smith, S.
J., Steele, L. P., Thornton, B. F., Tian, H., Tohjima, Y., Tubiello,
F. N., Tsuruta, A., Viovy, N., Voulgarakis, A., Weber, T. S.,
van Weele, M., van der Werf, G. R., Weiss, R. F., Worthy, D.,
Wunch, D., Yin, Y., Yoshida, Y., Zhang, W., Zhang, Z., Zhao,
Y., Zheng, B., Zhu, Q., Zhu, Q., and Zhuang, Q.: The Global
Methane Budget 2000–2017, Earth Syst. Sci. Data, 12, 1561–
1623, https://doi.org/10.5194/essd-12-1561-2020, 2020.

Saunois, M., Martinez, A., Poulter, B., Zhang, Z., Raymond, P. A.,
Regnier, P., Canadell, J. G., Jackson, R. B., Patra, P. K., Bous-
quet, P., Ciais, P., Dlugokencky, E. J., Lan, X., Allen, G. H.,
Bastviken, D., Beerling, D. J., Belikov, D. A., Blake, D. R.,
Castaldi, S., Crippa, M., Deemer, B. R., Dennison, F., Etiope, G.,
Gedney, N., Höglund-Isaksson, L., Holgerson, M. A., Hopcroft,
P. O., Hugelius, G., Ito, A., Jain, A. K., Janardanan, R., John-
son, M. S., Kleinen, T., Krummel, P. B., Lauerwald, R., Li, T.,
Liu, X., McDonald, K. C., Melton, J. R., Mühle, J., Müller, J.,
Murguia-Flores, F., Niwa, Y., Noce, S., Pan, S., Parker, R. J.,
Peng, C., Ramonet, M., Riley, W. J., Rocher-Ros, G., Rosen-
treter, J. A., Sasakawa, M., Segers, A., Smith, S. J., Stanley, E.
H., Thanwerdas, J., Tian, H., Tsuruta, A., Tubiello, F. N., Weber,
T. S., van der Werf, G. R., Worthy, D. E. J., Xi, Y., Yoshida, Y.,
Zhang, W., Zheng, B., Zhu, Q., Zhu, Q., and Zhuang, Q.: Global
Methane Budget 2000–2020, Earth Syst. Sci. Data, 17, 1873–
1958, https://doi.org/10.5194/essd-17-1873-2025, 2025.

Scarpelli, T. R., Jacob, D. J., Grossman, S., Lu, X., Qu, Z., Sul-
prizio, M. P., Zhang, Y., Reuland, F., Gordon, D., and Worden,
J. R.: Updated Global Fuel Exploitation Inventory (GFEI) for
methane emissions from the oil, gas, and coal sectors: evalua-
tion with inversions of atmospheric methane observations, At-
mos. Chem. Phys., 22, 3235–3249, https://doi.org/10.5194/acp-
22-3235-2022, 2022.

Schaefer, H.: On the causes and consequences of recent trends in
atmospheric methane, Current Climate Change Reports, 5, 259–
274, https://doi.org/10.1007/s40641-019-00140-z, 2019.

Schaefer, H., Fletcher, S. E. M., Veidt, C., Lassey, K. R., Brails-
ford, G. W., Bromley, T. M., Dlugokencky, E. J., Michel, S. E.,
Miller, J. B., Levin, I., Lowe, D. C., Martin, R. J., Vaughn, B. H.,
and White, J. W. C.: A 21st-century shift from fossil-fuel to bio-
genic methane emissions indicated by 13CH4, Science, 352, 80–
84, https://doi.org/10.1126/science.aad2705, 2016.

Schoell, M., Jenden, P. D., Beeunas, M. A., and Coleman, D. D.:
Isotope analyses of gases in gas field and gas storage operations,
in: SPE Gas Technology Symposium, OnePetro, SPE-26171-
MS, https://doi.org/10.2118/26171-MS, 1993.

Schuldt, K. N., Aalto, T., Andrade, M., Arlyn Andrews, Apadula, F.,
Jgor Arduini, Arnold, S., Baier, B., Bäni, L., Bartyzel, J., Berga-
maschi, P., Biermann, T., Biraud, S. C., Pierre-Eric Blanc,

Boenisch, H., Brailsford, G., Brand, W. A., Brunner, D.,
Bui, T. P. V., Van Den Bulk, P., Benoit Burban, Francescopiero
Calzolari, Chang, C. S., Huilin Chen, Lukasz Chmura,
St. Clair, J. M., Sites Climadat, Coletta, J. D., Colomb, A.,
Condori, L., Conen, F., Conil, S., Couret, C., Cristofanelli, P.,
Cuevas, E., Curcoll, R., Daube, B., Davis, K. J., Dean-Day, J. M.,
Delmotte, M., Ankur Desai, DiGangi, E., DiGangi, J. P.,
Elsasser, M., Emmenegger, L., Forster, G., Frumau, A.,
Fuente-Lastra, M., Galkowski, M., Gatti, L. V., Gehrlein, T.,
Gerbig, C., Francois Gheusi, Gloor, E., Goto, D., Hammer, S.,
Hanisco, T. F., Haszpra, L., Hatakka, J., Heimann, M., He-
liasz, M., Heltai, D., Henne, S., Hensen, A., Hermans, C.,
Hermansen, O., Hoheisel, A., Holst, J., Di Iorio, T., Iraci, L. T.,
Ivakhov, V., Jaffe, D. A., Jordan, A., Joubert, W., Kang, H.-Y.,
Karion, A., Kazan, V., Keeling, R. F., Keronen, P., Kers, B.,
Jooil Kim, Klausen, J., Kneuer, T., Ko, M.-Y., Kolari, P.,
Kominkova, K., Kort, E., Kozlova, E., Krummel, P. B., Ku-
bistin, D., Kulawik, S. S., Kumps, N., Labuschagne, C.,
Lan, X., Langenfelds, R. L., Lanza, A., Laurent, O., Lau-
rila, T., Lauvaux, T., Lavric, J., Choong-Hoon Lee, Lee, J.,
Lehner, I., Lehtinen, K., Leppert, R., Leskinen, A., Leuen-
berger, M., Levin, I., Levula, J., Lindauer, M., Lindroth, A.,
Mikaell Ottosson Löfvenius, Loh, Z. M., Lopez, M., Lowry, D.,
Lunder, C. R., Machida, T., Mammarella, I., Manca, G.,
Manning, A., Marek, M. V., Marklund, P., Marrero, J. E.,
Martin, D., Martin, M. Y., Giordane A. Martins, Matsueda, H.,
De Mazière, M., McKain, K., Meinhardt, F., Menoud, M.,
Jean-Marc Metzger, Miles, N. L., Miller, C. E., Miller, J. B.,
Mölder, M., Monteiro, V., Montzka, S., Moore, F., Moossen, H.,
Moreno, C., Morgan, E., Josep-Anton Morgui, Morimoto, S.,
Müller-Williams, J., Munro, D., Mutuku, M., Myhre, C. L.,
Jaroslaw Necki, Nichol, S., Nisbet, E., Niwa, Y., Njiru, D. M.,
Noe, S. M., O’Doherty, S., Obersteiner, F., Parworth, C. L., Pel-
tola, O., Peters, W., Philippon, C., Piacentino, S., Pichon, J. M.,
Pickers, P., Pitt, J., Pittman, J., Plass-Dülmer, C., Platt, S. M.,
Popa, M. E., Prinzivalli, S., Ramonet, M., Richardson, S. J.,
Louis-Jeremy Rigouleau, Rivas, P. P., Röckmann, T., Rothe, M.,
Yves-Alain Roulet, Ju-Mee Ryoo, Santoni, G., Di Sarra, A. G.,
Sasakawa, M., Schaefer, H., Scheeren, B., Schmidt, M.,
Schuck, T., Schumacher, M., Seifert, T., Sha, M. K., Shep-
son, P., Daegeun Shin, Sloop, C. D., Smale, D., Smith, P. D.,
Sørensen, L. L., De Souza, R. A. F., Spain, G., Steger, D., Stein-
bacher, M., Stephens, B., Sweeney, C., Taipale, R., Takatsuji, S.,
Thoning, K., Timas, H., Torn, M., Trisolino, P., Turnbull, J.,
Van Der Veen, C., Vermeulen, A., Viner, B., Vitkova, G.,
De Vries, M., Watson, A., Weiss, R., Weyrauch, D., Wofsy, S. C.,
Worsey, J., Worthy, D., Xueref-Remy, I., Yates, E. L., Dickon
Young, Yver-Kwok, C., Zaehle, S., Zahn, A., Zazzeri, G.,
Zellweger, C., and Miroslaw Zimnoch: Multi-Laboratory Com-
pilation of Atmospheric Carbon Dioxide Data for the Period
1983–2023; obspack_ch4_1_GLOBALVIEWplus_v7.0_2024-
10-29, NOAA Global Monitoring Laboratory [data set],
https://doi.org/10.25925/20241001, 2024.

Schuldt, K. N., Arlyn Andrews, Bartyzel, J., Brailsford, G.,
Brand, W. A., Huilin Chen, Clark, R., Heimann, M., Jor-
dan, A., Kers, B., Lan, X., Lavric, J., Lowry, D., Menoud, M.,
Michel, S. E., Miller, J. B., Moossen, H., Morimoto, S.,
Jaroslaw Necki, Nisbet, E., Ortega, J., Popa, M. E., Röck-
mann, T., Rothe, M., Schaefer, H., Scheeren, B., Sweeney, C.,

Earth Syst. Sci. Data, 18, 4793–4832, 2026 https://doi.org/10.5194/essd-18-4793-2026

https://doi.org/10.5194/essd-12-1561-2020
https://doi.org/10.5194/essd-17-1873-2025
https://doi.org/10.5194/acp-22-3235-2022
https://doi.org/10.5194/acp-22-3235-2022
https://doi.org/10.1007/s40641-019-00140-z
https://doi.org/10.1126/science.aad2705
https://doi.org/10.2118/26171-MS
https://doi.org/10.25925/20241001


E. Tapin et al.: δ13C-CH4 uncertainty analysis 4831

Umezawa, T., Van Der Veen, C., De Vries, M., and Zazzeri, G.:
Multi-Laboratory Compilation of Atmospheric Methane Isotope
Data for the Period 1991–2023; Obspack_ch4c13_1_methane-
Isotope_2025-04-07, NOAA Global Monitoring Laboratory
[data set], https://doi.org/10.25925/20250401, 2025.

Schwietzke, S., Griffin, W. M., Matthews, H. S., and Bruh-
wiler, L. M. P.: Global bottom-up fossil fuel fugitive
methane and ethane emissions inventory for atmospheric
modeling, ACS Sustain. Chem. Eng., 2, 1992–2001,
https://doi.org/10.1021/sc500163h, 2014.

Schwietzke, S., Sherwood, O. A., Bruhwiler, L. M. P.,
Miller, J. B., Etiope, G., Dlugokencky, E. J., Michel, S. E.,
Arling, V. A., Vaughn, B. H., White, J. W. C., and
Tans, P. P.: Upward revision of global fossil fuel methane
emissions based on isotope database, Nature, 538, 88–91,
https://doi.org/10.1038/nature19797, 2016.

Shaw, J. T., Allen, G., Barker, P., Pitt, J. R., Pasternak, D.,
Bauguitte, S. J.-B., Lee, J., Bower, K. N., Daly, M. C.,
Lunt, M. F., Ganesan, A. L., Vaughan, A. R., Chibesakunda, F.,
Lambakasa, M., Fisher, R. E., France, J. L., Lowry, D.,
Palmer, P. I., Metzger, S., Parker, R. J., Gedney, N., Bate-
son, P., Cain, M., Lorente, A., Borsdorff, T., and Nisbet, E. G.:
Large methane emission fluxes observed from tropical wet-
lands in Zambia, Global Biogeochem. Cy., 36, e2021GB007261,
https://doi.org/10.1029/2021GB007261, 2022.

Sherwen, T., Schmidt, J. A., Evans, M. J., Carpenter, L. J., Groß-
mann, K., Eastham, S. D., Jacob, D. J., Dix, B., Koenig, T. K.,
Sinreich, R., Ortega, I., Volkamer, R., Saiz-Lopez, A., Prados-
Roman, C., Mahajan, A. S., and Ordóñez, C.: Global impacts
of tropospheric halogens (Cl, Br, I) on oxidants and composi-
tion in GEOS-Chem, Atmos. Chem. Phys., 16, 12239–12271,
https://doi.org/10.5194/acp-16-12239-2016, 2016.

Sherwood, O. A., Schwietzke, S., Arling, V. A., and Etiope,
G.: Global Inventory of Gas Geochemistry Data from Fossil
Fuel, Microbial and Burning Sources, version 2017, Earth Syst.
Sci. Data, 9, 639–656, https://doi.org/10.5194/essd-9-639-2017,
2017.

Sherwood, O. A., Schwietzke, S., and Lan, X.: Global δ13C-CH4
Source Signature Inventory 2020, NOAA Global Monitoring
Laboratory [data set], https://doi.org/10.15138/qn55-e011, 2021.

Shindell, D., Ravishankara, A. R., Kuylenstierna, J. C. I.,
Michalopoulou, E., Höglund-Isaksson, L., Zhang, Y., Seltzer, K.,
Ru, M., Castelino, R., Faluvegi, G., Naik, V., Horowitz, L., He, J.,
Lamarque, J.-F., Sudo, K., Collins, W. J., Malley, C., Harm-
sen, M., Stark, K., Junkin, J., Li, G., Glick, A., and Borgford-
Parnell, N.: Global Methane Assessment: Benefits and Costs
of Mitigating Methane Emissions, United Nations Environment
Programme, 2021.

Skeie, R. B., Hodnebrog, Ø., and Myhre, G.: Trends in atmospheric
methane concentrations since 1990 were driven and modified
by anthropogenic emissions, Communications Earth and Envi-
ronment, 4, 1–14, https://doi.org/10.1038/s43247-023-00969-1,
2023.

Snover, A. K. and Quay, P. D.: Hydrogen and carbon
kinetic isotope effects during soil uptake of atmo-
spheric methane, Global Biogeochem. Cy., 14, 25–39,
https://doi.org/10.1029/1999GB900089, 2000.

Stavert, A. R., Saunois, M., Canadell, J. G., Poulter, B., Jack-
son, R. B., Regnier, P., Lauerwald, R., Raymond, P. A.,

Allen, G. H., Patra, P. K., Bergamaschi, P., Bousquet, P.,
Chandra, N., Ciais, P., Gustafson, A., Ishizawa, M., Ito, A.,
Kleinen, T., Maksyutov, S., McNorton, J., Melton, J. R.,
Müller, J., Niwa, Y., Peng, S., Riley, W. J., Segers, A., Tian, H.,
Tsuruta, A., Yin, Y., Zhang, Z., Zheng, B., and Zhuang, Q.: Re-
gional trends and drivers of the global methane budget, Glob.
Change Biol., 28, 182–200, https://doi.org/10.1111/gcb.15901,
2022.

Stevenson, D. S., Zhao, A., Naik, V., O’Connor, F. M., Tilmes, S.,
Zeng, G., Murray, L. T., Collins, W. J., Griffiths, P. T., Shim,
S., Horowitz, L. W., Sentman, L. T., and Emmons, L.: Trends
in global tropospheric hydroxyl radical and methane lifetime
since 1850 from AerChemMIP, Atmos. Chem. Phys., 20, 12905–
12920, https://doi.org/10.5194/acp-20-12905-2020, 2020.

Still, C. J., Berry, J. A., Collatz, G. J., and DeFries, R. S.:
Global distribution of C3 and C4 vegetation: carbon cy-
cle implications, Global Biogeochem. Cy., 17, 6–1–6–14,
https://doi.org/10.1029/2001GB001807, 2003.

Stocker, T.: Climate Change 2013: The Physical Science Basis:
Working Group I Contribution to the Fifth Assessment Report
of the Intergovernmental Panel on Climate Change, Cambridge
University Press, https://doi.org/10.1017/CBO9781107415324,
2014.

Sugimoto, A., Inoue, T., Kirtibutr, N., and Abe, T.: Methane oxida-
tion by termite mounds estimated by the carbon isotopic com-
position of methane, Global Biogeochem. Cy., 12, 595–605,
https://doi.org/10.1029/98GB02266, 1998.

Tans, P. P.: A note on isotopic ratios and the global atmo-
spheric methane budget, Global Biogeochem. Cy., 11, 77–81,
https://doi.org/10.1029/96GB03940, 1997.

Tapin, E., Berchet, A., Martinez, A., Thanwerdas, J., Lan, X.,
Malina, E., Gasbarra, D., and Saunois, M.: Global δ13C(CH4)
Source Signatures (Version 1), European Space Agency, [data
set], https://doi.org/10.57780/ESA-6D202E9, 2025.

Thanwerdas, J., Saunois, M., Berchet, A., Pison, I., Vaughn,
B. H., Michel, S. E., and Bousquet, P.: Variational in-
verse modeling within the Community Inversion Framework
v1.1 to assimilate δ13C(CH4) and CH4: a case study with
model LMDz-SACS, Geosci. Model Dev., 15, 4831–4851,
https://doi.org/10.5194/gmd-15-4831-2022, 2022a.

Thanwerdas, J., Saunois, M., Pison, I., Hauglustaine, D., Berchet,
A., Baier, B., Sweeney, C., and Bousquet, P.: How do
Cl concentrations matter for the simulation of CH4 and
δ13C(CH4) and estimation of the CH4 budget through atmo-
spheric inversions?, Atmos. Chem. Phys., 22, 15489–15508,
https://doi.org/10.5194/acp-22-15489-2022, 2022b.

Thanwerdas, J., Saunois, M., Berchet, A., Pison, I., and Bous-
quet, P.: Investigation of the renewed methane growth post-
2007 with high-resolution 3-D variational inverse modeling
and isotopic constraints, Atmos. Chem. Phys., 24, 2129–2167,
https://doi.org/10.5194/acp-24-2129-2024, 2024.

Thompson, R. L., Nisbet, E. G., Pisso, I., Stohl, A., Blake, D., Dlu-
gokencky, E. J., Helmig, D., and White, J. W. C.: Variability in
atmospheric methane from fossil fuel and microbial sources over
the last three decades, Geophys. Res. Lett., 45, 11499–11508,
https://doi.org/10.1029/2018GL078127, 2018.

Tian, H., Xu, X., Liu, M., Ren, W., Zhang, C., Chen, G., and Lu,
C.: Spatial and temporal patterns of CH4 and N2O fluxes in ter-
restrial ecosystems of North America during 1979–2008: appli-

https://doi.org/10.5194/essd-18-4793-2026 Earth Syst. Sci. Data, 18, 4793–4832, 2026

https://doi.org/10.25925/20250401
https://doi.org/10.1021/sc500163h
https://doi.org/10.1038/nature19797
https://doi.org/10.1029/2021GB007261
https://doi.org/10.5194/acp-16-12239-2016
https://doi.org/10.5194/essd-9-639-2017
https://doi.org/10.15138/qn55-e011
https://doi.org/10.1038/s43247-023-00969-1
https://doi.org/10.1029/1999GB900089
https://doi.org/10.1111/gcb.15901
https://doi.org/10.5194/acp-20-12905-2020
https://doi.org/10.1029/2001GB001807
https://doi.org/10.1017/CBO9781107415324
https://doi.org/10.1029/98GB02266
https://doi.org/10.1029/96GB03940
https://doi.org/10.57780/ESA-6D202E9
https://doi.org/10.5194/gmd-15-4831-2022
https://doi.org/10.5194/acp-22-15489-2022
https://doi.org/10.5194/acp-24-2129-2024
https://doi.org/10.1029/2018GL078127


4832 E. Tapin et al.: δ13C-CH4 uncertainty analysis

cation of a global biogeochemistry model, Biogeosciences, 7,
2673–2694, https://doi.org/10.5194/bg-7-2673-2010, 2010.

Turner, A. J., Frankenberg, C., and Kort, E. A.: Interpreting contem-
porary trends in atmospheric methane, P. Natl. Acad. Sci. USA,
116, 2805–2813, https://doi.org/10.1073/pnas.1814297116,
2019.

UNEP and Climate and Clean Air Coalition: Global Methane As-
sessment: 2030 Baseline Report, Technical report, United Na-
tions Environment Programme, Nairobi, https://wedocs.unep.
org/handle/20.500.11822/41107 (last access: 1 July 2024), 2022.

Van Bergen, T. J. H. M., Barros, N., Mendonça, R., Aben, R. C. H.,
Althuizen, I. H. J., Huszar, V., Lamers, L. P. M., Lür-
ling, M., Roland, F., and Kosten, S.: Seasonal and diel
variation in greenhouse gas emissions from an urban pond
and its major drivers, Limnol. Oceanogr., 64, 2129–2139,
https://doi.org/10.1002/lno.11173, 2019.

van Herpen, M. M. J. W., Li, Q., Saiz-Lopez, A., Liis-
berg, J. B., Röckmann, T., Cuevas, C. A., Fernandez, R. P.,
Mak, J. E., Mahowald, N. M., Hess, P., Meidan, D., Stuut, J.-
B. W., and Johnson, M. S.: Photocatalytic chlorine atom
production on mineral dust–sea spray aerosols over the
North Atlantic, P. Natl. Acad. Sci. USA, 120, e2303974120,
https://doi.org/10.1073/pnas.2303974120, 2023.

van Wees, D., van der Werf, G. R., Randerson, J. T., Rogers,
B. M., Chen, Y., Veraverbeke, S., Giglio, L., and Morton, D.
C.: Global biomass burning fuel consumption and emissions
at 500 m spatial resolution based on the Global Fire Emis-
sions Database (GFED), Geosci. Model Dev., 15, 8411–8437,
https://doi.org/10.5194/gmd-15-8411-2022, 2022.

Vanselow, S., Schneising, O., Buchwitz, M., Reuter, M., Bovens-
mann, H., Boesch, H., and Burrows, J. P.: Automated detec-
tion of regions with persistently enhanced methane concentra-
tions using Sentinel-5 Precursor satellite data, Atmos. Chem.
Phys., 24, 10441–10473, https://doi.org/10.5194/acp-24-10441-
2024, 2024.

Wang, X., Jacob, D. J., Downs, W., Zhai, S., Zhu, L., Shah, V.,
Holmes, C. D., Sherwen, T., Alexander, B., Evans, M. J., East-
ham, S. D., Neuman, J. A., Veres, P. R., Koenig, T. K., Volkamer,
R., Huey, L. G., Bannan, T. J., Percival, C. J., Lee, B. H., and
Thornton, J. A.: Global tropospheric halogen (Cl, Br, I) chem-
istry and its impact on oxidants, Atmos. Chem. Phys., 21, 13973–
13996, https://doi.org/10.5194/acp-21-13973-2021, 2021.

Wang, X., Liu, C.-Q., Yi, Y., Zeng, M., Li, S.-L., and Niu, X.:
Machine learning predicts the methane clumped isotopologue
(12CH2D2) distributions constrain biogeochemical processes
and estimates the potential budget, Environ. Sci. Technol., 57,
17876–17888, https://doi.org/10.1021/acs.est.3c00184, 2023.

Weber, T., Wiseman, N. A., and Kock, A.: Global ocean methane
emissions dominated by shallow coastal waters, Nat. Commun.,
10, 4584, https://doi.org/10.1038/s41467-019-12541-7, 2019.

Wei, M., Yu, Z., Jiang, Z., and Zhang, H.: Microbial di-
versity and biogenic methane potential of a thermogenic-
gas coal mine, Int. J. Coal Geol., 134–135, 96–107,
https://doi.org/10.1016/j.coal.2014.09.008, 2014.

Worden, J. R., Bloom, A. A., Pandey, S., Jiang, Z., Worden, H. M.,
Walker, T. W., Houweling, S., and Röckmann, T.: Reduced
biomass burning emissions reconcile conflicting estimates of the
post-2006 atmospheric methane budget, Nat. Commun., 8, 2227,
https://doi.org/10.1038/s41467-017-02246-0, 2017.

Yao, P., Belec, K., Holmstrand, H., Balacky, J., Salam, A., Bud-
havant, K., Manoj, M. R., Joy, K. S., Hossain, M. A., Singh,
A., Patel, A., Rastogi, N., Mallik, C., Ram, K., Singh, G. K.,
and Gustafsson, Ö.: Distinct dual-isotopic signatures of major
methane sources in South Asia, Atmos. Chem. Phys., 26, 7765–
7787, https://doi.org/10.5194/acp-26-7765-2026, 2026.

Zhang, Z., Poulter, B., Feldman, A. F., Ying, Q., Ciais, P.,
Peng, S., and Li, X.: Recent intensification of wetland
methane feedback, Nat. Clim. Change, 13, 430–433,
https://doi.org/10.1038/s41558-023-01629-0, 2023.

Zhao, Y., Saunois, M., Bousquet, P., Lin, X., Berchet, A., Hegglin,
M. I., Canadell, J. G., Jackson, R. B., Hauglustaine, D. A., Szopa,
S., Stavert, A. R., Abraham, N. L., Archibald, A. T., Bekki, S.,
Deushi, M., Jöckel, P., Josse, B., Kinnison, D., Kirner, O., Maré-
cal, V., O’Connor, F. M., Plummer, D. A., Revell, L. E., Rozanov,
E., Stenke, A., Strode, S., Tilmes, S., Dlugokencky, E. J., and
Zheng, B.: Inter-model comparison of global hydroxyl radical
(OH) distributions and their impact on atmospheric methane over
the 2000–2016 period, Atmos. Chem. Phys., 19, 13701–13723,
https://doi.org/10.5194/acp-19-13701-2019, 2019.

Zimmermann, P. H., Brenninkmeijer, C. A. M., Pozzer, A., Jöckel,
P., Winterstein, F., Zahn, A., Houweling, S., and Lelieveld, J.:
Model simulations of atmospheric methane (1997–2016) and
their evaluation using NOAA and AGAGE surface and IAGOS-
CARIBIC aircraft observations, Atmos. Chem. Phys., 20, 5787–
5809, https://doi.org/10.5194/acp-20-5787-2020, 2020.

Earth Syst. Sci. Data, 18, 4793–4832, 2026 https://doi.org/10.5194/essd-18-4793-2026

https://doi.org/10.5194/bg-7-2673-2010
https://doi.org/10.1073/pnas.1814297116
https://wedocs.unep.org/handle/20.500.11822/41107
https://wedocs.unep.org/handle/20.500.11822/41107
https://doi.org/10.1002/lno.11173
https://doi.org/10.1073/pnas.2303974120
https://doi.org/10.5194/gmd-15-8411-2022
https://doi.org/10.5194/acp-24-10441-2024
https://doi.org/10.5194/acp-24-10441-2024
https://doi.org/10.5194/acp-21-13973-2021
https://doi.org/10.1021/acs.est.3c00184
https://doi.org/10.1038/s41467-019-12541-7
https://doi.org/10.1016/j.coal.2014.09.008
https://doi.org/10.1038/s41467-017-02246-0
https://doi.org/10.5194/acp-26-7765-2026
https://doi.org/10.1038/s41558-023-01629-0
https://doi.org/10.5194/acp-19-13701-2019
https://doi.org/10.5194/acp-20-5787-2020

	Abstract
	Introduction
	Development of updated 13C-CH4 source signature maps
	Construction of sub-sector isotopic signature maps
	Treatment of European fossil fuel isotopic signatures
	Temporal extrapolation

	Aggregation into source sectors
	Uncertainty assessment of aggregated source signatures
	Total uncertainty (total)
	Propagated uncertainty from sub-sectors (prop)
	Aggregation uncertainty (agg)


	Atmospheric framework for sensitivity analysis
	Description of atmospheric simulations
	Global transport model
	Emissions fluxes
	Initial conditions
	Chemistry
	Soil sink

	Protocol for sensitivity experiments

	Results and discussion
	Updated 13C-CH4 source signature maps
	Updated 13C-CH4 source signatures
	13C-CH4 source signature timeseries
	Uncertainty in 13C-CH4 source signature
	Comparison with 13C-CH4 datasets from previous studies

	Sensitivity of simulated atmospheric 13C-CH4 signal and CH4 mole fractions to key parameters
	Sensitivity to fluxes used for aggregation
	Sensitivity to uncertainties in methane fluxes from wetlands, freshwaters, and anthropogenic sectors
	Sensitivity to atmospheric chemistry parameters
	Sensitivity of simulated atmospheric 13C-CH4 to source signatures

	Discussion
	Key uncertainty drivers affecting CH4 and 13C-CH4 simulations
	Implications for isotopic inversions
	Pathways for improvement


	Code and data availability
	Conclusions
	Supplement
	Author contributions
	Competing interests
	Disclaimer
	Acknowledgements
	Financial support
	Review statement
	References

