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Abstract Strongly increasing trends in global methane in recent decades highlight the importance of
understanding source‐sink attributions and climate feedback mechanisms, especially for large natural sources
like wetlands. Here, we present an analysis of airborne methane observations above the Amazon Basin
conducted from December 2022 through January 2023 that reveal enhanced methane concentrations, especially
below 6 km. Using Bayesian inversion with the atmospheric transport model STILT, we optimize surface fluxes
to match our observations, starting from prior bottom‐up flux estimates byWetCHARTs. The posterior suggests
underestimated emissions across the Amazon Basin. The largest underestimates occur along rivers and
tributaries, where emissions exceeded model values by up to a factor of four. River deltas make up 26% of the
underestimated fluxes with reservoirs, and regularly flooded riverine areas contribute 19% and 13%,
respectively. This highlights the need for improved understanding of the continuum across wetlands and
freshwaters for tropical methane emissions.

Plain Language Summary Methane is a powerful greenhouse gas, and its rapid increase in the
atmosphere over recent decades highlights the need to better understand its sources and how it influences the
climate. In this study, we analyzed methane measurements taken from aircraft over the Amazon Basin between
December 2022 and January 2023. The data showed high methane levels, especially in the lower atmosphere
below 6 km. We found the methane emissions were previously underestimated by up to a factor of four. The
underestimates were predominately along rivers and tributaries. Our work highlights the need for improved
understanding of methane emissions from river systems in the tropics.

1. Introduction
Methane (CH4), the second most important anthropogenic greenhouse gas after CO2, has a global warming
potential of approximately 25 over a 100‐year time horizon, and its atmospheric concentration is projected to
continue rising (Dhakal et al., 2022; Uluocak, 2025). The renewed growth of atmospheric methane since 2007 has
coincided with isotopic lightening (declining δ13C‐CH4) (Lan et al., 2025; Nisbet et al., 2019), suggesting a shift
toward stronger biogenic sources, such as from wetlands or cattle (Niwa et al., 2025; Turner et al., 2019).

Owing to its strong radiative forcing and relatively short atmospheric lifetime of roughly 9 years (Prather
et al., 2012) compared to most other greenhouse gases, methane is a key target for near‐term climate mitigation, as
emission reductions can rapidly lower atmospheric concentrations and limit additional warming (Jackson
et al., 2020; Pérez‐Domínguez et al., 2021; Predybaylo et al., 2025; Shindell et al., 2012). Realizing this potential,
however, requires a robust understanding of the spatiotemporal balance between methane sources and sinks.

Methane emissions arise from both anthropogenic (65% of total emissions, e.g., agriculture, fossil fuel exploi-
tation, biomass burning, waste management) and natural sources (35%, e.g., wetlands, inland freshwater,
permafrost, microbial activity). As international agreements (e.g., Paris Agreement, Global Methane Pledge, i.e.,
(Malley et al., 2023)) aim to regulate anthropogenic methane emissions, uncertainties in natural sources may
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become an even stronger limiting factor in constraining the global methane budget. In addition, wetland and
freshwater environments are increasingly sensitive to human influences, such as climate change, land‐use change,
and eutrophication (Saunois et al., 2020, 2024, 2025; Zhang et al., 2017; Zhu et al., 2025).

Global methane emission estimates have improved substantially in recent years. This progress is reflected by the
narrowing gap between top‐down (575 Tg yr− 1) and bottom‐up (669 Tg yr− 1) estimates for 2010–2019 (Saunois
et al., 2025). This corresponds to a ∼16% overestimate in current bottom‐up inventories, about half of the ∼30%
discrepancy reported previously (Saunois et al., 2020). The improvement is largely attributed to an improved
representation of natural emissions, which still exhibit the largest uncertainties (Zhu et al., 2025). Methane
emissions are highly variable in space and time, and localized point sources can dominate regional budgets
(Cusworth et al., 2022; Frankenberg et al., 2016; He et al., 2024; Jacob et al., 2022). While including additional
sources from inland freshwaters (e.g., reservoirs, lakes, ponds, streams, and rivers) as well as refined process
descriptions (e.g., hysteretic temperature sensitivity) (Chen et al., 2025; Delwiche et al., 2022; Saunois
et al., 2024; Saunois et al., 2025) reduces double counting between freshwater and wetland emissions, and implies
feedback mechanisms from anthropogenic activities (Saunois et al., 2025). However, methane observations from
satellites, surface networks (FLUXNET‐CH4), or other in situ (e.g., airborne) data best improve emission esti-
mates (Delwiche et al., 2021; Knox et al., 2019; Lu et al., 2021).

Tropical wetlands account for the largest share of global methane emissions, but limited ground stations and
persistent deep cloud cover pose major challenges for ground and satellite observational data coverage,
respectively (Asner, 2001). Airborne measurements, on the other hand, have advantages in tropical regions as
they are able to collect high‐resolution in situ data independent from the infrastructure and cloud cover. Airborne
measurements can resolve boundary layer structure, the free troposphere, and entrainment zones vertically,
spatially, and temporally (Andreae et al., 2012; Basso et al., 2021; Beck et al., 2012; France et al., 2022).
Combined with transport models and inverse simulation methods (e.g., Bayesian inversion), airborne observa-
tions provide valuable insights on regional surface fluxes.

The Amazon rain forest is known to be a strong methane emitter due to its high wetland emissions (Pangala
et al., 2017; Saunois et al., 2025; Zhu et al., 2025). Here, wetlands contribute to 83% of the forest's total methane
emissions, followed by seasonal biomass burning emissions (17%) that occur largely during the region's dry fire
season (Jul–Oct) (Basso et al., 2021; Saunois et al., 2020). Several previous airborne campaigns have identified
large fluxes from wetlands in Bolivia or south‐east Amazonia (Basso et al., 2021; France et al., 2022). However,
the high complexity of wetland regions in parameters such as soil physical properties, vegetation type and water
availability through flooding and precipitation, are not fully captured by the spatiotemporal resolution of current
models (Dutaur & Verchot, 2007). Therefore, more observations are crucial to understand the Amazon methane
budget and its changes over time due to human activity, such as large‐scale deforestation (Silva Junior
et al., 2021), floodings through hydropower stations (Caldas et al., 2023; Michael Keller, 1994), and a changing
climate.

In this study, we use dense in situ observations of methane from a recent airborne campaign over the Amazon with
observations ranging from the planetary boundary layer (PBL) to the upper troposphere, covering altitudes be-
tween 200 m up to 14.5 km. We use this spatially‐dense set of observations to evaluate current wetland emission
inventories. We also use a high resolution Lagrangian Particle Dispersion Model (LPDM) to relate these airborne
observations to surface fluxes. Finally, we identify regions that are over‐ or underestimated in the process‐based
wetland model via Bayesian inference.

2. Observed Enhancements and Inversion Framework
In a previous study (Ort et al., 2024), we observed regional enhancements of dry methane mixing ratios over the
Amazon Basin from December 2022 to January 2023 with research flights every 2–4 days. This airborne data,
measured by the Airborne Tropospheric Tracer in situ Laser Absorption spectrometer (ATTILA) via infrared
quantum cascade laser absorption spectroscopy (QLAS) (Ort et al., 2024), was conducted during the Chemistry of
the Atmosphere Field Experiment in Brazil (CAFE Brazil) (Curtius et al., 2024; Nussbaumer et al., 2024).
Depending on the measurement platform, uncertainty contributions can change (Röder et al., 2024). Therefore,
we use frequent in‐flight calibrations to derive a measurement uncertainty of σ = ±67.69 ppb for one‐minute
averaged data over the whole campaign. Higher uncertainties are expected during rapid ascents and descents.
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Therefore, data taken during those periods were set to the maximum possible uncertainty of σ = ±315.35 ppb,
which is derived from the in‐flight calibrations before linear correction. See Section S1 in Supporting
Information S1 for further details.

Figure 1 shows a comparison of the airborne observations from CAFE Brazil with three different models: CAMS
(Copernicus Atmosphere Monitoring Service, Bergamaschi et al. (2013)), GEOS‐Chem (Bey et al., 2001; Henze
et al., 2007; Maasakkers et al., 2019), and CLaMS (Chemical Lagrangian Model of the Stratosphere, version 3.0,
McKenna, Konopka, et al. (2002); McKenna, Grooß, et al. (2002); Konopka et al. (2025)). CAMS, GEOS‐Chem,
and CLaMS differ in their treatment of transport and emissions. Additional information on the models is provided
in Text S2 of Supporting Information S1.

We find systematic enhancements in the airborne observations from the surface up to 6 km compared to all three
models, with the largest enhancements below 4 km. Above∼6 km, all models and the aircraft observations show a
uniform profile with comparable variability (background= 1,907 ppb). In the aircraft observations, we observed
a mean enhancement of approximately 135 ppb at the lowest altitudes (below 1 km) relative to the free
tropospheric background in both months of observations (Dec: 2042.98 ppb; Jan: 2041.13 ppb). We expected
stronger variability at higher altitudes due to convective activity, which has also been observed through elevated
carbon monoxide and isoprene mixing ratios in the free and upper troposphere (see Curtius et al., 2024; Ort
et al., 2024). However, convection is often poorly represented in models (i.e., Prein et al. (2015)).

The upwind region of the measurements that influence the observed concentration, known as the measurement
“footprint”, is calculated with the STILT model, a Lagrangian model built upon the Hybrid Single‐Particle

Figure 1. Methane observations and their footprints. Panel (a) shows the mismatch between observed methane vertical
profiles (black lines) and three model simulations (CAMS: orange lines, GEOS‐Chem: blue lines, CLaMS: green lines), each
interpolated along the flight tracks. The vertical profiles are derived from the 60 s‐data points, averaged over 1 km‐boxes
over the whole Amazon region, defined from 80°W–35°W and 15°S–10°N (gray grid box in (b, c)). Solid and dotted lines
represent the means, and medians, respectively, and the shaded areas the 25th and 75th percentiles. The three modeled data sets
were intentionally merged with the free tropospheric mean value of the observations (background; BG = 1907.46 ppb; red
line) by applying a relative factor shifting the vertical profile to match the BG. Panel (b) shows the receptor positions (60 s data
point aircraft position) that result in a valid footprint, superimposed in panel (c). The footprints are purely dynamical, meaning
they represent any gas particle concentration per unit flux over the whole CAFE Brazil campaign. Units were converted to
ppm (g m‒2 yr− 1)‒1 using the molar mass of methane for consistency.
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Lagrangian Integrated Trajectory (HYSPLIT) model (Dadheech et al., 2025; Lin et al., 2003; Turner et al., 2018).
STILT can generate time‐resolved footprints (e.g., hourly) using meteorological data from the GFS (Global
Forecast System) and particle dispersion from a starting location, known as receptor position. This produces a 3‐D
array (x,y, t) that can be integrated over time to yield a two‐dimensional footprint matrix unique to each
observation. This footprint matrix relates surface fluxes to the in situ airborne observations.

The spatial domain of our study ranges from 80°W–35°W and 15°S–10°N (marked as gray dashed box in
Figures 1b and 1c) with a horizontal grid resolution of 0.1° × 0.1°. The resulting domain comprises approxi-
mately 105 grid cells (m = latitudes × longitudes = 249 × 449 = 111,801). Here, footprints were calculated
for each 60 s‐averaged observation as receptor positions shown in Figure 1b. In total, we have 7,620 receptor
positions. Of these, the back trajectories for 2,169 receptors have no sensitivity to surface emissions within the
defined spatial and time (five days backward) domain. As such, we use n = 5,451 receptors with non‐zero surface
sensitivity for this analysis. A superposition of all footprints is shown in Figure 1c. Approximately 89% of the
domain is covered with at least one trajectory endpoint per cell; however, we focus on regions with the 40%
highest sensitivity from the observations, quantified by the total number of trajectory‐endpoints and total fraction
of particles arriving in each cell (see Figure S4 in Supporting Information S1). The large number of observations
combined for each grid cell within this region enhances statistical robustness and thereby reduces observational
uncertainty. See Text S3 in Supporting Information S1 for details.

As mentioned above, we relate the observational enhancement toward the background concentration y (n×1) to
the surface emissions x (m×1) using the footprint matrix: y = Hx, where H being the footprint matrix of shape
(n × m). To infer the emissions x from the observed concentrations, we can minimize a cost function following
Rodgers (1990, 2000). The resulting solution (posterior emissions; x̂) to this inverse problem can be estimated
as follows:

x̂ = xp + BHT (HBHT + R)− 1 (y − Hxp). (1)

Here, xp is the prior emission inventory and is used to provide a baseline estimate of the emissions, weighted with
its error covariance matrix B. The observational uncertainty is provided with the observational covariance ma-
trix R. The inversion was solved in observation space by forming the system HBHT + R and solving the
resulting linear equation directly, thereby avoiding explicit matrix inversion. The posterior estimate was obtained
by weighting across the prior covariance and adjoint transport operator, yielding a solution equivalent to the
classical Bayesian formulation (Rodgers, 2000; Tarantola, 2005) but computationally efficient for large state
dimensions.

We use WetCHARTs (v1.3.3, spatial resolution: 0.5° × 0.5°, Bloom et al., 2024) bottom‐up estimates as our
prior emission inventory, as it has previously been shown to capture regional‐scale spatial distribution of methane
wetland emissions over South America (Benavente et al., 2026; Hancock et al., 2025; Zhu et al., 2025).
WetCHARTs assumes comparatively strong emissions over the region of interest (Figure S15 in Supporting
Information S1) and was therefore selected as the prior expected to provide the closest agreement with the ob-
servations. Anthropogenic emissions within the domain are considered negligible based on available emission
inventories (see Figures S13 and S14 in Supporting Information S1) and literature (Curtius et al., 2025). For the
prior state vector xp we use the ensemble mean of December and January WetCHARTs simulations (2001–2022)
that were generated, from different wetland extents, terrestrial biosphere models, and CH4 : C temperature de-
pendencies. Therefore, WetCHARTs includes emissions from wetlands and inland freshwaters, naturally or
artificially created.

Additional consideration was given to the construction of the prior error covariance matrix (B, m × m) and the
observational covariance matrix (R, n × n). For the prior error covariance matrix, fine‐grid ensemble variances
are scaled first such that the aggregated covariance within each coarse grid cell reproduces the original
WetCHARTs ensemble uncertainty. Afterward, we follow Turner et al. (2020) by constructing the prior
covariance with spatial correlations based on land‐cover similarity. Here, we use Global Lakes and Wetlands
Database (GLWD, version 2, Lehner et al., 2025a) and exponentially decay correlations in distance, such that
approximately one‐and‐a‐half coarse grid cells are covered. This spatial correlation ensures that when the
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inversion increases emissions in a given grid cell, neighboring cells of the same land‐cover type within a defined
radius also adjust their emissions, with the magnitude of the adjustment decreasing with distance (see Section
S4.1 and Figure S6 in Supporting Information S1 for more detail). For R, we take the variance over all in‐flight
calibrations (diag(R) = σ2) while assuming no correlation between each observation, resulting in a diagonal
covariance matrix (n × 1) for the inversion.

For large systems, it is computationally infeasible to store the posterior flux uncertainty P explicitly. Therefore,
the random probe Hutchinson estimator was used to approximate its diagonal elements, providing grid‐level
posterior standard deviations ( σ̂i,i ≈

̅̅̅̅̅̅
Pi,i

√
) . This stochastic trace estimation method efficiently samples

random perturbations to estimate the variance reduction in each grid cell (Hutchinson, 1989; Scheuer & Stol-
ler, 1962). Furthermore, we calculate the averaging kernel sensitivity, which is a dimensionless measure of in-
formation gain that indicates the fraction of the posterior flux signal driven by the observations, as the diagonal
elements of the posterior averaging kernel mapped onto the coarse flux grid. More details on the inversion settings
are available in Text S4 in Supporting Information S1.

3. High Resolution Methane Fluxes
The resulting posterior emissions using airborne observations and WetCHARTs bottom‐up estimates are shown
in Figure 2. The left panels present the results for the entire domain, while the right panels provide a detailed
analysis of the most affected areas, largely within the highest 40% of observation sensitivity as indicated by the
green contour lines. The posterior fluxes are shown in Figures 2a and 2b, the flux differences between the
posterior and prior in 2c and 2d, their ratio can be found in 2e and 2f, and the diagonal elements of the averaging
kernel matrix in 2g and 2h. The averaging kernel sensitivity indicates where the inversion effectively updates the
prior emissions based on observational constraints in the prior grid resolution. Error statistics on our inversion
indicate that it provides eight independent pieces of information for the whole domain (measured by degrees of
freedom for signal, DOFS).

Fluxes are reported in units of g m− 2 yr− 1 for comparability with annual emission inventories, but are derived
from a 2‐month period and thus represent temporally limited conditions rather than full annual means. However,
comparing inter‐annual flux variability of WetCHARTs from a 22‐year climatology (see Figure S12 in Sup-
porting Information S1), December and January ‐ the dry to wet transition season ‐ nearly represent an annual
average, as the strongest emissions from wetlands are estimated during the wet season and the lowest emissions
during the dry season. Overall, the inversion increases the basin‐wide flux estimate by approximately ∼5%, from
62.23 ± 5.04 Tg yr− 1 in the prior to 65.68 ± 4.95 Tg yr− 1 in the posterior, while substantially enhancing the
spatial heterogeneity of the inferred flux distribution. Uncertainties represent the 1σ standard deviation estimated
using Monte Carlo simulations. A detailed view on prior and posterior uncertainties can be found in the Figure S7
in Supporting Information S1.

We first focus on Figures 2a and 2b. In general, posterior emissions reflect the spatial pattern of the prior
emissions, which capture the regional‐scale spatial distribution of methane emission fluxes over Brazil (Hancock
et al., 2025; Zhu et al., 2025). However, more detail in spatial flux variability could be achieved after the inversion
due to the higher spatial resolution provided by the footprint matrix.

Regions with low observational sensitivities, which occur mainly the northwestern and southern part of our
domain, show little change in emissions after the inversion (Figures 2c and 2d). Nevertheless, a few exceptions
can be found in the east of Peru ‐ a large wetland area ‐ as well as in the large river delta of Venezuela on the
northern edge of our domain, with changes of up to 50 g CH4 m− 2 yr− 1.

Within the region most strongly constrained by observations, we qualitatively see the largest previous un-
derestimates in methane fluxes close to large river streams (e.g., the Amazon River) and in the Amazon delta, with
posterior fluxes of up to 227.51 g CH4 m− 2 yr− 1. For comparison, the prior emissions within the spatial domain
had a maximummethane flux of 103.45 g CH4 m− 2 yr− 1. The largest change in the posterior emissions relative to
the prior is 152 g CH4 m− 2 yr− 1, which occurs southwest of the city of Manaus, Brazil, where large areas of
seasonally flooded forests persist (3.7°S, 61.3°W). In general, the prior emissions inventory underestimated
methane emissions across riverine systems.

Geophysical Research Letters 10.1029/2026GL122310
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However, our inversion shows some regions where theWetCHARTs prior emissions are up to 50 g CH4 m− 2 yr− 1

higher than the posterior, as indicated by blue colors in Figures 2c and 2d. In these regions, the bottom‐up es-
timates seem to overestimate methane emissions, which may be due to higher surface complexity and vegetation
properties, or under‐constrained climate‐induced feedback mechanisms such as localized drying of riverbeds
resulting in more methane oxidation within soils (Stanley et al., 2016). WetCHARTs uses empirical, biogeo-
chemical modeling with remotely sensed inundation, model‐driven relative humidity fluxes, and a temperature
sensitivity factor to estimate methane fluxes (Bloom et al., 2017; Zhu et al., 2025). Although WetCHARTs still
captures small spatial details (see Figure S7 in Supporting Information S1), our inversion finds even stronger
spatial heterogeneity, especially close to large river systems, mostly due to the inversion's higher resolution.
However, WetCHARTs does not explicitly represent several processes that may contribute to the spatial het-
erogeneity of wetland‐river methane emissions, including vegetation composition, macrophyte presence, hy-
drological state, flow velocity, and water depth.

Figure 2. Posterior methane emissions over Amazonian basin. The left panels show posterior methane fluxes over the full
Amazonian domain, with a close‐up (black rectangle in panel (a)) shown on the right, both at 0.1° × 0.1° resolution. The
posterior fluxes represent our optimized emission estimates obtained from the inversion, which uses WetCHARTs
bottom‐up fluxes as priors and is constrained by airborne methane observations (a, b). The difference between the posterior and
the prior (c, d), and the ratio between the posterior and the prior (e, f), indicate the strongest change in emissions after the
inversion in the Amazon delta and along river systems. The averaging kernel (AK) sensitivities represent the ability of the
observations to quantify emissions independently from the prior estimates on the prior grid resolution (0.5° × 0.5°, (g, h).
The green contour lines surround the area of the 40% strongest observational influence. The triangle marks the location of the
city Manaus.
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Comparing the ratio of posterior and prior fluxes (Figures 2e and 2f), we find that methane emissions are
underestimated by the prior by up to a factor of four, mostly north of Manaus and in the Amazon River Delta. The
region southwest of Manaus is most efficiently updated by the inversion, with AK sensitivities up to 0.48 (48%
constrained by observations), which coincides with the area of highest fluxes in the posterior.

To identify which surface types drive the regional emission adjustment, we decompose the inversion‐derived flux
changes by land‐cover class and quantify both their absolute and relative contributions. Figure 3 shows
class‐integrated absolute changes in methane emissions (ΔF = F̂ − Fp; Tg yr− 1) with 1σ Monte Carlo un-
certainties, together with the prior‐weighted relative changes (%) for all land‐cover types within the
well‐constrained area. Surface classifications are from GLWD (500 m at the equator) and re‐gridded to our
resolution via nearest‐neighbor interpolation, assigning each cell the dominant land‐cover class (see Figure S5 in

Figure 3. Land‐cover–specific changes in methane emissions after inversion within the area of 40% highest observational
sensitivity. Horizontal bars (top x‐axis) show the prior‐weighted relative change (%), where grid‐cell contributions are
weighted by their prior absolute flux within each land‐cover classification by GLWD (same as used for spatial correlations of
prior covariance matrix). Dots indicate the corresponding absolute change in class‐integrated emissions (ΔF = F̂ − Fp;
Tg yr− 1), with black error bars representing the 1σ uncertainty of total fluxes derived from 100 Monte Carlo realizations of the
spatially correlated flux perturbations consistent with the inversion error covariance. Bar and dot colors indicate land‐cover
groupings (e.g., waterbody inland or marine/coastal, forested/non‐forested, organic/mineral soils), adapted from Lehner
et al. (2025b). A similar figure for the full domain can be found in Figure S11 of Supporting Information S1.
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Supporting Information S1). We subdivide the land‐cover types into colored main groups, according to Lehner
et al. (2025b).

The strongest absolute change in wetland classifications can be found in coastal wetland regions, for example,
large river deltas, mangroves, and large estuarine rivers. Notably, the spatially‐averaged percentage corrections
applied to the prior emissions were high for large river deltas (26%) and major estuarine rivers (10%), with post‐
inversion changes in total emissions of +0.40 ± 0.009 Tg yr− 1 and +0.05 ± 0.002 Tg yr− 1, respectively.
Methanogens decompose organic matter in waterlogged, anaerobic soils, producing methane via methanogenesis
from substrates such as acetate and hydrogen. Conversely, methanotrophic bacteria oxidize methane to CO2 or
CH3OH under oxic conditions (Murguia‐Flores et al., 2018). Tropical soils exhibit intense microbial activity,
often isolated from oxygen by extensive water bodies. River transport and deposition of organic matter can further
distribute carbon substrates downstream. Methanogenesis in river sediments is strongly temperature‐dependent
and intensifies with warming (Yvon‐Durocher et al., 2014). Rising temperatures enhance microbial meta-
bolism and anaerobic carbon mineralization, increasing methane production. The growing frequency and in-
tensity of river heatwaves, particularly in the Amazon and Congo Basin (Chen et al., 2026), elevate sediment
temperatures and may reduce oxygen availability, potentially shifting rivers toward sustained methane production
with distinct temporal emission regimes.

Furthermore, we observe strong relative changes and moderate absolute changes in methane fluxes in inland
waterbodies, for example, reservoirs, large rivers, and permanent waterbodies. In particular, large rivers
contribute +0.07 ± 0.001 Tg yr− 1 to the change in the regional budget, and reservoirs show a strong relative
change of up to 19% in methane emissions, even though their absolute contribution is minor
(+0.029 ± 0.0004 Tg yr− 1). While there are limited studies about methane emissions from reservoirs (Delwiche
et al., 2022; Michael Keller, 1994), there are growing concerns about the impact of the increasing number of
hydropower stations in the Amazon (Caldas et al., 2023; Flecker et al., 2022). Early studies found that newly‐
built reservoirs in tropical regions (Gatun Lake, Panama) emit large amounts of methane via ebullition, with
fluxes of 3.65 – 73 g CH4 m− 2 yr− 1 at deeper sites (>7 m) and 730 g CH4 m− 2 yr− 1 at shallow sites (<2 m)
(Michael Keller, 1994). Furthermore, substantial inundation of forested regions for hydropower energy
recovery often results in dead trees in the lakes due to deficient forest clearing (Caldas et al., 2023).
Consequently, the presence of dead tree‐stumps in the inundated area could function as a carbon conduit,
facilitating the transfer of methane from the underlying soil to the atmosphere.

Across forested and non‐forested zones with both organic and mineral soils (e.g., riverine, regularly flooded,
forested; palustrine, non‐forested, seasonally‐flooded; Lacustrine, forested; tropical/subtropical peatland,
forested), methane emissions show moderate increases after inversion. Of these biomes, regularly‐flooded
riverine and tropical peatland contribute most to the regional budget adjustment, with absolute and relative
changes of +0.25 ± 0.005 Tg yr− 1 (13%), and +0.28 ± 0.009 Tg yr− 1 (7%), respectively. Non‐forested,
seasonally‐flooded palustrine areas show a strong relative change (36%) because of the small prior emission flux
(not shown); however, their absolute contribution is nearly zero (+0.003 ± 0.00005 Tg yr− 1).

We expect pronounced seasonal variability in wetland emissions according to WetCHARTs (Figure S12 in
Supporting Information S1), supported by bi‐weekly annual observations (Basso et al., 2021), with peaking
wetland emissions during the wet season (March–April) and smallest wetland emissions during the dry season
(July–October), along with increasing influence of biomass burning emissions. Reported fluxes are annualized
from the December–January observations and should be interpreted under the assumption that the dry‐to‐wet
transition season is broadly representative of the annual mean, with wetland emissions expected to reflect
intermediate conditions between the dry‐ and wet‐season extremes. Comparing annual WetCHARTs means to
those annualized December–January fluxes reveals a north‐south contrast: December–January fluxes are
∼30 g CH4 m− 2 yr− 1 higher than the annual average south of the Amazon River and ∼30 g CH4 m− 2 yr− 1

lower in the northern Amazon (Figure S8 in Supporting Information S1). Tropical ecosystems are
changing rapidly through warmer temperatures and altered precipitation patterns, resulting in strong
seasonal and regional differences in water levels, temperatures, and methane emissions. Anthropogenic
land‐use in the Amazon has increased dramatically over the last decades, increasing not only methane
emissions from livestock, but also impacting forested peatlands, which contain large amounts of carbon
(Girkin et al., 2022).
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Additionally, we find the greatest absolute change in methane total emissions in dryland cells (+1.14
± 0.015 Tg yr− 1 or +14%). This could include methane emissions from sources other than wetlands, such as
livestock, landfills, wastewater, or other anthropogenic sources. Although current emission inventories suggest a
minor contribution of those sources on the regional‐scale in central Amazonia (see Figures S13–S15 in
Supporting Information S1). However, those enhanced posterior emissions may also arise, to some extent, from
spatial aggregation effects, namely mixing dryland with wetland fractions which would bias grid‐scale fluxes
high. Moreover, methane emissions coming from regions GLWD has not classified as wetlands might be
experiencing inundation (Balasus et al., 2026). Possible surface property changes may also contribute to that
enhancement, as those are highly affected by climate change (Franco et al., 2025) and are not considered in the
WetCHARTs inventory.

4. Conclusions and Outlook
The tropics are important methane source regions. In particular, the Amazon rain forest is a highly complex
region with a variable and sensitive ecosystem, particularly in the context of climate change. Better quanti-
fying its changing contribution to greenhouse gas fluxes is key in global total emissions and carbon cycling. In
this study, we used airborne observations of methane from the dry‐to‐wet transition season (December
2022–January 2023) above the Amazon rain forest to evaluate current bottom‐up methane emission estimates
using a footprint analysis and a Bayesian inversion. We focused on wetland emissions, which are the strongest
methane emitters in the tropics. While WetCHARTs bottom‐up emissions provided a good estimate of
methane fluxes for most of the Amazon Basin after our inversion, some regional fluxes were estimated to be
up to four times larger than WetCHARTs. We found the largest changes between the prior and posterior in
large river deltas, reservoirs, and river systems in the Amazon. Spatial variability of methane fluxes highly
depend on small‐scale surface properties (e.g., microbial activity, saturation), where even small rivers and
lakes can emit large amounts of methane.

Our inversion results suggest large underestimations of methane fluxes across wetland‐river continuum, partic-
ularly at the estuaries of the Amazon, where large volumes of freshwater enters the Atlantic. These results are
consistent with other recent modeling studies, suggesting a strong regional‐scale wetland source of the Amazon,
transported across the domain (Benavente et al., 2026). Beyond revealing previously unobserved fluxes, our results
highlight the urgent need to better characterize the processes controllingmethanogenesis across the tropical aquatic
continuum. The important role of soil microbes as sources and sinks of methane is not yet well understood,
especially in a changing climate. Temperature sensitivity and deposition of eroded soils containing large amounts
of organic matter in coastal regions needs to be considered for carbon emissions, and not only for the Amazon.
Similar biases could extend to other tropical river systems in Central Africa (Balasus et al., 2026), and Southeast
Asia, where observational constraints remain sparse and process representation is uncertain. Anthropogenic ac-
tivities are increasingly affecting tropical ecosystems, in land‐use change and climate feedback mechanism,
underscoring the need for more accurate attribution of top‐down fluxes to the multiple, overlapping processes
contributing to methane emissions (Pangala et al., 2017). Improved observational coverage and model represen-
tation of tropical large rivers, deltas, flooded forests, peatlands, and reservoirs, are therefore critical for reducing
uncertainties, capturing small‐scale variability, and solving temporal dynamics in the global methane budget.
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