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Abstract: 30 

Tropical South America  is one of the world's largest natural methane (CH₄) emitting regions, 31 

yet regional methane budgets remain highly uncertain due to poorly constrained wetland 32 

emissions and sparse atmospheric observations. Here, we quantify methane emissions from the 33 

Amazon, Orinoco, and Paraná river basins for 2010–2019 using the Jena CarboScope 34 

atmospheric inverse modelling system. We investigate the variability in methane budget 35 

through a series of sensitivity. Our inversion estimates methane emissions of 4.44 ± 0.88 Tg 36 

CH₄ yr-1 for the Orinoco, 28.60 ± 5.15 Tg CH₄ yr-1 for the Amazon, and 30.10 ± 3.95 Tg CH₄ 37 

yr-1  for the Paraná basin, together accounting for ~59% of the total estimated South American 38 

methane emissions (105.5 ± 11.10 Tg CH₄ yr-1). The inversion substantially modifies the 39 

seasonality and interannual variability of prior wetland emissions in all three basins. The 40 

dominant source of posterior variability differs among basins. The data-sparse Orinoco is most 41 

sensitive to the wetland prior, indicating strong dependence on prior information. Regional 42 

observations mainly constrain the Amazon, which accounts for 55% of the variability in South 43 

American posterior methane emissions. The Paraná is largely insensitive to regional 44 

observations and is constrained primarily by the global network. These results show that 45 

uncertainty sources vary across tropical South America. Improving wetland priors and 46 

expanding regional atmospheric measurements are essential for reducing uncertainty in 47 

regional methane budgets. 48 

  49 
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1. Introduction 50 

Following a temporary pause in the early 2000s, atmospheric methane (CH4) has risen at a 51 

higher variable rate since 2007 (Thoning et al., 2022). The cause of this renewed growth is still 52 

under debate (Nisbet et al., 2019, 2023; Turner et al., 2019). Several mechanisms have been 53 

suggested and progressively refined (Nisbet et al., 2016; Rigby et al., 2017; Saunois et al., 54 

2017; Turner et al., 2017; Jackson et al., 2020, 2024), with a positive contribution from 55 

microbial and fossil sources as the most consistently supported explanations (Schwietzke et al., 56 

2016; Nisbet et al., 2019, 2023; Jackson et al., 2020; Basu et al., 2022). Furthermore, the rising 57 

emissions have been each time more attributed to tropical wetlands areas (Saunois et al., 2017; 58 

Jackson et al., 2020; Wilson et al., 2021, Basu et al., 2022, Drinkwater et al., 2023; Oh et al., 59 

2026), known to be large natural methane sources. However, large uncertainties remain in 60 

estimates of total methane emissions for regions such as South America, Africa, and India, with 61 

estimates differing by 40–60% among available inventories and inversion systems (Saunois et 62 

al., 2025). 63 

Across the pantropics, South America is one of largest contributors of methane emissions from 64 

wetlands (~13% of the total global wetland emission) (Kirschke et al., 2013; Saunois et al., 65 

2025), but there is a large discrepancy among process-based models (bottom-up approach), 66 

with an estimated range larger than that of atmospheric transport inversions (top-down 67 

approach) (Saunois et al., 2025). In the recent Global Methane Budget (Saunois et al., 2025), 68 

it was shown that the category of “combined wetland and inland freshwater emissions” 69 

dominates the contribution to regional emissions in South America for 2010-2019, with ranges 70 

based on top-down estimates going from 20–33 Tg CH4 yr−1 in Brazil, to 14–33 Tg CH4 yr−1 in 71 

southwestern South America, and 6–10 Tg CH4 yr−1 in northern South America, corresponding 72 

to approximately 52%, 58%, and 50% of total regional methane emissions in Brazil, 73 

southwestern South America, and northern South America, respectively. Unlike most regions 74 

of the world, where direct anthropogenic emissions account for more than half of total methane 75 

emissions, South America is characterized by the substantial contribution of natural wetland 76 

and inland freshwater sources. Consequently, uncertainties in wetland and inland freshwater 77 

extent and emissions, which dominate the regional methane budget, are the dominant source 78 

of uncertainty and request a better constraint of these fluxes from a top-down perspective. 79 
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The Amazon, the Orinoco, and the Parana basins (Fig. 1) are the largest river basins in South 80 

America, and the most relevant ones for natural methane emissions, given their large wetlands 81 

and inland freshwater systems. Several studies have focused on methane emissions from the 82 

Amazon river basin. For example, Wilson et al. (2016, 2021) used GOSAT satellite retrievals 83 

and the TOMCAT/INVICAT inversion system to identify large and increasing emissions from 84 

eastern Amazonia. Basso et al. (2021) used regular aircraft vertical profiles over several 85 

Amazonian sites to derive regional flux estimates that amounted to 46.2 ± 10.3 Tg CH4 yr−1, 86 

attributing large emissions to the eastern part of the basin, consistent with previous studies 87 

(Miller et al., 2007; Basso et al., 2016; Wilson et al., 2021). Similarly, Neves et al. (2026) uses 88 

the aircraft vertical profile data over Amazon and estimates 40-50 Tg CH4 yr−1. Tunnicliffe et 89 

al. (2020) used a regional inversion to revise Brazilian emissions downward relative to previous 90 

estimates (i.e. Janardanan et al., 2020) for a total budget of 33.6 ± 3.6 Tg CH4 yr−1, with 91 

wetlands contributing 13.0 ± 1.9 Tg CH4 yr−1, substantially below estimates from several global 92 

inversions. More recently, Hancock et al. (2025) used a high-resolution analytical inversion 93 

using both TROPOMI and GOSAT satellite retrievals to quantify national emissions across 94 

South America, finding posterior wetland fluxes relatively consistent with WetCHARTs 95 

wetland emission model (Bloom et al., 2017) prior inventories for the Amazon. Field data 96 

collection on both tree trunks and water diffusive and ebullitive fluxes has been conducted over 97 

the past decades. These observations have also been regionalized to derive basin-scale bottom-98 

up methane budgets, although substantial uncertainties remain due to the challenges of scaling 99 

sparse field measurements across the heterogeneous Amazon landscape and the overall budget 100 

is still uncertain (Melack et al., 2004; Pangala et al., 2017; Barbosa et al., 2020; Melack et al., 101 

2022). Despite the large number of studies conducted over the past decade, no clear consensus 102 

has emerged regarding the total methane budget of the Amazon basin, let alone its interannual 103 

variability, and there remains several challenges in methane regionalization across the basin 104 

(Melack et al., 2022). These persistent discrepancies highlight the need for further studies to 105 

better constrain methane emissions from tropical South America. 106 

In contrast, the other two basins (Orinoco and Paraná) remain relatively understudied in terms 107 

of anthropogenic and natural methane emissions. The Orinoco Basin is seasonally flooded, 108 

with seasonally flooded savannas representing the dominant methane source (Amaral et al., 109 

2026) with emission estimates ranges from 3.27 - 5.31 Tg CH4 yr−1. The Paraná Basin is 110 

characterized by Pantanal wetlands and the Paraguay and Paraná river floodplains, as well as 111 

https://doi.org/10.5194/egusphere-2026-5245
Preprint. Discussion started: 28 September 2026
c© Author(s) 2026. CC BY 4.0 License.



 

5 

extensive urban and agricultural areas. Methane emissions in the Paraná Basin are driven by 112 

anthropogenic activities in cities and by livestock in surrounding rural regions. Note that 113 

Hancock et al. (2025) present individual wetland methane estimates for the Pantanal (1.3-1.6 114 

Tg CH4 yr−1) and the Paraná (2.0-2.1 Tg CH4 yr−1), while Gloor et al. (2021) report for the 115 

Pantanal (2.0-2.8 Tg CH4 yr−1). Therefore, despite their relevance, these two basins (i.e. 116 

Orinoco and Paraná) are still under-researched and require further investigation.   117 

Global atmospheric inversions combine atmospheric observations with transport models to 118 

estimate surface methane emissions. However, there is a lack of studies that assess the skill of 119 

global inversions assimilating in-situ data across South America in constraining the methane 120 

fluxes of these three river basins. Particularly for regions where observational coverage is 121 

sparse, global inversion systems may be more sensitive to system configuration and prior 122 

assumptions than to the underlying atmospheric signal. Belikov et al. (2026) provided a 123 

compelling illustration of this sensitivity, showing that the choice of hydroxyl radical (OH) 124 

field alone (climatological versus interannually varying) leaves global emissions essentially 125 

unchanged while shifting regional estimates by 10–20% across continents. Similarly, (Zhao et 126 

al., 2020) demonstrated that different prescribed OH distributions can substantially alter 127 

inferred regional methane emissions, with tropical South America identified as one of the 128 

region’s most sensitive to OH uncertainties. Characterizing such structural sensitivity is 129 

essential before regional estimates from global inversions can be interpreted with confidence 130 

in data-limited regions. 131 

In this study, we use the Jena CarboScope global inversion system (Rödenbeck, 2005; Basso 132 

et al., 2026, adapted for CH4) to estimate the methane budget, seasonal cycle, and interannual 133 

variability across the Amazon, Orinoco, and Paraná river basins for the 2010–2019 decade. 134 

CarboScope has been configured to assimilate the aircraft vertical profiles at Santarém (SAN), 135 

Alta Foresta (ALF), Rio Branco (RBA), Tabatinga (TAB) and Tefé (TEF) (Basso et al., 2021) 136 

together with the Amazon Tall Tower Observatory (ATTO) record (Botía et al., 2020; Van 137 

Asperen et al., 2023) (Fig.1). These six in-situ constraints are concentrated in the Amazon basin 138 

and have not been jointly used in previous global inversion intercomparisons of South America. 139 

We exploit this configuration to answer three questions: (i) What constraint does the global 140 

atmospheric network alone place on the methane budget of the three basins? (ii) What is the 141 

added value, if any, of assimilating Amazon in-situ data on the budget of the Amazon itself 142 
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and, critically, on the budgets of the neighbouring Orinoco and Paraná basins? (iii) How do our 143 

estimates compare with other state of the art inversion systems?  144 

2 Methods 145 

2.1 The CarboScope Inversion system 146 

The CarboScope inversion system estimates the fluxes of atmospheric trace gases by 147 

assimilating atmospheric mole fraction observations within a Bayesian inversion framework 148 

(Rödenbeck, 2005). This Bayesian framework combines prior information with atmospheric 149 

methane observations and accounts for the uncertainty in both (i.e. observations and priors) to 150 

optimize the surface-atmospheric fluxes. The inversion optimizes fluxes on a daily time scale. 151 

The transport model in CarboScope is TM3 (Heimann and Körner, 2003), run here at a 152 

horizontal resolution of 5° × ~3.8° (longitude x latitude) and 19 vertical layers extending from 153 

the surface to the lower stratosphere (Rödenbeck, 2005). As meteorological input to TM3, we 154 

used the reanalysis from National Center for Environmental Prediction (NCEP) (Kalnay et al., 155 

1996). 156 

The inversion was performed for the 2001–2020 period, which includes a three year spin-up 157 

period (2001–2003) and a one year spin-down period (2020). Our main focus is the period 158 

2010-2019, which overlaps with the period having most of the data coverage in the Amazon. 159 

This period also coincides with one of studied references in the Global Methane Budget 160 

(Saunois et al., 2025). Within the Bayesian framework, the optimal state vector is obtained by 161 

minimizing the cost function which consists of the observational constraint term and the prior 162 

constraint term. We use the Conjugate Gradient descent algorithm with re-orthonormalization 163 

for optimizing the cost function and perform 115 iterations until it reaches a minimum. A 164 

detailed description of the cost function and its optimization can be found in the CarboScope 165 

technical report (Rödenbeck, 2005). The spatial error correlation length scale has been set to 166 

1000 km in both the latitude and longitude directions for all flux categories, while temporal 167 

correlations are applied at approximately 15 days resolution. The prior methane flux is 168 
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separated into four source categories (wetlands, anthropogenic, biomass burning, and other 169 

natural sources), each assigned an independent prior uncertainty. This allows the inversion to 170 

optimize the source categories independently. Where multiple source categories coexist within 171 

the same grid cell, the posterior adjustment is allocated among the individual source categories 172 

according to their respective prior uncertainties. 173 

The total model-data mismatch uncertainty is defined as the sum of squares of the model and 174 

observational uncertainty components. Observational uncertainty is smaller compared to the 175 

estimated transport error and assumed 3 ppb for all observations. The model uncertainty is 176 

considered by scaling the 35 ppb (σmod) transport error by a factor, which is applied to different 177 

classes of sites, as described in the Table A1. To ensure a balance between sites with different 178 

measurement frequency, we apply a data density weighting (Rödenbeck, 2005). In particular, 179 

the ATTO tower observations are available at hourly resolution, whereas aircraft observations 180 

are typically available twice per month. Following the setup of  Botía et al. (2025) for a regional 181 

CO2 inversion using the same stations over South America, to avoid overweighting high-182 

frequency observations, the uncertainty assigned to individual measurements is inflated by a 183 

factor of  !𝑁!"#$%/'(()  for the hourly ATTO data and by  !𝑁*+,%)/-$"*.+( for the aircraft 184 

measurements, where 𝑁!"#$% is the number of observations within a given week and 𝑁*+,%) is 185 

the number of flask measurements per profile, which are taken on average twice per month. 186 

This ensures that all stations are of the same weight in the inversion (Rödenbeck, 2005).  187 

Posterior uncertainties derived from the inversion are commonly referred to as Bayesian 188 

uncertainties. These uncertainties are obtained from the posterior covariance matrix, which 189 

combines information from the prior flux uncertainties and the observational error covariance 190 

matrix (Rödenbeck, 2005). The magnitude of the posterior uncertainty primarily depends on 191 

the availability and density of observations, as well as on the assumed uncertainties in the prior 192 

fluxes and the model–data mismatch. 193 
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Posterior uncertainties in this study are calculated separately for each basin and for each year 194 

over the period 2010–2019. The uncertainty reduction achieved by the inversion is quantified 195 

as 196 

                                              𝛥		𝜎	 = 	1	 −	/!"#$%&'"&
/!&'"&

 197 

where 𝜎-$."$  and 𝜎-"%0($."$   denote the prior and posterior uncertainties, respectively.  198 

2.1.1 Prior fluxes 199 

The prescribed prior flux categories in our setup are wetlands, anthropogenic emissions, 200 

biomass burning (fire), other natural emissions (e.g. termites, herbivory (wild ruminant), 201 

natural geological emission) and ocean emissions. For the wetland prior, we use the emissions 202 

from the WetCHARTs ensemble (Bloom et al., 2017) for the period 2001-2019. WetCHARTs 203 

provides the fluxes at a spatial resolution of 0.5o × 0.5o. The WetCHARTs dataset provides 204 

estimates of wetland methane emissions based on different definitions of wetland extent, global 205 

scaling factors, and temperature sensitivity of methane production. In this study, we use the 206 

extent parameter 3 (EP3), which is based on ERA interim precipitation and the Global Lakes 207 

and Wetlands Database (Lehner and Döll, 2004). For the rest of the ensemble setup, we selected 208 

the intermediate WetCHARTs global scaling factor (166 Tg CH₄ yr-1) from the three available 209 

values (124.5, 166, and 207.5 Tg CH₄ yr-1). In WetCHARTs,  heterotrophic respiration is 210 

modeled using CARDAMOM (model 9 from the MsTMIP ensemble) (Huntzinger et al., 2026). 211 

The Q10  parameter represents the temperature sensitivity of methane production (CH₄:C), with 212 

values of 1, 2, and 3. In this ensemble approach, we used the mean of these three  Q10 values. 213 

For more detailed information on WetCHARTs please refer to Bloom et al. (2017). 214 

Monthly mean emissions of biomass burning (fire) were taken from the Global Carbon Project 215 

(Saunois et al., 2025). Anthropogenic emissions were sourced from the EDGAR v8 inventory 216 

(Crippa et al., 2021), which encompasses contributions from agriculture, livestock, waste 217 

management, and fossil fuel exploitation. Other natural emissions included geological sources 218 

(Etiope et al., 2019), as well as contributions from termites and herbivory (wild ruminant), with 219 
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monthly values obtained from the JSBACH model (Kleinen et al., 2020). Finally, global ocean 220 

emissions were based on Weber et al., (2019), using an annual mean methane flux repeated 221 

throughout the year (i.e., no seasonal cycle) for both diffusive and ebullitive processes (Basso 222 

et al., 2026).  223 

We assign prior emission uncertainties separately for each emission category, including 224 

wetlands, anthropogenic emissions, biomass burning, ocean, and other natural sources. The 225 

category-specific uncertainties at yearly scale described in Table 1. We optimize two temporal 226 

components for wetlands, wetlandsS for the seasonal component and wetlandsI for the 227 

interannual variability (IAV). The motivation for optimizing a seasonal and an inter-annual 228 

component individually is the assumption that the seasonal amplitude in fluxes is larger than 229 

the wetlands’ IAV in the region of interest, which can be implemented by choosing different 230 

a-priori uncertainties for these separate components. The resulting posterior components 231 

combined are then representing the total posterior wetland flux.  The resultant global total 232 

uncertainty in prior total methane flux is 43.55 Tg CH₄ yr-1.  233 

Table 1. Category-specific prior globally integrated uncertainties at yearly scale. 234 

Source Category  Uncertainty (Tg CH₄ yr-1) 
at yearly scale 

Uncertainty (% of Annual 
flux) 

wetlandsS ± 19.67 Tg CH₄ yr-1 12.02 % 

wetlandsI ± 19.28 Tg CH₄ yr-1, 11.77% 

anthropogenic ± 31.46 Tg CH₄ yr-1  9.08 % 

Other ± 5.19Tg CH₄ yr-1 8.26 % 

Biomass burning ±1.92 Tg CH₄ yr-1 14.12 % 

   

2.1.2 Observational constraint and study regions 235 

We assimilate atmospheric observations from 154 surface and aircraft measurement sites 236 

worldwide (Fig. 1). Most observational data used in this study were accessed through NOAA 237 
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GML ObsPack v6.0 (Schuldt et al., 2025), the ICOS Carbon Portal  (ICOS RI et al., 2024) , 238 

and the World Data Centre for Greenhouse Gases (WDCGG) database 239 

(https://doi.org/10.50849/WDCGG_CH4_ALL_2023). Detailed information on the 240 

assimilated observations can be found in Basso et al. (2026). This global network includes six 241 

stations located in the Amazon Basin consisting of five aircraft based sites and the ATTO 242 

station. Aircraft observations were taken from the same five sites as in  Basso et al. (2021), 243 

with data available at (https://doi.org/10.1594/PANGAEA.926834) (Gatti et al., 2021). These 244 

vertical profile measurements of atmospheric gases were made across the Brazilian Amazon 245 

basin from 2010 to 2018. Data were collected at the following sites (Fig.1): Alta Floresta (ALF, 246 

56.7°W, 8.9°S), Rio Branco (RBA, 67.9°W, 9.3°S) from 2010-2018, Santarém (SAN, 55.0°W, 247 

2.9°S) from 2004-2018, Tabatinga (TAB, 69.7°W, 6.0°S) from 2010-2012 and Tefé (TEF, 248 

3.7°S, 66.5°W) from 2013-2018 (Basso et al., 2021). Since the TAB station was replaced by 249 

TEF in 2012, both sites were treated as a single station (TAB-TEF) in the inversion. Aircraft 250 

measurements were assimilated as individual flask samples using the full vertical profile. 251 

Apart from the five aircraft sites, we added the data from ATTO (Fig.1). ATTO is situated 252 

within the Uatumã Sustainable Development Reserve, which is 150 km northeast of Manaus 253 

(Andreae et al., 2015). It consists of a 325 m tower and several 80 m towers with instruments 254 

for measurement of aerosol, trace gas, and greenhouse gases. The record of methane at ATTO 255 

site started March 2012 with half-hourly measurements. The 80-meter towers are instrumented 256 

at five different levels (79m, 58m, 34m, 24m, 4m), and each level is measured by 2 cavity-ring 257 

down spectroscopy instruments, manufactured by Picarro Inc. In this CarboScope inversion, 258 

only observations from the 79 m height were assimilated. For the inversion we average the 30-259 

min values to hourly observations and assimilate only daytime (17:00 to 21:00 UTC) 260 

observations.  261 
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 262 

Figure 1.Global observational network used in the CarboScope inversion framework with a zoom over south 263 
America to highlight the Amazon basin observation network. Black dots indicate Amazon aircraft measurement 264 
stations and black triangle the ATTO site. The coloured areas show the river basin boundaries used for methane 265 
flux integration and analysis (derived from the HydroBASINS dataset, Lehner and Grill, 2013). 266 

In this study we focus specially on three river basins in South America: the Orinoco, Amazon 267 

and Paraná (Fig. 1). The Orinoco basin is situated at the north end of South America with a 268 

total area of 0.94 x 106 km2. The annual rainfall ranges from 1000-4000 mm depending upon 269 

the location (Builes-Jaramillo et al., 2024). The Orinoco basin is characterised by a strong 270 

seasonal unimodal inundation pattern, primarily driven by rainfall during the wet season (May 271 

to October) (Frappart et al., 2014). The Amazon River Basin is the largest river basin of the 272 

three, covering approximately 5.88 × 106 km² and extending across seven South American 273 

countries. The Amazon basin experiences a mean annual precipitation of approximately 1500 274 

mm to 3000 mm yr-1 (Drumond et al., 2014), but having regional differences mainly in dry 275 

season length. Maximum inundation in the Amazon basin typically occurs during May-June 276 

(Alsdorf et al., 2000; Hess et al., 2015).  Lastly, we consider the Paraná basin, which is located 277 

south of the Amazon basin with an estimated area of 2.64 x 106 km2. The annual precipitation 278 

in the Paraná ranges from 1550 to 2125 mm yr-1 depending on the region.  Inundation patterns 279 
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(especially in the Pantanal floodplain) show that flooding occurs during the wet season 280 

(October-March) (Caldana et al., 2021; Nascimento et al., 2023). Throughout this study, the 281 

Paraná basin refers to the entire Paraná River basin, including the Paraguay River basin and 282 

the Pantanal wetlands.  283 

2.1.3 Atmospheric methane sink  284 

The total methane sink consists of soil uptake and chemical loss in the atmosphere. 285 

Tropospheric oxidation occurs through the reaction of methane  with hydroxyl (OH) radicals; 286 

in this study the corresponding oxidation fields are taken from the Spivakovsky et al. (2000) 287 

dataset. In the stratosphere, methane undergoes reactions with OH, Cl, and O(1D), as modeled 288 

by the ECHAM5/MESSy1 framework (Jockel et al., 2006). Additionally, the tropospheric 289 

chlorine sink is simulated based on the findings of Hossaini et al. (2016). Soil uptake of 290 

methane is modeled as a zeroth-order reaction in the surface layer, utilizing microbial oxidation 291 

rates from the LPJ-Bern model (Spahni et al., 2011). 292 

 2.2 Sensitivity tests 293 

The CarboScope inversion configuration described so far represents our reference setup (REF, 294 

Table 2). This REF run uses the WetCHARTs EP3 wetland prior fluxes, the OH climatology 295 

is from Spivakovsky et al. (2000) dataset. It uses data from all six sites in the Amazon basin 296 

along with global observational constraints  (as described in Sect. 2.1.2) and MDM uncertainty 297 

as described in Table A1. Aircraft measurements were assimilated as individual flask samples 298 

using the full vertical profile. This configuration serves as the baseline against which all 299 

sensitivity experiments are evaluated. 300 

In this study we perform a series of sensitivity experiments with the CarboScope inversion 301 

system to assess how different inversion settings influence the estimated fluxes. The 302 

experimental design is broadly divided into two categories. The first category focuses on 303 

varying prior flux estimates, particularly wetland emissions, to assess how different prior 304 

assumptions influence posterior methane fluxes. In the second category, we investigate the 305 
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effect of different ways for assimilating the observational data. In all sensitivity experiments, 306 

only the tested factor was varied while all other settings were kept unchanged as in the REF 307 

setup. We analyse the spread between different experiments to assess the variability in methane 308 

emission for different inversion setups. In addition to these categories, the role of the different 309 

chemistry field is analyzed in a separate experiment in which we used an additional chemistry 310 

field from Patra et al. (2011). In the following section, each experiment is described in detail, 311 

and summarised in Table 2. 312 

2.2.1. Sensitivity experiments varying  the prior emissions xb 313 

Wetland prior fluxes (STWET). In addition to the REF inversion setup using WetCHART EP3, 314 

we use two other models from the WetCHARTs ensemble (Bloom et al., 2017) to assess the 315 

sensitivity of the inversion to prior assumptions. We used a WetCHARTs-based prior with an 316 

alternative wetland extent that combines ERA-Interim precipitation with GLOBCOVER land 317 

cover data (extent parameter 4, EP4). Additionally, we used the LPJ-wsl (Zhang et al., 2023; 318 

DOI https://zenodo.org/records/7595223) as another prior emission model for the wetlands. 319 

LPJ-wsl is a process-based land surface model designed to simulate the fully coupled carbon 320 

and water cycles of the terrestrial biosphere and is based on the LPJ dynamic global vegetation 321 

model framework (Calle and Poulter, 2021). The wetland methane fluxes used here are 322 

provided at a spatial resolution of 1° × 1°. 323 

2.2.2 Chemistry setup (STCHEM). We conduct a sensitivity experiment using an alternative 324 

atmospheric chemistry field. This alternative chemistry setup uses climatological three-325 

dimensional monthly OH and O(¹D) fields distributed as part of the TRANSCOM methane 326 

inversion experiment (Patra et al., 2011). The OH field combines the semi-empirical 327 

tropospheric OH distribution of  Spivakovsky et al. (2000), reduced by 8% following Huijnen 328 

et al. (2010) with a two-dimensional model-simulated stratospheric OH distribution, as 329 

described by (Patra et al., 2011). In addition, climatological chlorine fields for both the 330 

troposphere and stratosphere are adopted from Wang et al. (2021). 331 
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2.2.3  Sensitivity experiments with assimilated data (𝒚) 332 

Leave-One-Out Station Experiment (STLOO) In this experiment, one station within the 333 

Amazon Basin was excluded from the inversion at a time and the inversion was run again. With 334 

this, we assess the effect of individual stations on the posterior fluxes in South America.  335 

Excluded all Amazon Basin stations (ST-ALL). In this sensitivity experiment, all atmospheric 336 

observation sites located within the Amazon Basin were excluded from the inversion. This 337 

experiment was designed to quantify the contribution of the Amazon atmospheric observing 338 

network to constraining regional methane emission estimates and to assess how strongly the 339 

inversion relies on regional observations.  340 

Only ATTO station (STonly_ATTO). In this  sensitivity experiment, the inversion was performed 341 

using observations only from the ATTO station within the Amazon Basin, while excluding all 342 

other Amazon observational sites. This experiment was conducted to quantify the extent to 343 

which the ATTO measurements alone constrain the posterior methane flux estimates. 344 

Vertical Profile Representation (STVPR) Aircraft observations provide information 345 

throughout the atmospheric column up to ~4.5 km height, making them suitable for partial 346 

column assimilation. This experiment assesses the sensitivity of posterior methane fluxes by 347 

varying how the aircraft profiles were assimilated in the inversion. The REF inversion, the full 348 

profile case, each individual observation in each vertical profile was assimilated. The first 349 

sensitivity case (STVPR1) assimilates a mass-weighted average over all the data points in the 350 

aircraft profile (i.e. a partial xCH4 column average). The second sensitivity case is a split profile 351 

(STVPR2), in which the profile was divided at 2500 m and represented by two mass-weighted 352 

partial XCH₄ observations: one for the profile below 2500 m and one for the profile above 2500 353 

m and both partial columns are assimilated in inversion. In the STVPR2 experiment, we used 354 

2500 m as the threshold to ensure that the partial column is above the convective boundary 355 

layer. 356 

Model-data mismatch (MDM) Assumptions (STMDM). The impact of the model-data 357 

mismatch (MDM) uncertainty on the inversion was tested in a sensitivity experiment by 358 
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assuming a homogeneous observational uncertainty of 35 ppb (σmod) for both aircraft and tall-359 

tower observations. This is compared against the REF setup of the CarboScope-CH4 system, 360 

where different MDM uncertainties are applied for different observation types (aircraft: 35 ppb; 361 

towers: 105 ppb). This test is used to assess the impact of observational weighting assumptions 362 

on the inversion estimates. 363 

Table 2. Summary of sensitivity experiments and corresponding modifications relative to the 364 

REF setup in the CarboScope inversion. 365 

ID What changed relative to REF setup Sub experiment Id 

REF Baseline inversion setup  

STWET Alternate wetland priors use STWET1  (WetCHART EP4) 
STWET2   (LPJ-WSL) 

STCHEM Alternate chemistry field uses  

STLOO Exclude one station at a time from the Amazon 
basin 

ST-ALF, 

ST-RBA 

ST-SAN 

ST-TAB_TEF 

ST-ATTO 

ST-ALL Exclude all the stations from the Amazon basin  

STOnly_ATTO Only data from ATTO station is assimilated in 
inversion 

 

STVPR Different way of vertical profile representation STVPR1 (Avg. profile) 
STVPR2       (Vertical profile split at           
2500m) 

STMDM Apply uniform (35 ppb) MDM uncertainty to 

aircraft and tower measurement. 

 

2.3 Inversion  systems used for intercomparison 366 

To assess our posterior fluxes, we compared our results to fluxes from the following inversion 367 

systems: CAMS-CH4 version v2022r2 (Bergamaschi et al., 2013), CarbonTracker-CH4-2023 368 

(Oh et al., 2023), and TOMCAT/INVICAT (Wilson et al., 2021). These inversion systems 369 

differ in the assimilated observational data, atmospheric transport models, prior fluxes, 370 

atmospheric methane loss processes, and inversion methodologies. A comparative analysis of 371 
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methane budgets across these systems therefore provides an assessment of uncertainty in the 372 

methane budget for the major South American river basins. For a brief description of each 373 

inversion system, we refer the reader to Appendix B.  In Table 3 we provide a summary of the 374 

main differences of each system. It is worth mentioning that one of the systems (i.e. 375 

CarbonTracker-CH4) assimilated δ¹³C–CH₄ measurements from several stations of the global 376 

monitoring network. Furthermore, CarbonTracker-CH4 and CarboScope include methane in-377 

situ observational constraints from the Amazon region, whereas the TOMCAT and CAMS (in-378 

situ+Satellite) inversions include GOSAT satellite measurements over global scale. CAMS (in-379 

situ) is the only inversion system which does not use measurements from the study region, but 380 

only assimilates background stations. CarboScope is the only inversion system which 381 

assimilates the in-situ methane data from ATTO. Please note that three of the inversion systems 382 

(CarboScope, CarbonTracker and CAMS) use closely related TM3/TM5 transport models, 383 

which may partly explain the similarities among their results. 384 

Table 3. Summary of all inversions used in this study, including their prior emission and type 385 

of observational data. 386 

Inversion Jena CarboScope CarbonTracker-

CH4 

TOMCAT CAMS 

(v2022r2) 
Surface , satellite + 

surface 

Prior fluxes 

Wetlands WetCHARTs TEM Jules Model 

(Clark et al., 

2011) 

LPJ-wsl with CRU 

and MERRA2 

reanalysis dataset  

Anthropogenic EDGAR v8 EDGAR v4.3.2 EDGAR v4.2 EDGAR v7.0 

Biomass 

burning 

GFED 4.1s  

  

GFED4.1s 

  

GFEDv4.2 ACCMIP-MACCity 

inventory  

+GFAS  
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CH₄ Loss 

Processes 

(Sinks) 

Tropospheric 

oxidation: OH 

(Spivakovsky et al., 

2000)  scaled to 

CH3CCl3 lifetime; Cl 

(model derived 

estimates) 

Stratospheric 

oxidation: OH, Cl, 

O(1D) (monthly 

climatology from 

ECHAM5/MESSy1) 

Tropospheric chlorine 

sink: Hossaini et al., 

(2016)  

Soil uptake: Zeroth-

order microbial 

oxidation (Spahni et 

al., 2011) 

Atmospheric chemical 

sink (OH, O(1D), Cl): 

Prescribed from 

ECHAM5/MESSy1 

(Jockel et al., 2006) 

OH fields scaled to 

methyl chloroform 

(Spivakovsky et al., 

2000)  

Tropospheric Cl:  

Hossaini et al., (2016) 

Soil sink: TEM 

(Zhuang et al., 2013; 

Liu et al., 2020) 

Tropospheric 

OH oxidation: 

monthly 

climatological 

OH fields from 

Spivakovsky et 

al. (2000) , Patra 

et al. (2011) and 

scaled by 8% 

Hossaini et al., 

(2016). 

Stratospheric  

oxiation: 

monthly CH₄ 

loss due to Cl 

and O(¹D) from 

TOMCAT full-

chemistry 

simulations 

(Monks et al., 

2017) 

 

Tropospheric loss 

via OH radicals 

(CAMS reanalysis) 

Stratospheric loss 

via OH, Cl, and 

O(1D) from 

ECHAM5/MESSy1 

(Jockel et al., 2006) 

Observation 

type 

In-situ surface flask & 

measurements from 

154 stations. NOAA 

GML ObsPack, the 

ICOS Carbon Portal 

and the World Data 

Centre for 

Greenhouse Gases 

(WDCGG) database . 

Atmospheric CH₄: 

NOAA GML 

GLOBALVIEW plus 

v7.0 (1983–2023) 

δ¹³C-CH₄ isotopes: 

INSTAAR & 6 labs 

(1991–2023) 

 

Surface and 

Satellite 

observations: 

NOAA, GOSAT 

XCH4 

(University of 

Leicester Proxy) 

(Parker et al., 

2020) 

NOAA surface 

observations, 

GOSAT satellite 

CH₄ retrievals; 

surface-only 

(CAMS) or 

combined inversion 

versions (CAMS-

Satellite) 
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Transport 

Model & 

Meteorology 

TM3 model; 

Meteorology: NCEP 

from 1950; 

Resolution 5° × ~3.8°; 

19 vertical layers.  

TM5 model; ERA-

Interim (pre-2019), 

switched to ERA5 

(post-2019); 

Resolution 3° × 2°; 25 

vertical layers 

TOMCAT 3-D 

Eulerian offline 

CTM; ERA-

Interim 

reanalysis 

(1979–2019), 

Resolution 5.6° 

× 5.6°; 60 layers 

TM5 model; ERA5 

reanalysis; 34 

layers; Resolution 

1° × 1°  

Observational 

Constraint 

from in-situ or 

flask data in 

the Amazon 

basin 

Yes Yes No No 

Because the inversion systems use different native horizontal resolutions, basin-integrated 387 

methane emissions were calculated using fractional basin masks generated on the native grid 388 

of each inversion system. The fractional masks were obtained by intersecting the basin 389 

polygons with the native model grid, such that each grid cell contributed according to the 390 

fraction of its area located within the basin (Fig A1). Basin emissions were then calculated by 391 

weighting the grid-cell methane fluxes by these fractional areas before spatial integration. The 392 

resulting basin areas for each inversion system are summarized in Table 4. Despite differences 393 

in native model resolution, the resulting basin areas differ by less than approximately 4% 394 

among the inversion systems, indicating that all systems represent essentially the same spatial 395 

domain. 396 

Table 4. Effective basin areas (km²) of the native-grid fractional masks used for basin-397 

integrated methane emission calculations in each inversion system.  398 
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 399 

2.4 Evaluation of posterior mole fractions with independent datasets  400 

The performance of all global inversion systems used in this study, i.e. CarboScope, CAMS, 401 

TOMCAT, and CarbonTracker, were evaluated using independent methane mole fraction data 402 

not assimilated in any of the inversion systems. These independent stations are Manaus (MAN, 403 

2.5°S, 59.8°W ), Pantanal (PAN, 9.45°S, 56.4°W ), ATTO (2.14°S, 58.99°W)  and Porto Velho 404 

(PV, 8.77°S, 63.87°W).  The data from MAN consist of aircraft-based in-situ measurements of 405 

methane during vertical profiling flights, using a Picarro CRDS analyzer  from near the surface 406 

to up to ~5km (Miller et al., 2023). At PAN there are aircraft-based vertical profiles, where air 407 

is sampled in flasks during the aircraft descent from about 4.4 km altitude to near surface, and 408 

later analysed in the laboratory for dry-air mole fractions (Gloor et al., 2021). The 409 

measurements of methane at the Porto Velho site were taken using a Fourier transform infrared 410 

(FTIR) Bruker 125M spectrometer, in the NDACC-IRWG configuration 411 

(https://www2.acom.ucar.edu/irwg). Methane total columns and low-vertical resolution 412 

profiles (degrees of freedom for signal DOFS of about 2-2.5) are derived from solar absorption 413 

spectra (see details in, e.g., Zhou et al., 2018)).  The following Table 5 summarizes the 414 

inversion systems evaluated, along with the corresponding observational sites. For the MAN 415 

and PAN aircraft observations, the evaluation was performed separately for measurements 416 

below 2 km, which are most sensitive to surface methane emissions, and above 2 km, 417 

representing the free troposphere where methane mole fractions are more strongly influenced 418 

Inversion System Orinoco  (km²) Amazon (km²) Parana(km²) 

CarboScope 0.955 x 10⁶  
 

5.99 x 10⁶  
 

2.68 x 10⁶  

CarbonTracker 0.937 x 10⁶  
 

5.88 x 10⁶  2.64 x 10⁶  
 

TOMCAT 0.941 x 10⁶  5.91 x 10⁶  2.65 x 10⁶   
 

CAMS 0.918  x 10⁶  5.89 x 10⁶  
 

2.67 x 10⁶  
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by vertical mixing and long-range transport. At ATTO (Andreae et al., 2015) , only the 79 m 419 

measurement level was available for evaluation, which is also representative of near-surface 420 

methane emissions. For the PV’s FTIR observations, the evaluation was based on the methane 421 

total column, as the retrieval provides only limited vertical information (only about 1 DOFS in 422 

the surface-12km range). For CarboScope, atmospheric methane mole fractions simulated 423 

using both prior and posterior fluxes were available for evaluation. For TOMCAT, CAMS, and 424 

CarbonTracker, only mole fractions simulated using posterior fluxes were available. 425 

Table 5. Overview of inversion systems evaluated against different observational sites and the 426 

corresponding time periods used for each comparison. 427 

Site Inversion systems 
evaluated 

Time period 

MAN CAMS, CarboScope, TOMCAT, 
CarbonTracker 

2017-2019 

PAN CAMS, CarboScope, TOMCAT 2017-2019 

ATTO CAMS, CarbonTracker, 
TOMCAT, CarboScope inversion 

without ATTO data (ST-ATTO) 

2012-2019 

PV CAMS, CarbonTracker, 
TOMCAT, CarboScope 

2016-2019 

 428 

2.5 Statistical metrics 429 

2.5.1 Anomaly calculation. Monthly methane flux anomalies were calculated for the period 430 

2010–2019 for both the prior and posterior flux estimates for total South America and three 431 

river basins, Orinoco, Amazon and Paraná. A monthly climatology was first calculated by 432 

averaging the monthly methane fluxes for each calendar month over the period 2010-2019 433 

(Fclim,m). The monthly anomaly was then calculated by subtracting the corresponding monthly 434 

climatological mean from the monthly methane flux, 435 

                                                               Ay,m= Fy,m   −   Fclim,m 436 
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Where Fy,m is the monthly methane flux for month (m) in year (y) and Fclim,m is climatological 437 

mean for calendar month (m) and Ay,m is corresponding methane flux anomaly. This removes 438 

the mean seasonal cycle and highlights the deviation from average monthly methane flux.  439 

2.5.2 Ensemble mean and ensemble spread/ spread.  For each sensitivity test, an ensemble 440 

of methane flux estimates was constructed by combining the REF inversion and all 441 

corresponding sub-experiments. The ensemble mean was calculated as the arithmetic mean of 442 

all ensemble members. The ensemble spread (or spread) was quantified as the standard 443 

deviation of the ensemble members, including the REF simulation and can be interpreted as 444 

the uncertainty in methane flux estimates introduced by varying a particular inversion setting  445 

in the sensitivity test. 446 

2.5.3 Relative spread. To account for differences in methane flux magnitude among the river 447 

basins, the ensemble spread was also expressed as a percentage of the ensemble mean. The 448 

relative spread is calculated as 449 

 Relative spread (%) = ( ensemble spread /  ensemble mean )  x 100 450 

The relative ensemble spread provides a normalized measure of the sensitivity of the methane 451 

flux estimates, allowing direct comparison among sensitivity tests and river basins with 452 

different methane flux magnitudes. 453 

2.5.4 Interannual variability (IAV) of the methane budget was quantified as the standard 454 

deviation of the annual mean methane fluxes across all years within the study period. 455 

3 Results 456 

3.1 Methane budget for the three river basins and impact of prior selection 457 

Assimilating atmospheric observations into the CarboScope inversion leads to large 458 

adjustments in methane emissions across all three basins (Fig 2a). Despite the different wetland 459 

prior configurations, all experiments show the same qualitative posterior response after 460 

assimilating atmospheric observations, with methane emissions decreasing in both the Amazon 461 

and Orinoco basins and increasing in the Paraná basin. This demonstrates that atmospheric 462 
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observations constrain the direction of the posterior adjustment, while the magnitude of the 463 

adjustment remains dependent on the assumed wetland prior.  464 

The Orinoco basin exhibits the largest posterior ensemble spread in the posterior methane 465 

budget, indicating the strongest sensitivity of the posterior methane budget to the choice of 466 

wetland prior. The ensemble mean (± posterior uncertainty) methane budget decreases from 467 

prior estimates (6.48 ± 1.32 Tg CH₄ yr-1) to posterior estimates (4.44 ± 0.88 Tg CH₄ yr-1) , with 468 

the ensemble spread increasing from 6.68% to 23.71% from prior to posterior (Fig 2a). Wetland 469 

emissions undergo the largest posterior adjustment (33–77%) (Fig A2). Because wetlands 470 

contribute more than half of the total methane budget, these large wetland adjustments directly 471 

propagate into the total posterior methane budget. The sparse observational coverage in this 472 

region makes the posterior methane budget more sensitive to the choice of wetland prior. 473 
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 474 

 475 

Figure 2. Total methane budget (2010–2019) from prior to posterior estimates for three South American river 476 
basins. (a) Pie charts showing the percentage contribution of each source to the posterior methane budget in each 477 
basin based on the mean across REF, STwet1 and STwet2. (b) Total methane budget derived using different wetland 478 
prior assumptions in the CarboScope inversion system. (c) Total methane emissions expressed per unit area for 479 
inversions using different wetland priors. Error bars in panels b) and c) represent the posterior uncertainty in 480 
methane budget.  481 
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The Amazon basin shows a relatively small sensitivity of the posterior methane budget to the 482 

choice of wetland prior. The ensemble mean (± posterior uncertainty) methane budget 483 

decreases from prior estimate of 45.17 ± 14.99 Tg CH₄ yr-1 to a posterior estimate of 28.60 ± 484 

5.45 Tg CH₄ yr-1, while the ensemble spread increases only slightly from 3.86 % in the prior to 485 

8.90 % in the posterior (see Fig 2a). Wetlands undergo the largest posterior adjustment (36–486 

57%)  (Fig A2) and largely control the reduction in the total methane budget. However, the 487 

comparatively small ensemble spread suggests that the Amazon observational network does 488 

provide constraints on the posterior methane fluxes. 489 

In contrast, the Paraná basin is least affected by the choice of wetland prior. Although wetland 490 

posterior emissions increase by more than 100% in all three experiments compared to prior 491 

emission  (Fig A2), the ensemble mean (± posterior uncertainty) methane budget changes from 492 

a prior estimate of 19.04 ± 5.33 Tg CH₄ yr-1 to a posterior estimate of 30.10 ± 3.95  Tg CH₄ yr-493 
1 (Fig. 2a).  The ensemble spread increased only modestly from 6.1% in the prior to 10.2% in 494 

the posterior  This reflects the dominant contribution of anthropogenic emissions (~62%) to 495 

the total methane budget, which reduces the influence of wetland prior uncertainty on the basin 496 

scale methane budget. 497 

Overall, these sensitivity experiments demonstrate that wetlands consistently undergo the 498 

largest posterior adjustments, but the influence of wetland prior selection on the posterior 499 

methane budget differs among the three basins. The posterior spread across the sensitivity 500 

experiments indicates that the Orinoco basin is the most sensitive to the wetland prior, whereas 501 

stronger observational constraints in the Amazon and the dominant anthropogenic contribution 502 

in the Paraná reduce this sensitivity. 503 

A comparison of the ensemble mean methane emission per unit area  (Fig. 2b, REF) shows 504 

distinct differences among the three river basins. The Paraná basin exhibits the highest methane 505 

flux density, increasing from prior emission  19.41 ± 5.45 to 30.68 ± 4.04 mg CH₄ m-2 day-1 in 506 

posterior fluxes following the inversion. In contrast, the Amazon basin shows substantially 507 

lower methane emissions per unit area, decreasing from 20.57 ± 6.86  to 12.91 ± 2.36 mg CH₄ 508 

m-2 day-1 . Similarly, the Orinoco basin decreases from 18.59 ± 3.80 to 12.73 ± 2.53 mg CH₄ 509 

m-2 day-1. Notably, the posterior methane flux density in the Orinoco basin is nearly identical 510 

to that of the Amazon basin, indicating that despite its much smaller area, the Orinoco emits 511 

methane at a comparable rate per unit area. 512 
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The posterior methane budget of the inversion is dominated by different methane source 513 

categories across the three South American basins (Fig. 2c). Wetlands are the largest methane 514 

source in both the Amazon and Orinoco basins, contributing approximately 62% and 57% of 515 

the total methane budget, respectively. In the Amazon basin, anthropogenic emissions account 516 

for 13% of the total methane budget, while other natural sources (termites, herbivory (wild 517 

ruminants) and geological emissions) contribute 19%. A similar source partitioning is found 518 

for the Orinoco basin, where anthropogenic emissions contribute 13% and other natural sources 519 

account for 26% of the total methane budget. In contrast, methane emissions from the Paraná 520 

basin are dominated by anthropogenic sources, which contribute 62% of the total methane 521 

budget. Wetland emissions, primarily associated with the seasonally flooded Pantanal region, 522 

contribute 33%, while biomass burning remains a minor source (0.5%). Across all three basins, 523 

biomass burning contributes less than 5% of the total methane budget. 524 

 525 

3.2 Sensitivity of methane emission estimates to inversion setups  526 

 527 

Figure 3. (a) Prior and posterior uncertainty from the inversion system. (b) Spread (see Sec 2.5.2) in posterior 528 
methane fluxes from the South American river basins across the sub-experiments of our sensitivity experiments 529 
(see Table 2 and Sec 2.2). 530 

Across all three South American river basins, the assimilation of atmospheric observations 531 

leads to a clear reduction in uncertainty. The most pronounced reduction occurs in the Amazon 532 

basin, reflecting its relatively better observational coverage compared to the other two basins. 533 

The prior uncertainty (~15 Tg CH₄ yr-1) for the Amazon basin decreases to ~5 Tg CH₄ yr-1 in 534 
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the posterior estimate (Fig. 3a), corresponding to a mean annual uncertainty reduction of ~66%. 535 

Although this value represents the average over the study period, the uncertainty reduction 536 

varies from year to year (Fig. A3, with SA data). In comparison, the Orinoco and Paraná basins 537 

have mean annual uncertainty reductions of only ~33% and ~25%, respectively. Note that our 538 

REF case including Amazon station data yields an uncertainty reduction of ~60–80%, whereas 539 

excluding them limits the reduction to ~40–50% in the Amazon basin (Fig. A3, without SA 540 

data). Note that the gain in uncertainty reduction added by the Amazon data in the Orinoco and 541 

Parana regions is less than 10%. For the Amazon the largest uncertainty reductions occurred 542 

during 2010–2012 when the full Amazon aircraft observing network was available. In contrast, 543 

weaker uncertainty reduction is seen during 2015–2016, coinciding with observational gaps, 544 

and again in 2019 when aircraft observations are unavailable and only ATTO data are 545 

assimilated. This demonstrates that Amazonian observations substantially enhance constraints 546 

on Amazon methane flux estimates, but to a lesser extent on the neighboring regions. 547 

Here we consider the posterior uncertainty (Fig 3a) as the threshold above which varying a 548 

specific inversion setting leads to a significant variability in posterior fluxes. Removing 549 

individual Amazon observation sites (Fig 3b, STLOO) results in only small changes in the total 550 

methane budgets, with relative flux variations of ~4.2%, ~4.6%, and ~1.1% for the Amazon, 551 

Orinoco, and Paraná basins, respectively, all remaining within the estimated posterior 552 

uncertainty. To assess the importance of the regional observation network as a whole on basin 553 

methane emission, we performed the ST-ALL experiment, in which all Amazon regional 554 

observations were removed simultaneously. Unlike the other sensitivity experiments, ST-ALL is 555 

not included in the uncertainty analysis but serves as a diagnostic test of the role of the regional 556 

observational constraint. Removing the entire Amazon observation network increases the 557 

inferred Amazon methane emissions from ~28 to ~49 Tg CH₄ yr-1 (Fig A2, d)ST-ALL), 558 

corresponding to an increase of approximately 75%. In contrast, the Orinoco methane budget 559 

increases by only 0.50 Tg CH₄ yr-1 (from 4.30 to 4.80 Tg CH₄ yr-1; ~12%), while the Paraná 560 

basin exhibits the smallest response, with methane emissions decreasing slightly from 33.24 to 561 

32.36 Tg CH₄ yr-1 (−2.6%). This demonstrates that the Amazon observation network provides 562 

a strong regional constraint on Amazon methane emissions, whereas its removal has only a 563 

limited influence on the inferred methane budgets of the neighbouring basins and even results 564 

in a small downward adjustment in the Paraná basin. 565 
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The rest of sensitivity tests performed (STVPR, STchem, STmdm) did not lead to significant 566 

changes in posterior fluxes as they resulted in a spread lower than the posterior uncertainty 567 

estimated for each region. In the STVPR, the Orinoco (4.30 - 4.40 Tg CH₄ yr-1; ∼0.95% relative 568 

spread) and Paraná (33.24 - 33.49 Tg CH₄ yr-1; ∼0.30% relative spread) basins are almost 569 

unaffected by different representations of the vertical profile. However, the Amazon basin 570 

shows a small sensitivity to profile representation, with a spread of ~2 Tg CH₄ yr-1 (~6% 571 

relative spread). The use of a different chemistry field (STchem) leads to emission reductions in 572 

Orinoco, Amazon, and Paraná basins by approximately 7%, 5%, and 6%, respectively 573 

compared to the REF case. Furthermore, varying the MDM uncertainty (STmdm) has only a 574 

minor impact on the posterior methane flux estimates. In the Amazon basin, the posterior flux 575 

changes by only 0.31 Tg CH₄ yr-1, while in the Orinoco and Paraná basins the differences 576 

remain below 1%. Finally, the change in wetland prior (STwet) causes the largest relative spread 577 

in posterior estimates for the Orinoco basin, at around 20%, versus less than 10% for the 578 

Amazon and Paraná basins ( Fig A4, STWET).  579 

3.3 Seasonal variability in methane fluxes across regions 580 

Posterior monthly methane fluxes in the Orinoco basin diverge substantially from the prior, 581 

indicating a strong observational constraint on the seasonal cycle. Posterior fluxes show a 582 

pronounced seasonal cycle with a seasonal amplitude of ~20 mg CH₄ m-2 day-1: lower 583 

emissions during the dry season (Nov–Apr), reaching a minimum around April, and peaking 584 

in July during the wet season (May–Oct) (Fig. 4a). Wetland emissions dominate both the 585 

magnitude and seasonal amplitude of this signal (Fig. A5, REF). Fire emissions are also 586 

strongly seasonal, peaking in the dry season (Nov–Mar), but contribute only ~8.7% of the total. 587 

Other natural sources (termites, wild ruminants, geological seeps; ~26% of the total budget) 588 

and anthropogenic emissions (roughly constant year-round) show weak or no seasonality and 589 

do not shape the seasonal pattern. Removing individual Amazon stations has negligible effect 590 

on the posterior seasonal pattern, and even excluding all Amazon observations (ST-ALL) largely 591 

preserves the seasonal shape, showing the global network constrains the timing of the cycle. 592 

However, the seasonal magnitude changes substantially without the regional network (ST-ALL), 593 

producing unrealistic negative fluxes, particularly in April.  Thus, while the Amazon network 594 
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helps prevent unrealistic negative fluxes, the mean magnitude of the seasonal cycle still remains 595 

more uncertain, as we will see next for the Amazon region. 596 

 597 

Figure 4. Seasonal cycle of CarboScope total CH₄ fluxes over the three South American river basins: a) Orinoco, 598 
b) Amazon, and c) Paraná basins. Results are shown for leave-one-out (LOO) experiments (dashed colored lines), 599 
in which individual stations are excluded from the inversion (a “–” indicates the station excluded in a given 600 
experiment), and for an inversion using only ATTO observations (dashed yellow line). These are compared with 601 
the REF inversion including all stations (“All”, solid black line), where the shaded area represents the IAV. The 602 
prior flux estimate (red dashed line). Black bar represents the spread across the different LOO experiments. 603 

A substantial change in methane seasonality is observed between prior and posterior flux 604 

estimates in the Amazon basin (Fig. 4b). Prior fluxes  are highest during Dec–May and they 605 

are lowest during Jun–Nov, posterior fluxes instead peak in the dry season (August), 606 

highlighting the role of atmospheric observations in correcting the prior seasonal pattern. 607 

Wetland emissions remain the dominant driver of magnitude and seasonality in the posterior 608 
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estimates, but the August peak (Fig. 4b) reflects the combined contribution of wetlands, fires, 609 

and other natural sources (termites, wild ruminants, geological emissions). Fire emissions, 610 

though a small fraction of the total budget, are strongly seasonal, peaking in the dry season 611 

(August). The ST-ALL experiment captures the overall seasonal pattern, but the seasonal peak 612 

occurs later, shifting from August in the REF case to October, indicating that the global 613 

network provides some constraint on the seasonal variability but not on the precise timing of 614 

peak emissions. Similarly, using only ATTO tower observations (STonly_ATTO) still reproduces 615 

the seasonal phase, though the emission peak shifts later into the dry season. However, we find 616 

that the magnitude is far more sensitive to regional data, as the mean January emissions drop 617 

from ~20 mg CH₄ m-2 day-1 (ST-ALL) to ~10 mg CH₄ m-2 day-1 (REF), confirming that regional 618 

observations are essential for quantifying emission magnitude, not just its timing. Removing 619 

individual stations, such as RBA, causes noticeable deviations early in the year, driven mainly 620 

by wetland emissions (Fig. A5, ST-RBA), though no single station dominates the overall budget, 621 

the combined network provides the robust constraint. 622 

In the Paraná basin, which hosts the Pantanal flooded savanna, we find a different response 623 

compared to the Amazon and Orinoco basins. After assimilating atmospheric observations, 624 

methane emissions increase relative to the prior estimate, and the seasonal cycle exhibits a 625 

larger amplitude, reaching approximately 15 mg CH₄ m-2 day-1, with peak emissions occurring 626 

in the early months of the year (wet season). Although total methane emissions in the Paraná 627 

basin are dominated by anthropogenic sources, the seasonal cycle is primarily controlled by 628 

wetland emissions (Fig A5, REF). Fire emissions and other natural sources account for less 629 

than 5% of the total methane emissions from the basin. Despite their small contribution, these 630 

sources exhibit a distinct seasonal cycle, with emissions peaking during the dry season (April–631 

Sep). The LOO experiments show that removing individual stations has little impact on the 632 

estimated fluxes, which remain close to the REF inversion. Even when all stations are removed 633 

(ST-ALL), the resulting fluxes are still very similar to the REF case. This indicates that the Paraná 634 

basin is only weakly constrained by the available regional atmospheric observations network. 635 

However, the substantial differences between the prior and posterior fluxes indicate that global 636 

atmospheric observations still provide an important constraint. 637 

3.4 Interannual variability 638 
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 639 

Figure 5. Time series of total methane emission anomalies (all sources included) for a) prior and b) posterior 640 
fluxes from 2010 to 2019 across the study basins. 641 

Compared with the prior monthly methane flux anomalies, the posterior estimates exhibit 642 

substantially larger positive and negative departures from the climatological seasonal cycle, 643 

indicating enhanced IAV after assimilating atmospheric observations in inversion (Fig 5a,b). 644 

In addition to the larger anomalies, the posterior displays more frequent short positive and 645 

negative fluctuations than the relatively smooth prior, reflecting enhanced month-to-month 646 

variability introduced by the atmospheric observations. This increase is reflected in the 647 

standard deviation of the monthly anomalies, which increases from 0.27 Tg CH4 month-1 in 648 

prior to 0.67 Tg CH4 month-1 in posterior for South America. Similar increases in standard 649 

deviation from prior to posterior are observed for all three basins, with the largest relative 650 

increase occurring over the Paraná basin (0.10 to 0.26 Tg CH4 month-1), followed by the 651 
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Amazon (0.23 to 0.44 Tg CH4 month-1), while the Orinoco shows only a modest increase (0.03 652 

to 0.04 Tg CH4 month-1). 653 

The Amazon basin dominates inversion derived IAV of the continental methane budget 654 

throughout the study period. Monthly anomalies in the Amazon are strongly correlated with 655 

the total South American anomalies in both the prior (r = 0.86, p < 0.05) and posterior (r = 656 

0.83, p<0.05), demonstrating that variability in continental methane emissions is primarily 657 

controlled by fluctuations over the Amazon basin. In contrast, the Paraná basin exhibits only a 658 

weak relationship with the South American anomalies in the prior (r = 0.15, p < 0.01), but this 659 

correlation increases substantially after inversion (r = 0.62, p<0.05), indicating a stronger 660 

contribution of Paraná variability to the continental methane anomaly in the posterior estimates. 661 

Owing to its comparatively small methane emissions, the Orinoco basin contributes little to the 662 

overall continental variability despite exhibiting a moderate positive correlation with the South 663 

American anomalies in posterior (r = 0.50, p < 0.05). 664 

The inversion modifies not only the magnitude of the monthly methane flux anomalies but in 665 

many cases, it also modifies their phase relative to the climatological mean. Across South 666 

America, approximately 27% of the monthly anomalies transition from positive to negative 667 

values, or vice versa, between the prior and posterior estimates. This indicates that assimilating 668 

atmospheric observations changes whether individual months are estimated to have above- or 669 

below-average methane emissions relative to the monthly climatology. These transitions occur 670 

most frequently during 2015 and 2016, with six affected months in each year, and are 671 

predominantly associated with adjustments over the Amazon basin. An additional effect of the 672 

regional data is a reduction in the monthly anomaly magnitude. In the ST-ALL experiment we 673 

found that the overall temporal pattern of the monthly anomalies is similar to the REF case, but 674 

the magnitude is slightly larger (Fig A6).  675 

While the monthly anomalies demonstrate that the inversion substantially enhances month-to-676 

month methane variability, the annual mean methane fluxes (Fig. A7) provide insight into the 677 

year-to-year behaviour of the methane budget on annual timescales. The annual mean methane 678 

fluxes (Fig. A7) shows the Orinoco basin exhibits relatively small year-to-year variations, with 679 
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no clear long-term increase or decrease throughout the study period. Similarly, the Amazon 680 

basin does not show a persistent long-term trend, although annual methane emissions increase 681 

between 2011 and 2015 (+ 1.23 mg CH4 m-2 day-1), decline during 2015–2018 (-0.70 mg CH4 682 

m-2 day-1), and again increase in 2019. In contrast, the Paraná basin displays a positive increase 683 

in annual methane emissions throughout the study period (+ 0.34 mg CH4 m-2 day-1). This 684 

increasing trend in the Parana basin is mainly attributed to wetlands (+0.16 mg CH4 m-2 day-1) 685 

and anthropogenic (+0.18 mg CH4 m-2 day-1) emissions. 686 

A notable feature common to all three basins is the reduction in annual methane emissions from 687 

2015 to 2016. One possible explanation of this finding is the temporary reduction in the 688 

Amazon atmospheric observational network during this period. However, the same decrease is 689 

also present in the ST-ALL sensitivity experiment, in which all Amazonian observations are 690 

excluded from the inversion. This indicates that the reduction is not driven by the Amazon 691 

regional observational network. 692 

3.5 Comparison to other global inversion systems 693 

 694 

 695 

Figure 6. Total methane budget estimated using different global inversion systems across the three South 696 
American river basins a) Orinoco, b) Amazon, c) Paraná for the period 2010–2019. The ensemble OC is the 697 
ensemble mean of the inversion systems that include in-situ observational constraints (OC) from the Amazon 698 
Basin (e.g. CarbonTracker, CarboScope). Error bars represent the IAV calculated as the standard deviation of 699 
annual means across years. 700 
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A comparison of multiple inversion systems shows a clear difference in total methane emission 701 

estimated across the three river basins. The Amazon is the largest regional contributor of 702 

methane emissions in all inversion systems, with an ensemble mean estimate of 32.60 ± 6.74 703 

Tg CH4 yr-1 from different inversion systems (Fig. 6). When we focus on inversion systems 704 

with observational constraints from the Amazon (CarbonTracker and CarboScope), the 705 

ensemble emission (ensemble OC) decreases to 28.0 ± 2.36 Tg CH4 yr-1, corresponding to a 706 

reduction of ~65% in ensemble spread (standard deviation across different inversion system). 707 

This indicates that inversion systems without in-situ observational constraints in the region 708 

(such as TOMCAT and both CAMS versions) contribute significantly to the overall inter-709 

model spread and may bias the ensemble mean high. It also shows that CarboScope-derived 710 

methane flux estimates are consistent with other observationally constrained inversion systems, 711 

like CarbonTracker-CH4 and well within the ensemble range.  712 

The mean methane emission from Orinoco basin across all inversion systems is estimated at 713 

5.83  ±  1.51 Tg CH4 yr-1. When we only consider the inversion systems which have regional 714 

in-situ observational constraints from Amazon basin (CarbonTracker, CarboScope versions), 715 

the ensemble mean is reduced to 4.66 ±  0.83  Tg CH4 yr-1, corresponding to ~45% reduction 716 

in the ensemble spread. This reduced spread should not be interpreted as evidence that methane 717 

emissions from the Orinoco basin are better constrained by observations. Rather, it reflects the 718 

consistent behaviour of the CarbonTracker and CarboScope inversion systems, which 719 

assimilate a regional Amazon in-situ observations and therefore produce more similar methane 720 

emission estimates for the Orinoco basin.   721 

Finally, the Paraná basin shows the largest ensemble spread across the different inversion  722 

systems. The methane emission estimates in the basin show an ensemble mean of 22.86 ±  9.45 723 

Tg CH₄ yr-1, indicating a much larger model spread compared to the other two basins. The 724 

inversion estimates separate into two distinct groups: TOMCAT and CAMS estimate emissions 725 

below ~15 Tg CH₄ yr-1, whereas CarbonTracker and CarboScope estimate substantially higher 726 

emissions, mostly between ~27 and 34 Tg CH₄ yr-1. This corresponds to differences of 727 

approximately a factor of two to three between inversion systems. When we only consider the 728 

inversion systems with in-situ data from the Amazon, the ensemble mean increased to 30.77 ±  729 

2.45 Tg CH₄ yr-1, reducing the spread by ~74%. Again, there is good agreement among 730 

inversions which have in-situ constraints in the Amazon, supporting the redistribution of fluxes 731 
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between the Amazon and Paraná basins. This indicates that these observationally constrained 732 

inversion systems are more consistent with one another for the Paraná basin. 733 

Overall, the comparison highlights two main findings. First, inversion systems assimilating 734 

regional Amazon in-situ observations (CarbonTracker and the CarboScope experiments) 735 

produce much more consistent methane emission estimates than the full ensemble, particularly 736 

for the Amazon basin where these observations directly constrain the methane fluxes. For the 737 

Orinoco and Paraná basins, however, the smaller spread among these inversion systems should 738 

not be interpreted as evidence that methane emissions are better constrained by observations, 739 

but rather that CarbonTracker and CarboScope produce more consistent emission estimates. 740 

This is further illustrated by the contrasting behaviour of the Amazon and Paraná basins across 741 

the inversion systems: TOMCAT and both CAMS inversions estimate higher methane 742 

emissions for the Amazon and lower emissions for the Paraná basin, whereas CarbonTracker 743 

and the CarboScope experiments show the opposite. This indicates that inversion systems 744 

assimilating regional Amazon in-situ observations produce consistent methane emission 745 

estimates across the South American river basins. Second, the CAMS (surface) and CAMS 746 

(satellite+surface) inversion produce nearly identical methane emission estimates for all three 747 

basins, indicating that the inclusion of satellite observations has only a limited influence on the 748 

basin-integrated methane budgets within the CAMS inversion framework. 749 

3.5.1 Validation of inversion models with independent observations: 750 

 751 
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Figure 7. Taylor diagram evaluating the performance of the methane inversion systems against FTIR total-column 752 
CH₄ observations at Porto Velho (PV). The diagram compares the posterior CarboScope (REF), prior CarboScope 753 
(REF), CarbonTracker, TOMCAT, and CAMS inversion systems. 754 

The inversion systems were evaluated against independent aircraft (MAN and PAN), tower 755 

(ATTO), and FTIR (Porto Velho) observations; the more detailed evaluation results are 756 

presented  Appendix C. The PV site evaluation (Fig 7) shows that all posterior inversion 757 

systems underestimate the observed total-column methane, resulting in negative mean biases. 758 

However, the magnitude of this bias varies among the inversion systems, with TOMCAT 759 

exhibiting the smallest mean bias (mean bias = -11.66 ppb, r =0.54, p<0.05), while 760 

CarbonTracker  (mean bias = -23.50 ppb, r =0.76, p<0.05) and the CarboScope posterior  (mean 761 

bias = -17.16 ppb, r =0.70, p<0.05) show the highest correlations with the FTIR observations. 762 

The substantial reduction in the CarboScope bias, from approximately −113.98 ppb (r = 0.57, 763 

p<0.05) in the prior simulation to −17.16 ppb (r =0.70, p<0.05) in the posterior, further 764 

demonstrates the significant improvement achieved through the assimilation of atmospheric 765 

observations in CarboScope inversion system. For the aircraft observations, the largest 766 

differences between model and observations occur within the boundary layer (<2 km, -52.23 767 

to 44.77 ppb), where methane concentrations are more strongly influenced by surface 768 

emissions, whereas all model performance becomes more comparable in the free troposphere 769 

(>2 km), with lower mean bias (-11.59 to 24.55 ppb). Across both atmospheric levels, 770 

TOMCAT generally overestimates (Fig C1) the observed variability, whereas CAMS tends to 771 

underestimate it (Fig C1).  Compared to prior (-88 ppb to  -114 ppb), CarboScope posterior 772 

shows almost negligible (<1.25 ppb) mean bias at both aircraft sites. At the MAN site, 773 

CarbonTracker underestimated CH₄ at both altitude levels.  All inversion systems perform 774 

poorly at the ATTO tower site, exhibiting very weak correlations with the observations (r < 775 

0.2), indicating that all inversion systems struggle to reproduce the near-surface methane 776 

variability. Among all inversion systems, CarbonTracker shows the lowest mean bias (mean 777 

bias = 4.30 ppb) at ATTO, but corresponding correlation is very low (r=0.16). The remaining 778 

differences between the model and observations vary among the different evaluation sites and 779 

different atmospheric layers, indicating that they are primarily site specific rather than 780 

reflecting a systematic overestimation or underestimation of atmospheric methane. 781 

4 Discussion 782 
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4.1 Methane budget of the Orinoco, Amazon and Paraná river basins 783 

The CarboScope inversion estimates mean methane emissions of 28.60 ± 5.15 Tg CH₄ yr-1 for 784 

the Amazon basin during 2010–2019. This estimate is substantially lower than most previous 785 

studies, including Neves et al. (2026; 38–50 Tg CH₄ yr-1 ), Wilson et al. (2021; 41.7–49.3 Tg 786 

CH₄ yr-1 ), Basso et al. (2021; 46.2 ± 10.3 Tg CH₄ yr-1 ), and Pangala et al. (2017; 42 ± 5.6 Tg 787 

CH₄ yr-1 ). These differences are primarily explained by differences in basin definition, 788 

methodology, and observation constraints. Our estimate is in close agreement with the 789 

CarbonTracker inversion (26.52 ± 4.23 Tg CH₄ yr-1 ), which also assimilates Amazon in-situ 790 

observations, and with the posterior fluxes of Wilson et al. (2021), which estimate 30.23 ± 791 

10.24 Tg CH₄ yr-1 after applying the same native grid, which indicate that CarboScope is not 792 

an outlier.  793 

Much of the discrepancy among previous Amazon methane budgets can be attributed to 794 

differences in estimated wetland methane emissions, although these studies use different 795 

Amazon basin definitions, making direct quantitative comparisons difficult. Our inversion 796 

estimates 16.44 ± 2.98 Tg CH₄ yr-1, compared with 33.8 ± 10.7 Tg CH₄ yr-1  reported by Basso 797 

et al. (2021) and approximately 32 (29–47) Tg CH₄ yr-1 from Hancock et al. (2025). Despite 798 

starting from substantially larger wetland priors (38.13 ± 2.51 Tg CH₄ yr-1 ), the inversion 799 

reduces wetland emissions by about 50%, indicating that the assimilated atmospheric 800 

observations consistently constrain lower posterior wetland emissions. CarbonTracker reduces 801 

prior microbial methane emissions by approximately 30%, which includes the wetland 802 

emissions, indicating that strong observational constraints consistently act to reduce the prior 803 

fluxes. Although our Amazon wetland estimate is considerably lower than that of Hancock et 804 

al. (2025), the total South American methane emissions overlap within uncertainties, with 805 

Hancock et al. (2025) increasing from a prior of 96 to a posterior of 121 (109–137) Tg CH₄ yr-806 
1, compared with our CarboScope estimate of 109.73 ± 19.91 to 105.46 ± 11.05 Tg CH₄ yr-1. 807 

This agreement at the continental scale suggests that the larger discrepancies are primarily 808 

associated with the Amazon basin definition. 809 

A more direct comparison can be made with Basso et al. (2021). Although our inversion 810 

additionally assimilates observations from ATTO, both studies are constrained by the same 811 

regional aircraft observation network. The difference in methane emission becomes much 812 

smaller when expressed per unit area. Our total methane emission corresponds to 12.45 ± 4.08 813 
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mg CH₄ m-2 day-1, compared with 17.4 ± 3.9 mg CH₄ m-2 day-1  reported by Basso et al. (2021), 814 

while our wetland emission estimate (7.50 ± 3.26 mg CH₄ m-2 day-1) compares with 12.7 ± 4.3 815 

mg CH₄ m-2 day-1. This indicates that much of the discrepancy in basin-integrated methane 816 

budgets arises from differences in the spatial domains. In particular, our Amazon basin mask 817 

excludes part of the eastern Amazon, whereas Basso et al. (2021) includes this region, where 818 

both Basso et al. (2021) and Wilson et al. (2021) observed higher methane emissions. Including 819 

this high emission region would therefore increase the basin-integrated methane budget, 820 

explaining much of the difference between the studies. To investigate this we calculate the 821 

methane budget for the same area for Amazon as used by (Basso et al., 2021), our inversion 822 

estimates are 40.90 ± 3.97  Tg CH₄ yr-1, which is much closer to their reported estimate, 823 

suggesting that differences in basin definition contribute substantially to the apparent 824 

discrepancy.  825 

The differences among previous Amazon methane budgets largely reflect the substantial 826 

uncertainties in estimating wetland methane emissions. The large adjustment of wetland 827 

emissions from the prior to the posterior inversion (Fig. 2b) highlights that current wetland 828 

models remain poorly constrained, reflecting limitations in representing wetland extent, 829 

inundation dynamics, and methane biogeochemical processes, as well as the scarcity of 830 

independent observational constraints (Melack et al., 2022). 831 

Posterior methane emissions in the Paraná basin are consistently higher than the prior 832 

estimates, indicating that atmospheric observations increase regional emissions. Part of this 833 

enhancement may reflect spatial redistribution within the inversion associated with 834 

atmospheric transport between the Amazon and Paraná basins. Similar behaviour in 835 

CarbonTracker suggests that this redistribution is not unique to CarboScope. However, the ST-836 

ALL experiment still produces enhanced posterior emissions, indicating that Amazonian 837 

observational constraints alone cannot explain the increase. Most of the posterior enhancement 838 

is attributed to wetlands (Fig. A5), suggesting that prior wetland inventories may underestimate 839 

methane emissions in this region. This interpretation is supported by Hancock et al. (2025) and 840 

Parker et al. (2018), which also indicate that wetland prior inventories underestimate methane 841 

emissions in the Paraná basin. However, with the current observational network, it is not 842 

possible to disentangle inversion-driven redistribution from a genuine correction of 843 

underestimated prior emissions. The Paraná lacks regional atmospheric observations, and the 844 
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global observation network alone reduces posterior uncertainty by only about 25%. Therefore, 845 

although the increase in wetland emissions is consistent with previous studies, its magnitude 846 

should be interpreted with caution until additional regional observations become available. 847 

Direct comparison with previous studies is difficult because no study has reported methane 848 

emissions for the larger Paraná basin considered here, which includes the Paraná and Paraguay 849 

floodplains and the Pantanal wetlands. Hancock et al. (2025)  provides the closest comparison, 850 

combining their wetland methane emission estimates for the Paraná and Pantanal regions yields 851 

a total of approximately 3.4–3.6 Tg CH₄ yr-1. This is substantially lower than our wetland 852 

estimate of 14.62 ± 8.24 Tg CH₄ yr-1, primarily because our study considers a much larger 853 

spatial domain. 854 

For the Orinoco basin, our estimated methane emissions (3.47–5.58 Tg CH₄ yr-1) agree well 855 

with the range reported by Amaral et al. (2026) (3.27–5.97 Tg CH₄ yr-1). Similar to the Amazon, 856 

regional methane estimates may change once observations from the Orinoco are assimilated in 857 

the inversion system. Amaral et al. (2026) estimated that wetlands contribute 40–70% of the 858 

total methane budget, consistent with the ~57% contribution in this study. 859 

4.2 Seasonal variability of the methane emission from the South America river basins 860 

The total methane seasonality from the CarboScope inversion (REF) in the Amazon basin 861 

shows the dominant peak during the dry season (August), without any secondary peak in the 862 

early part of the year  (Fig A5, REF). This result contrasts with several previous studies that 863 

have suggested a bimodal seasonal cycle in Amazonian methane emissions (Basso et al., 2021; 864 

Wilson et al., 2021). When we examine the sensitivity test results for the seasonality (Fig A5), 865 

the secondary peak early in the  year (March) does emerge in some sensitivity tests, particularly 866 

in the experiment adjusting the vertical profile representation (STVPR), ST-ALL, ST-RBA, and 867 

STOnly_ATTO. However, the magnitude of this secondary peak is very small compared to the dry 868 

season maximum and it is not found in all experiments. This suggests that the apparent bimodal 869 

pattern is not robust and may be sensitive to the choice of observational constraints and the 870 

inversion setup. We performed a sensitivity inversion in which the prior wetland emissions 871 

were deseasonalized to remove any prescribed seasonal cycle. Despite the absence of 872 

seasonality in the prior, the posterior methane emissions still exhibit a clear seasonal cycle (Fig. 873 
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A5, STDS). Notably, this recovered seasonal pattern closely resembles that of the reference 874 

(REF) inversion, indicating that the seasonality is primarily constrained by the atmospheric 875 

observations rather than the prior. 876 

To investigate this further, we examined the wetland methane emissions separately. Unlike the 877 

total methane flux, wetland emissions consistently show a bimodal structure across almost all 878 

experiments, with a first peak around March and a second stronger peak during June. This is 879 

consistent with a previous study by Basso et al. (2021), who identified the two distinct wetland 880 

emission peaks over the Amazon but they found the second peak during the (August-Oct), 881 

whereas in our results (REF) the second peak appears earlier, around June (Fig A5, REF). In 882 

Basso et al. (2021), the August peak is largely driven by SAN measurements located in the 883 

eastern Amazon, which are influenced by the northeastern Amazon region that is not included 884 

in our domain. This spatial mismatch may also contribute to the differences in the observed 885 

seasonality. Our results show that this wetland driven double peak seasonality is not reflected 886 

in the total methane emissions, and the seasonal cycle of total methane is not controlled by the 887 

wetland emissions alone, but rather by the combined emissions from all source categories. 888 

During the dry season, biomass burning becomes an important contributor (~15 %), enhancing 889 

the August peak (Fig A5, REF). This pattern is consistent with enhanced fire activity during 890 

the dry season and agrees with previous studies on seasonal burning in tropical regions (Ribeiro 891 

et al., 2018; De Souza Maria et al., 2025). However, the elevated contribution (~27 %) from 892 

the “other” category (including termites and geological emissions) is less well supported by 893 

independent studies. For instance, Van Asperen et al. (2021) showed that termite methane 894 

emissions are largely controlled by internal biological processes and exhibit minimal seasonal 895 

variability. Nevertheless, the limited number of studies on Amazonian termite emissions, 896 

including Van Asperen et al. (2021), are based on only a few termite species, meaning that 897 

tropical ecosystems with much higher termite diversity may still exhibit different emission 898 

behaviours. Therefore, a seasonal signal in termite emissions cannot be fully ruled out, 899 

although it is more likely that this feature arises from limitations in the inversion framework. 900 

Multiple methane source and sink processes exist within a single grid cell of CarboScope, 901 

making it difficult to fully separate their individual contributions. As a result, flux adjustments 902 

can be erroneously redistributed among source categories during optimization. This is 903 

supported by the observed anticorrelation (~0.4) between wetland and “other” emissions from 904 
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the inversion, indicating compensating flux adjustments between these categories. So the peak 905 

from the “other” category could be real or just an artifact of the inversion system.  906 

There are relatively few studies that explicitly characterize the seasonal cycle of methane 907 

emissions in the Paraná Basin. The Pantanal wetland is the dominant biogenic methane source 908 

within this region, and thus the seasonal variability in the basin’s wetland-driven emissions. 909 

Our analysis indicates a bimodal seasonal pattern, with emission peaks occurring at the 910 

beginning and toward the end of the year. Notably, the posterior emissions remain largely 911 

consistent with the prior seasonal structure, indicating that the inversion preserves the seasonal 912 

characteristics represented in the prior (Fig 4c). This seasonal behaviour is broadly consistent 913 

with previous satellite-based studies over the Paraná-Pantanal region. Parker et al. (2018), 914 

using GOSAT-constrained WetCHARTs prior, reported a pronounced seasonal cycle over the 915 

Paraná region, with methane emissions peaking during the wet season at the start of the year. 916 

This agrees well with our results, which also show maximum emissions early in the year. In 917 

addition, the seasonal analysis by Alvahi & Kirchhoff (2000) in the Pantanal suggests that the 918 

maximum methane emissions occur during the wet season from October to April, with lower 919 

methane during the dry season (May - Sep), consistent with the dry season minima and elevated 920 

wet-season emissions found in our Paraná Basin estimates. Furthermore, Gloor et al. (2021) 921 

showed that methane emissions from the Pantanal are strongly linked to hydrological 922 

dynamics, with enhanced emissions occurring during the rising water level  (Jan -April). 923 

The seasonal variability of methane emissions in the Orinoco Basin is not yet well understood. 924 

However, the recent study by Amaral et al. (2026) shows that methane seasonality in this region 925 

is strongly linked to inundation patterns, with maximum emissions occurring during the wet 926 

season and peaking in July. This seasonal pattern is highly consistent with our results, which 927 

also reveal a strong  seasonal cycle in methane emission from the Orinoco (Fig 4a). The 928 

seasonal cycle remains consistent across all sensitivity experiments using CarboScope (Fig 929 

A5), demonstrating that the seasonal pattern is not sensitive to variations in the inversion 930 

configuration. Amaral et al. (2026) further suggest that expanding rice cultivation could modify 931 

regional methane seasonality, highlighting that current inventories may not fully capture 932 

ongoing changes in seasonal emission patterns. 933 

https://doi.org/10.5194/egusphere-2026-5245
Preprint. Discussion started: 28 September 2026
c© Author(s) 2026. CC BY 4.0 License.



 

41 

4.3 Methane flux uncertainty and the role of observational constraints  934 

The sensitivity experiments show that, for the Amazon basin, only the experiment removing 935 

regional Amazon observations (ST-ALL) produces changes that exceed the posterior uncertainty, 936 

whereas all other sensitivity experiments, including changes in wetland priors, atmospheric 937 

chemistry, vertical profile representation, and MDM uncertainty, remain within the posterior 938 

uncertainty range. This indicates that these modelling choices have only a minor influence on 939 

the posterior methane budget from the basin, while the density of regional atmospheric 940 

observations provides the dominant constraint on the posterior emissions. Although the 941 

posterior Amazon methane budget is relatively insensitive to the choice of wetland prior, this 942 

should not be interpreted as evidence that current wetland models are well constrained. As 943 

discussed in Section 4.1, the inversion substantially adjusts wetland emissions relative to their 944 

prior estimates, highlighting the large uncertainties associated with existing wetland emission 945 

models. These uncertainties come from difficulties in representing wetland extent, inundation 946 

dynamics, and methane biogeochemical processes in the Amazon (Fleischmann et al., 2022). 947 

A different behaviour is found in the Orinoco basin, where posterior methane emissions remain 948 

strongly dependent on the assumed wetland prior. Here, uncertainty associated with wetland 949 

extent and prior methane emissions leads to substantially larger differences among posterior 950 

estimates than changes in atmospheric chemistry or inversion configuration. Although the 951 

global atmospheric observation network provides sufficient large-scale information to 952 

reproduce the overall seasonal cycle, it does not fully constrain the regional emission 953 

magnitude, leaving the inversion partly prior-driven. In contrast, the Paraná basin shows little 954 

sensitivity to any of the tested configurations, with all experiments remaining within the 955 

posterior uncertainty. This suggests that, for Paraná, the current inversion configuration 956 

provides relatively stable methane budgets despite differences in model assumptions. Together, 957 

these results highlight that the uncertainty in methane emissions outside the Amazon is 958 

primarily controlled by limited regional observational constraints and the quality of prior 959 

emissions, emphasizing the need to expand local atmospheric monitoring networks and 960 

improve wetland emission inventories. 961 

4.4 Influence of Amazon observations on neighbouring basins 962 
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Although Amazon observations are located outside the Orinoco and Paraná basins, they still 963 

provide an important regional constraint. Removing the Amazon stations increases uncertainty 964 

in the Orinoco basin and produces unrealistic seasonal behaviour, including negative dry 965 

season methane fluxes, demonstrating that these observations improve the physical consistency 966 

of the inversion. However, they cannot fully compensate for the absence of local observations, 967 

as the Orinoco methane budget remains strongly dependent on prior emissions. In contrast, the 968 

Paraná basin shows only a weak response to the removal of Amazon observations, indicating 969 

a limited influence of the Amazon network on its posterior methane budget. These results 970 

demonstrate that regional observations can improve methane flux estimates beyond the basin 971 

in which they are assimilated, but they cannot replace local observational constraints. 972 

Expanding atmospheric monitoring into data-sparse regions, particularly the Orinoco basin, 973 

together with improved prior wetland emission estimates, will therefore be essential for 974 

reducing uncertainties in regional methane budgets. Future integration of satellite methane 975 

retrievals could further strengthen the spatial constraints provided by the CarboScope 976 

inversion. 977 

5 Conclusions 978 

We integrate observations from both Amazon aircraft-based stations and the Amazon Tall 979 

Tower Observatory (ATTO) into a global inversion system. This study represents the first 980 

comprehensive assessment of methane fluxes across the Amazon, Orinoco, and Paraná basins 981 

using a top-down inversion, which helps to improve our understanding of how regional 982 

observational networks influence methane budget estimates across South America. 983 

The inclusion of regional observations significantly reduces Amazon basin emissions to 28.60 984 

± 5.15 Tg CH₄ yr-1, corresponding to ~5% of the global methane budget (Saunois et al., 2025). 985 

Further methane emissions are estimated to be 4.44 ± 0.88 Tg CH₄ yr-1 for the Orinoco basin 986 

and 30.10 ± 3.95 Tg CH₄ yr-1 for the Paraná basin. The seasonal cycle of total methane 987 

emissions in the Amazon basin shows a single peak driven by combined wetland, fire, and 988 

other sources (termites, herbivores (wild ruminants), and geological emissions). In contrast, 989 

wetland emissions alone exhibit a bimodal structure, with peaks during the wet season and 990 

again in June. The Amazon basin dominates the interannual variability of methane fluxes across 991 
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South America in inversion based estimates. Leave-one-out (LOO) experiments show that no 992 

single observation site dominates methane flux estimates in the Amazon basin, but the full 993 

regional observational network provides strong constraints. ATTO alone plays an important 994 

role in constraining methane emissions as well as seasonal cycles, but accurate flux estimates 995 

require a dense and well distributed measurement network. The Amazon basin is strongly 996 

constrained by regional observations, whereas the Orinoco basin is more sensitive to prior 997 

assumptions, and the Paraná basin shows a weak sensitivity to Amazonian observations.  998 

Overall, this study highlights the critical importance of regional in-situ observation networks 999 

for improving methane budget estimates across South American basins. While the global 1000 

observational network provides some constraint, expanding local measurements, particularly 1001 

in under-constrained regions such as the Orinoco and Paraná basins, is essential for reducing 1002 

uncertainties and achieving more reliable methane flux estimates. Future work should focus on 1003 

enhancing observational coverage, and integrating additional observational platforms like 1004 

satellite measurements while ensuring the long-term maintenance of existing in situ 1005 

observational networks, to further refine methane flux estimates across South America. 1006 

  1007 
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 1008 

Appendix A 1009 

Table A1.Model-data-mismatch uncertainty (MDM) for different station classes  in the  1010 

CarboScope inversion system for the REF case. All station classes are assimilated in the 1011 

inversion; however, the sensitivity analysis presented in this study focuses on the Continental 1012 

tall tower and Aircraft station classes. 1013 

Description Model data mismatch 

σmod = 35 ppb 

Remote (oceanic, e.g., islands, Antarctica) σmod 

Ocean ship-board σmod 

At/near shore (ocean-continent boundary)                                 σmod*1.5 

Continental site (surface)                                 σmod *3 

Continental mountain site                                 σmod*1.5 

Continental tall tower*                                σmod *3 

Shore with diurnal sea-breeze σmod 

Mountain with diurnal upslope winds σmod 

Remote with diurnal upslope winds σmod 

Urban polluted site                                σmod * 5 

Aircraft* σmod 

(An asterisk (*) in the Description column indicates the Continental tall tower and Aircraft 1014 
station classes investigated in the MDM sensitivity experiments of this study.) 1015 
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1016 
Figure A1. Fractional basin masks used for methane flux integration in the four inversion systems: (a) 1017 
CarboScope, (b) CarbonTracker , (c) TOMCAT and (d) CAMS . Colors represent the fraction of each model grid 1018 
cell contained within the Amazon, Orinoco, and Paraná river basins (0–1). The black polygons show the original 1019 
river basin boundaries derived from the HydroBASINS dataset (Lehner and Grill, 2013), which were used to 1020 
generate the fractional masks for each model grid. 1021 
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1022 
Figure A2. Mean prior and posterior methane emissions from different source categories (Wetlands, 1023 
Anthropogenic, Fire, Other, and Total) for the Orinoco, Amazon, and Paraná river basins. Results are shown 1024 
following experiments (STWET): a) REF,  b) STWET1,  c) STWET2,  d) ST-ALL , e)STonly_ATTO.     The errorbar in the 1025 
figure shows the IAV. 1026 
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 1027 

Figure A3. Posterior uncertainty reduction in three South American river basins: (a) Orinoco, (b) Amazon, and 1028 
(c) Paraná. Results are shown for two inversion configurations: with and without the inclusion of in-situ 1029 
observations in the Amazon basin. 1030 

 1031 

 1032 

Figure A4.  (a) Prior and posterior uncertainty from the inversion system in terms of percentage. b)Variability 1033 
(%) or relative spread in posterior methane fluxes across sensitivity experiments from the three South American 1034 
river basins.  1035 
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 1036 

1037 

1038 

1039 
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1040 

 1041 

 1042 

Figure A5. Seasonal cycle of posterior methane fluxes for each emission category across the Amazon, Orinoco, 1043 
and Paraná basins, as derived from all CarboScope sensitivity experiments a)REF , b)ST-RBA , c) ST-ALL, d) 1044 
STonly_ATTO, e) STVPR1, f)STVPR2,  g)STDS. 1045 

 1046 
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 1047 

Figure A6. Time series of prior and posterior methane emission anomalies from 2010 to 2019 for the study basins 1048 
without the regional constraints in the inversion system (ST-ALL). 1049 

 1050 

 1051 
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 1052 

Figure A7. Mean Annual total CH₄ fluxes  from CarboScope over South America (SA) basins. (a) Orinoco, (b) 1053 
Amazon, and (c) Paraná basins. Results are shown for leave-one-out (LOO) experiments (dashed colored lines), 1054 
in which individual stations are excluded from the inversion (a “–” indicates the station excluded in a given 1055 
experiment), and for an inversion using only ATTO observations (dashed yellow line). These are compared with 1056 
the REF inversion including all stations (“All”, solid black line), where the shaded envelope represents the 1057 
interannual variability (IAV) for each month across all years, and the prior flux estimate (red dashed line). 1058 

 1059 

 1060 
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Appendix B. Description of different atmospheric inversion system 1061 

B1 CAMS-CH₄ Inversions 1062 

The Copernicus Atmosphere Monitoring Service (CAMS) provides global, inversion-1063 

optimized methane flux estimates using atmospheric observations and a variational data 1064 

assimilation framework version v2022r2. The CAMS CH₄ flux inversions are implemented 1065 

using the TM5-4DVAR system (Bergamaschi et al., 2013; Copernicus Atmosphere Monitoring 1066 

Service, 2020; Segers and Nanni 2023) and are available in two versions based on the type of 1067 

observational data assimilated. 1068 

CAMS (surface) assimilates in-situ observations only. These consist of dry-air mole fraction 1069 

measurements from the NOAA global surface observation network, which provides long-term, 1070 

high-precision methane measurements from monitoring stations worldwide. 1071 

CAMS (satellite + surface), incorporates satellite observations in addition to in-situ 1072 

measurements for flux optimization. In this version, total column methane retrievals from the 1073 

Greenhouse Gases Observing Satellite (GOSAT) are assimilated together with surface 1074 

observations, allowing for enhanced spatial coverage, particularly over regions with sparse in-1075 

situ measurements. 1076 

Both CAMS inversion versions use the same prior flux inventories and atmospheric transport 1077 

model. Details of the prior flux components and the atmospheric transport model are 1078 

summarized in Table 3. To represent uncertainties in the prior emissions, source-specific 1079 

uncertainty values are prescribed: wetlands, rice cultivation, and biomass burning are assigned 1080 

uncertainties of 100%, while other anthropogenic sources are assigned an uncertainty of 50%. 1081 

Spatial error correlations are imposed with a length scale of 500 km. No temporal correlation 1082 

is applied to wetlands, rice, and biomass burning emissions in order to allow for strong seasonal 1083 

variability, whereas anthropogenic emissions are assigned an exponential temporal correlation 1084 

with a decay timescale of 9.5 months. 1085 
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Further details on the CAMS methane inversion framework can be found in Segers and Nanni. 1086 

(2023). 1087 

B2 CarbonTracker-CH4 -2023 (CT-CH4-2023) 1088 

CarbonTracker provides global methane flux estimates from microbial, pyrogenic, and fossil  1089 

sources. The microbial category includes both natural emissions (e.g., wetlands, termites, and 1090 

other aquatic sources) and anthropogenic sources (e.g., waste, rice cultivation, and ruminants). 1091 

It is implemented with the TM5-4DVAR framework. The inversion uses both observed 1092 

atmospheric methane concentrations and stable carbon isotopic ratios (δ¹³C-CH₄). 1093 

CarbonTracker assimilates observed atmospheric methane concentration from the Amazon 1094 

basin.  1095 

For methane mole fraction measurements, CarbonTracker assimilates data from NOAA Global 1096 

Monitoring Laboratory (GML) GLOBALVIEWplus (GV+) products, which are constructed 1097 

using the Observation Package (ObsPack) framework (citation needed). Isotopic (δ¹³C–CH₄) 1098 

measurements are compiled from the Institute for Arctic and Alpine Research (INSTAAR) and 1099 

additional isotope laboratories, as described in Oh et al.  (2023). 1100 

Details of the prior emissions and atmospheric transport model are summarized in Table 3. The 1101 

prior emission uncertainties are set to 120% for microbial sources, 150% for fossil sources, and 1102 

100% for pyrogenic sources. Off-diagonal spatial error correlation lengths are 500 km for 1103 

microbial emissions, 700 km for fossil emissions, and 300 km for pyrogenic emissions. The 1104 

corresponding off-diagonal temporal correlation lengths are 2 months for microbial sources, 6 1105 

months for fossil sources, and 1 month for pyrogenic sources. For more details please refer to 1106 

Oh et al.  (2023). 1107 

B3 TOMCAT  1108 

TOMCAT is a 3D global atmospheric chemistry and transport model (Chipperfield, 2006). In 1109 

the study by Wilson et al. (2021), TOMCAT was combined with the INVICAT inversion 1110 
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framework to produce posterior CH₄ fluxes. It optimizes posterior fluxes in two categories: 1111 

“Fossil” and  “Agriculture and Natural”.  It assimilated column-averaged dry-air mole fraction 1112 

methane retrievals (XCH4) v7.2 from the University of Leicester GOSAT (Greenhouse Gases 1113 

Observing Satellite) product (Parker et al., 2020)  and flask observation from global long-term 1114 

surface data of methane provided by NOAA GML. This surface flask dataset includes 56 1115 

background monitoring sites where air samples are collected weekly to biweekly.  1116 

Remaining details about the prior emissions are provided in Table 3. Prior emission uncertainty 1117 

is set at 250% for all categories. The spatial correlation length is 500 km for all categories and 1118 

no temporal correlation is applied to natural, agricultural, and biomass burning emissions in 1119 

order to allow for strong seasonal variability, whereas anthropogenic emissions are assigned 1120 

an exponential temporal correlation with a decay timescale of 9.5 months. For more detail 1121 

about the inversion setup please refer to Chipperfield (2006) and Wilson et al. (2021). 1122 

Appendix C. Detailed evaluation of the inversion systems 1123 

This appendix presents a detailed evaluation of the inversion systems against the independent 1124 

aircraft (MAN and PAN), tower (ATTO), and FTIR (Porto Velho) observations. The 1125 

corresponding Taylor diagrams are shown in Fig. C1 1126 

 1127 
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1128 

 1129 

     1130 

 1131 

Figure C1. Taylor diagrams evaluating the performance of the methane inversion systems against independent 1132 
atmospheric observations. Panels (a) and (b) show comparisons with aircraft measurements over Manaus and 1133 
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Pantanal, respectively, separated into the boundary layer (<2 km) and free troposphere (>2 km). Panel (c) shows 1134 
the comparison with continuous methane observations at the ATTO tower. The posterior CarboScope (REF), 1135 
CarbonTracker, TOMCAT, and CAMS inversion systems are compared.  1136 

For the MAN aircraft observations, the CarboScope posterior reproduces the surface methane 1137 

concentrations (<2 km) with an almost negligible mean bias (-0.63 ppb), the lowest RMSE 1138 

(16.5 ppb), and a model standard deviation (14.5 ppb) that is close to the observed variability 1139 

(17.0 ppb). This represents a clear improvement over the CarboScope prior, which strongly 1140 

underestimates methane concentrations (mean bias = −88.6 ppb), overestimates their variability 1141 

(49.8 ppb), and shows almost no correlation with the observations (r = 0.08). Although 1142 

TOMCAT exhibits the highest correlation (r = 0.55), it substantially overestimates both 1143 

methane concentrations (mean bias = 44.8 ppb) and atmospheric variability (32.5 ppb 1144 

compared to an observed standard deviation of 17.0 ppb), resulting in the largest RMSE (52.4 1145 

ppb). CAMS and CarbonTracker reproduce the magnitude of the observed variability 1146 

reasonably well, with standard deviations of 16.0 and 17.1 ppb, respectively, but both 1147 

underestimates mean methane concentrations. CarbonTracker shows a higher correlation than 1148 

CAMS (r = 0.26 compared with 0.12), although both have similar RMSE values of ~ 25 ppb. 1149 

In the free troposphere (>2 km), the CarboScope posterior again provides the best overall 1150 

agreement, combining an almost negligible mean bias (0.96 ppb) with the lowest RMSE (14.1 1151 

ppb), although it underestimates the observed variability (9.9 compared with 14.5 ppb). In 1152 

contrast, the CarboScope prior has a large negative mean bias (−105.1 ppb) and a weak 1153 

correlation (r = 0.19), demonstrating the strong improvement achieved by the inversion. 1154 

TOMCAT again shows the highest correlation (r =  0.61), but continues to overestimate both 1155 

methane concentrations and variability. CAMS and CarbonTracker show similar performance, 1156 

with moderate correlations (r = 0.45 and 0.46, respectively) and negative mean biases of 1157 

approximately −12 ppb. Both underestimate the observed variability, with model standard 1158 

deviations of 7.0 ppb for CAMS and 9.4 ppb for CarbonTracker, and RMSE values of 17.4 and 1159 

18.0 ppb, respectively. 1160 

The PAN aircraft observations show a similar overall behaviour. In the near surface (< 2km), 1161 

the CarboScope prior exhibits the highest correlation (r = 0.53) but considerably underestimates 1162 

CH₄, with a mean bias of −113.0 ppb and the highest RMSE (148.0 ppb). The CarboScope 1163 

posterior improves the agreement, reducing the bias to +27.2 ppb and the RMSE to 105.7 ppb, 1164 
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while maintaining a moderate correlation (r = 0.50) and reproducing the observed variability 1165 

more closely (86.0 ppb compared with 112.8 ppb observed). TOMCAT has the smallest 1166 

absolute mean bias (-5.3 ppb), it substantially underestimates the observed variability (55.1 1167 

ppb), resulting in an RMSE comparable to that of CarboScope. CAMS performs least well, 1168 

exhibiting both the largest negative mean bias (-52.2 ppb) and the smallest variability (29.5 1169 

ppb), indicating a pronounced underestimation of the observed atmospheric variability.  1170 

Above 2 km, the CarboScope posterior again provides the best overall agreement with the 1171 

observations, combining the highest correlation (r = 0.61), an almost negligible mean bias (1.25 1172 

ppb), Although the CarboScope prior reproduces the observed variability and temporal pattern 1173 

reasonably well (r=0.56), it has a large negative bias (−103.2 ppb), resulting in a high RMSE 1174 

(105.4 ppb). TOMCAT considerably overestimates both methane concentrations and 1175 

variability, whereas CAMS maintains moderate negative biases while reproducing the 1176 

observed variability more realistically than TOMCAT. 1177 

The evaluation against the ATTO tower observations indicates that reproducing near-surface 1178 

methane variability at this site remains challenging for all inversion systems. All models exhibit 1179 

very weak correlations (r < 0.2), indicating that none adequately reproduces the observed 1180 

temporal variability. Although the CarboScope prior has a relatively small mean bias (+12.6 1181 

ppb), it shows a weak negative correlation (r= −0.07), excessive variability, and a high RMSE 1182 

(90.6 ppb). The CarboScope posterior reduces the RMSE to 59.9 ppb and brings the variability 1183 

closer to the observations, but increases the positive bias to 42.1 ppb. CarbonTracker exhibits 1184 

the smallest mean bias (4.3 ppb) and the lowest RMSE (40.9 ppb), although its correlation 1185 

remains similarly weak (r = 0.16). TOMCAT performs the poorest, showing both the largest 1186 

positive bias (94.6 ppb) and the highest RMSE (103.2 ppb), whereas CAMS exhibits only a 1187 

small positive bias (6.7 ppb) but considerably overestimates the observed variability. 1188 

The PV evaluation compares the model and observed total column methane mole fractions 1189 

(xCH4). xCH₄ was calculated as the ratio of the retrieved total CH₄ column to the total dry-air 1190 

column (or an equivalent dry-air proxy), resulting in the column-averaged dry-air mole fraction 1191 

of methane (Flood et al., 2024). All posterior inversion systems exhibit negative mean biases, 1192 

indicating a systematic underestimation of the observed methane column at this site. Among 1193 

the posterior inversions, TOMCAT shows the smallest mean bias (−11.7 ppb), whereas 1194 
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CarbonTracker exhibits the highest correlation with the observations (r = 0.76), closely 1195 

followed by the CarboScope posterior (r = 0.71). Although CarbonTracker has the highest 1196 

correlation, its mean bias (−23.5 ppb) is larger than that of both TOMCAT and the CarboScope 1197 

posterior (−17.2 ppb). The CarboScope posterior also reduces the mean bias substantially 1198 

compared with the prior simulation (from −113.98 ppb to −17.16 ppb), indicating a 1199 

considerable improvement in the simulated methane column following the inversion. The 1200 

systematic negative bias observed across all posterior inversion systems at PV sites. The Taylor 1201 

diagram further indicates that the CarboScope posterior reproduces the observed variability 1202 

better than the prior simulation, although its standard deviation (~10 ppb) remains considerably 1203 

lower than the observed standard deviation (~18.5 ppb). Similar underestimation of variability 1204 

is found for the other posterior inversion systems, suggesting that they capture the temporal 1205 

evolution of methane but damp the magnitude of the observed fluctuations. 1206 

Code and data availability.  1207 

The posterior methane fluxes from the REF, STWET, and STWET2 inversion experiments  1208 

and Fractional basin mask used for the CarboScope are available from the Edmond Research 1209 

Data Repository at,  1210 

https://edmond.mpg.de/dataset.xhtml?persistentId=doi:10.17617/3.YH7RYS             1211 

The atmospheric CH₄ observations used in the inversions are available from several public 1212 

repositories. The NOAA GML ObsPack v6.0 dataset is available at 1213 

https://doi.org/10.25925/20231001. Data from the ICOS Carbon Portal are available at 1214 

https://doi.org/10.18160/KDMT-V6CG (ICOS RI et al., 2024), and observations from the 1215 

World Data Centre for Greenhouse Gases (WDCGG) are available at 1216 

https://doi.org/10.50849/WDCGG_CH4_ALL_2023. 1217 

The Amazon aircraft vertical-profile measurements are available from PANGAEA at 1218 

https://doi.org/10.1594/PANGAEA.926834 (Gatti et al., 2021). The ATTO CH₄ measurements 1219 

used in this study can be requested through the ATTO Data Portal (https://www.attodata.org/). 1220 

CH₄ measurements from the Pantanal aircraft campaign are available from the CEDA archive 1221 

at http://catalogue.ceda.ac.uk/uuid/d309a5ab60b04b6c82eca6d006350ae6, and the Manaus 1222 
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aircraft CH₄ measurements are available at http://dx.doi.org/10.25925/20230922. The FTIR 1223 

observations used for independent evaluation are available upon request from the respective 1224 

data provider. 1225 

The river-basin masks used in this study were obtained from the HydroBASINS dataset and 1226 

are available at https://www.hydrosheds.org/products/hydrobasins 1227 
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