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Key points 17 

1. We refine bottom-up models with top-down estimates, adding new constraints on latitudinal 18 

distributions of CH4 and its climate sensitivity.  19 

2. We find ~25% less global emissions from best-fit models while the relative contribution of 20 

tropical emissions to the total is ~10% higher. 21 

3. Hydrological controls on tropical emissions dominate wetland CH4 emission contributions to 22 

the atmospheric CH4 budget. 23 

 24 

Plain language summary:   25 

Wetland methane (CH4) emissions represent about 30% of the global CH4 budget and remain its 26 

most uncertain component. We present an approach to test and update bottom-up wetland models 27 

that comprehensively account for uncertainties in satellite-based CH4 flux estimates. Our results 28 

place new constraints on the latitudinal distribution of wetland emissions. Overall, our results 29 

indicate that hydrological controls on tropical wetland emissions are the dominant regulator of 30 

global wetland emission contributions to the atmospheric CH4 budget.  31 

  32 
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Abstract 33 

Wetland methane (CH4) emissions comprise about one-third of the global CH4 budget. The 34 

latitudinal distribution and climate sensitivity of wetland CH4 fluxes are the key determinants of 35 

the global CH4-climate feedback. However, large differences exist between bottom-up estimates, 36 

informed by ground flux measurements, and top-down estimates inversed from atmospheric CH4 37 

concentration. Despite the extensive coverage of satellite CH4 concentration observations, 38 

challenges remain with using top-down estimates to test and refine bottom-up models, mainly 39 

because of variable a priori emissions and corresponding variable spatial resolution. Here, we 40 

use satellite-based top-down estimates (2010-2012) to test and refine a range of bottom-up 41 

wetland models that use different wetland extents and process controls. Our comparison between 42 

bottom-up models and satellite-based fluxes explicitly accounts for cross-correlations and 43 

uncertainties typically found in top-down inverse problems, such that only the information from 44 

satellite observations is kept as a constraint. We present a satellite-constrained wetland CH4 45 

ensemble product derived from assembling the highest-performance bottom-up models, which 46 

estimates a global wetland CH4 emission of 148 (117-189, 5th-95th percentile) Tg CH4 yr
-1

, with 47 

72% (63-85%) from the tropics. Our study place new constraints on the latitudinal distribution of 48 

wetland emissions and their climate sensitivity. We find tropical wetland emissions primarily 49 

covary with water availability while non-tropical CH4 emissions primarily covary with 50 

temperature and carbon availability. Overall, our results indicate that hydrological controls on 51 

tropical wetland emissions are the dominant regulator of global wetland emission contributions 52 

to the atmospheric CH4 budget.  53 

 54 
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1 Introduction 57 

Methane (CH4) has 28 times the global warming potential of CO2 over a 100-year scale (Myhre 58 

et al., 2013). Atmospheric methane concentrations have increased by more than 150% since the 59 

pre-industrial age, and are directly responsible for approximately one-quarter of the 60 

anthropogenic radiative forcing (IPCC, 2013; Kirschke et al., 2013). Wetland CH4 emissions 61 

represent about 30% of the total methane emission and remain the most uncertain component of 62 

the atmospheric budget (Saunois et al., 2020). The global wetland methane budget differ 63 

substantially within and between top-down and bottom-up approaches. For example, bottom-up 64 

modeling estimates between 117-203 Tg CH4 yr
-1

 and top-down atmospheric inversions estimate 65 

111-167 Tg CH4 yr
-1

 from wetlands (Tian et al., 2016). The largest uncertainties in bottom-up 66 

modeling approaches stem from wetland inundation extent, biogeochemical process controls, and 67 

future climate feedback (Bloom et al., 2017; Melton et al., 2013; Pandey et al., 2020; Poulter et 68 

al., 2017; Zhang et al., 2018). For top-down inversions, the uncertainties are due to sampling, 69 

model errors related to atmospheric transport, and bottom-up information in the distribution of 70 

emissions (J. D. Maasakkers et al., 2019; Turner et al., 2019). Reconciling bottom-up and top-71 

down emission estimates is the key for understanding the spatiotemporal distribution of wetland 72 

CH4 fluxes and the global CH4-climate feedback in the Anthropocene. 73 

Top-down models bring in information from space-borne observations and diagnose 74 

global scale spatial-temporal variability in wetland CH4 emissions (Lu et al., 2020; Maasakkers 75 

et al., 2020; Zhang et al., 2020). Attempts have been made to evaluate the performance of 76 

bottom-up models with inversed fluxes (Hayman et al., 2014; Spahni et al., 2011). However, top-77 
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down inversion results can be difficult to compare directly to bottom-up models because the top-78 

down estimates have a coarser spatial resolution and do not explicitly estimate process-level 79 

emission controls (e.g., soil C decomposition and water table). Atmospheric inverse solutions at 80 

specific locations are often correlated spatially with solutions in other regions, due to limitations 81 

in the observing system. Much of the interpretation of emissions processes then depends upon 82 

the a priori, or prior estimate that helps constrain the solution.  83 

Here, we evaluate the skill of a range of bottom-up biogeochemical wetland CH4 models 84 

that incorporate different biogeochemical structures, wetland extent, and parametrizations by 85 

comparing them to satellite-based atmospheric inversion estimates of wetland CH4 emissions. 86 

Our study does not produce top-down or bottom-up estimates, but makes the two comparable by 87 

developing a Bayesian methodology to accurately account for the error characteristics of the 88 

inversion estimate, namely the limited spatial resolution, cross-correlations, and uncertainties in 89 

top-down atmospheric inversions estimates (section 2.3). We then compare common process-90 

level drivers among models to assess which climatic drivers best explain the spatial and temporal 91 

variability of wetland CH4 emissions (section 2.4). The Bayesian evaluation of bottom-up 92 

models with top-down inversions allows us to reduce the large uncertainty on estimates of the 93 

distribution and climate sensitivity of wetland CH4 emissions by geographic region, and 94 

showcases the importance of fusing independent datasets for constraining complex systems. We 95 

summarize ingredients used in this methodology and steps for testing and updating wetland 96 

biogeochemistry models with top-down measurements in Figure 1. 97 

Figure 1. The workflow of constraining biogeochemical models with top-down inversion 98 
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 99 

2 Data and methods 100 

2.1 Inverse analysis of GOSAT observations 101 

Atmospheric CH4 inverse problems estimate emission fluxes on a geospatial grid using observed 102 

concentrations of CH4. The TANSO-FTS instrument onboard the Greenhouse Gases Observing 103 

Satellite (GOSAT; Kuze et al., 2009) provides global column-averaged dry mixing ratios of CH4 104 

(XCH4; Parker et al., 2020). These observations are related to emissions through an atmospheric 105 

transport and chemistry model. The posterior wetland CH4 emission in our analysis is from a 106 

global flux inversion using GEOS-Chem version 11.02 (Zhang et al., 2020). Bayesian inverse 107 

solutions are typically constrained by a priori information, and in Zhang et al. (2020) the 108 

WetCHARTs (global wetland CH4 emission model ensemble for use in atmospheric chemical 109 

transport models) v1.0 Extended Ensemble (2010-2018) is used as the prior estimate for 14 110 

subcontinental wetland regions (Bloom et al. 2017). More details on the atmospheric inversion 111 

can be found in Zhang et al. (2020).  112 

The Zhang et al. (2020) global flux inversion analytically solves the inverse problem assuming 113 

Gaussian errors with the Bayesian optimal estimation (OE) approach (Maasakkers et al. 2019; 114 
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Zhang et al. 2020). A feature of this inversion approach is that it provides an averaging kernel 115 

matrix (A) and a posterior error covariance matrix (�̂�) for the posterior estimates (�̂�). These 116 

inversion diagnostics allow for an explicit representation of the impact of a priori (namely 117 

spatial uncertainties and cross-correlations) for the inversion-based estimate of wetland CH4 118 

emissions (Rodgers, 2000).  In the Appendix, we demonstrate in more detail why we need to 119 

account for uncertainties and cross-correlations before using inversion results to constrain land 120 

models (Equations A1-A3), and show how elements in A relate to uncertainties and cross-121 

correlations of regional CH4 emission (Figure A1). In Section 2.3 we introduce the approach to 122 

account for a priori and spatial resolution with diagnostic quantities from the Bayesian inversion. 123 

2.2 Biogeochemical bottom-up models  124 

We compared 42 global wetland biogeochemical models with the satellite-based inversion 125 

product. These models represent the state-of-the-science ability to simulate large-scale wetland 126 

CH4 emissions, which cover different biogeochemical structures, wetland extent, and 127 

parametrizations, including 18 members from WetCHARTs v1.3.1 Extended Ensembles (2001-128 

2019; Bloom et al., 2017), 11 members from Global Carbon Project version 1 (GCPv1, 2000-129 

2012; Poulter et al., 2017; Saunois et al., 2016), and 13 members from GCPv2 (2000-2017; 130 

Saunois et al., 2020). Both GCP versions are chosen because they are driven by different wetland 131 

area and dynamic datasets that lead to different spatiotemporal distributions of global CH4 132 

emission. We use only the 2010-2012 data for comparison because GCPv1 simulations end in 133 

2012. To examine the effect of using only a three-year overlap period in scoring model 134 

performance, a longer period ranking (2010-2017) is done with WetCHARTs and GCPv2. We 135 

discuss the effect of year-difference on evaluating model performance in section 3.1. 136 
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WetCHARTs is a process-informed wetland CH4 emission dataset for atmospheric 137 

chemistry and transport modeling, representing a probability distribution of biogeochemical 138 

process control uncertainties (Bloom et al., 2017). The WetCHARTs Extended Ensemble (EE) 139 

was derived by combining a range of CH4:C temperature sensitivities (Q10), three global scalars, 140 

and two dynamic wetland extent maps. Q10 is the temperature dependence of the ratio of C 141 

respired as CH4 (equals the change of respiration rate in a 10ºC increase). Global scalars were 142 

used to calibrate models with three assumed global CH4 emission rates (low = 124.5 Tg CH4 yr
-1

, 143 

medium = 166 Tg CH4 yr
-1

, high = 207.5 Tg CH4 yr
-1

). Two wetland extent inventories were 144 

used to represent wetland extent fraction, including GLOBCOVER (Bontemps et al., 2011) and 145 

Global Lakes and Wetlands Database (GLWD, Lehner & Döll, 2004). Monthly ERA5 146 

precipitation is used to represent the seasonal variation in hydrology. Hereafter, we use 147 

WC_GLOBCOVER_PREC and WC_GLWD_PREC to refer to the two wetland extent datasets.  148 

GCP models are the land component of Earth System Models (ESMs), their methane 149 

modules represent various formulations of model structure, parameterization, and initialization 150 

(Poulter et al., 2017; Saunois et al., 2020). The models were simulated following a common 151 

protocol for model spin-up and transient runs, using standardized climate and atmospheric CO2. 152 

Wetland inventories are used to set the long-term annual mean wetland area, and seasonal cycles 153 

are added from fractional surface water using data from the Surface Water Microwave Product 154 

Series (SWAMPS). GCPv1 uses GLWD (Global Lakes and Wetlands Dataset; Lehner & Döll, 155 

2004) coupled with SWAMPSv2 (Schroeder et al., 2015), for clarity in this paper we refer it as 156 

GCPv1_GLWD_SWAMP. GCPv2 uses various regional inventory datasets (Gumbricht et al., 157 

2017; Hugelius et al., 2014; Widhalm et al., 2015) coupled with SWAMPS v3.2 (Jensen & 158 

Mcdonald, 2019), hereafter GCPv2_Mix_SWAMP.  159 
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One of the improvements in GCPv2 is decreased high-latitude emissions due to decreased 160 

wetland area after correction for double counting. We use our approach here to see if the GCPv2 161 

model simulations agree better with satellite-observations than GCPv1. Agricultural emissions 162 

(rice) are excluded in both WetCHARTs and GCP simulations. WetCHARTs implicitly includes 163 

emission from non-wetland freshwater bodies. GCPv1 and v2 exclude non-wetland freshwater 164 

based on satellite observations. We discuss the different ways of treating non-wetland freshwater 165 

and its potential impact on our analysis in section 3.5. More details on model simulations and 166 

wetland extent can be found in Bloom et al., (2017), Poulter et al., (2017), and Saunois et al., 167 

(2020). 168 

2.3 Accounting for a priori and spatial resolution 169 

Comparison between a gridded inverse solution and an independent wetland model is 170 

complicated by the factor that the inverse solution contains this cross-correlated information with 171 

other regions (Worden et al., 2004), as discussed in Section 2.1 and the Appendix. Therefore, for 172 

an appropriate comparison between model and estimate, a wetland model needs to be projected 173 

through an observation operator first (Rodgers, 2000). This takes the form of the following: 174 

�̂�𝒎𝒐𝒅𝒆𝒍 = 𝒙𝒂 + 𝐀(𝒙𝒎𝒐𝒅𝒆𝒍 − 𝒙𝒂),       (1) 175 

where 𝒙𝒎𝒐𝒅𝒆𝒍 is estimated CH4 emission from the biogeochemical model of interest, and xa is a 176 

priori (prior estimate used in inversion). A is averaging kernel matrix, the diagonal terms in A 177 

describe the sensitivity of inversion results to the variability of the “true” emission, and the 178 

cross-terms describe the sensitivity of the wetland estimate to emissions from other regions. This 179 

approach allows us to remove the impact of the a priori on the comparison between the inverse 180 

estimate of the fluxes and the wetland models. Figure S1 shows the difference before and after 181 

the projection of the model through Equation 1. The inversion-model mismatch is enlarged 182 
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during the information-rich period and reduced for the poor signal period. We therefore compare 183 

these projected model emissions (�̂�𝒎𝒐𝒅𝒆𝒍) to posterior fluxes (�̂�) to rank bottom-up wetland 184 

models. 185 

2.4 Evaluating biogeochemistry model performance 186 

We use weighted Root Mean Square Error (wRMSE) to evaluate the biogeochemistry model 187 

performance against the inversion. Specifically, the wRMSE use posterior covariance matrix (Ŝ) 188 

to account for spatial uncertainties and cross-correlation between regions from the inversion:  189 

wRMSE = (
(�̂�−�̂�𝒎𝒐𝒅𝒆𝒍)�̂�−𝟏(�̂�−�̂�𝒎𝒐𝒅𝒆𝒍)T

𝑵
)   (2) 190 

where �̂� is retrieved state vector (posterior estimate from inversion), �̂�𝒎𝒐𝒅𝒆𝒍 is averaging kernel 191 

matrix projected bottom-up model methane estimations (�̂�𝒎𝒐𝒅𝒆𝒍). N is the number of elements in 192 

�̂�. 193 

We then evaluate the biogeochemical models with the wRMSE metric. We group the top 194 

one-third as the ‘Highest-Performance model ensemble (HP)’ and the bottom one-third as the 195 

‘Lowest-Performance models ensemble (LP)’. We use the HP as a satellite-informed wetland 196 

CH4 product to show the spatial and temporal patterns of wetland CH4 emission and its climate 197 

sensitivity. A Pearson’s correlation analysis is conducted to determine the effect of climate 198 

(temperature and precipitation), wetland extent, and carbon (C) availability (represented by 199 

heterotrophic respiration rate in biogeochemical models, data only available for WetCHARTs 200 

simulations) on CH4 emissions. We weight these variables in each grid cell with the amount of 201 

CH4 emissions to represent wetland ecosystems on a regional scale. 202 

3 Results and discussion 203 

3.1 Global, latitudinal, regional CH4 emission and seasonal variation 204 
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Global methane emissions (2010-2012) from Highest-Performance model ensemble (HP) models 205 

are 148 (117-189, median and 5
th

-95
th

 percentiles) Tg CH4 yr
-1

, about 25% lower than the 206 

Lowest-Performance model ensemble (LP) models (201; 160-218 Tg CH4 yr
-1

, Figure 2, Table 207 

1). The global wetland emission from HP agrees better with published estimates using top-down 208 

approaches, eg. 149-159 Tg CH4 yr
-1

 (Ghosh et al., 2015), 111-167 Tg CH4 yr
-1 

(Tian et al., 2016), 209 

whereas LP fits in the range of bottom-up estimates, which are usually higher than the top-down, 210 

eg. 141-264 Tg CH4 yr
-1 

(Melton et al., 2013), 153-227 Tg CH4 yr
-1 

(Saunois et al., 2016), and 211 

160-206 Tg CH4 yr
-1 

(Poulter et al., 2017).    212 

 213 

Figure 2. Wetland CH4 emissions over 2010-2012 from Highest-Performance models ensemble 214 

(HP) (a); Zonal profiles of wetland CH4 emissions over 2010-2012 (b): Median of Lowest-215 

Performance model ensemble (LP, brown dashed line) and 5
th

-95
th 

percentile range (brown area); 216 

Median of HP (green solid line) and 5
th

-95
th 

percentile range (green area). 217 

 The total tropical wetland (south of 23°N) emission is similar between HP and LP 218 

(median=111 and 114 Tg CH4 yr
-1

), but with different spatial distributions. Amazon wetland 219 

emissions account for the largest tropical emission source and the estimated emissions from the 220 
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HP models are 34 (17-42) Tg CH4 yr
-1

, much less than 40 (20-66) Tg CH4 yr
-1

 from LP (Table 221 

S1). LP non-tropical wetland (north of 23°N) emission (64 Tg CH4 yr
-1

) is 1.5 times more than 222 

HP (43 Tg CH4 yr
-1

), where about two-thirds of overestimated CH4 emission is from high-223 

latitude regions and the rest comes from temperate wetlands (Table 1). Particularly, emissions 224 

from Alaska, Boreal North America, and Temperate North America were overestimated by more 225 

than two-fold from the LP model. We found larger seasonal emission amplitude in LP in all cold 226 

regions and two temperate regions in East Asia and North America, which is mainly due to 227 

larger seasonal amplitudes in wetland extent dynamics (Figures S2 S3, Table S1). Because of the 228 

high-latitude overestimation in LP, HP models have a higher contribution from the tropics to the 229 

global budget (72%) than LP models (62%). Our spaceborne (GOSAT) data-constrained HP 230 

models match the annual CH4 emission in the Alaska region (1.66±0.95 Tg CH4 May-Oct, 2012) 231 

as well as month-to-month seasonality with independent estimates from CARVE (aircraft-based 232 

inversion of CH4 emission in Alaska, 1.80±0.45 Tg May-Oct 2012). Although both datasets 233 

have relatively large uncertainties (Figure 3a, Miller et al., 2016), LP estimates 4.2±3.7 Tg CH4 234 

emission during the same period (Figure 3b), much higher than the range of CARVE. 235 

 236 



 13 

Figure 3. Evaluation of the GOSAT-informed HP and LP ensembles against independent 237 

aircraft-based (CARVE) estimates of wetland emissions over the Alaska region. Error bars 238 

represent one standard deviation. HP is the Highest-Performance model ensemble, LP is the 239 

Lowest-Performance model ensemble. The purple line is based on CARVE aircraft data over 240 

Alaska (Miller et al. 2016). 241 

 242 

 243 

Table 1. CH4 emissions (2010-2012) for the globe, non-tropics, tropics, high-latitude, and 244 

temperate regions, and the relative contribution of each region to global emissions. Numbers are 245 

the median and the 5
th

-95
th 

percentile. A priori represents the WetCHARTs members that were 246 

used as prior fluxes in the inversion. 247 

 248 

  We find most GCPv2 simulations perform better than GCPv1 (Table S2). Since 10 out of 249 

11 GCPv1 land-surface models also participated in GCPv2 (13 models), we compared their 250 

performance and find the same land surface models agree better with satellite CH4 observation 251 

when using a Mix_SWAMP extent map rather than GLWD_SWAMP (eg. TRIPLEX-GHG). Of 252 

Highest-performance 

model ensemble (HP)

Lowest-performance 

model ensemble (LP) A priori

CH4 emission (Tg C year-1, 2010-2012 )

Globe 148.1 (116.5-189.0) 201.0 (160.7-217.8) 164.4 (122.6-206.8)

Non-tropics 42.7 (20.0-60.5) 63.5 (24.6-109.1) 37.4 (20.5-73.5)

Tropics 111.0 (71.1-139.3) 113.7 (90.6-172.7) 119.7 (82.8-171.2)

High-latitude 28.5 (12.4-41.4) 44.1 (13.6-79.0) 22.6 (11.7-55.2)

Temperate 12.8 (7.9-25.2) 20.5 (9.2-41.9) 12.4 (7.3-20.9)

Latitudinal contribution to CH4 emission

Non-tropics/globe ratio 28% (15%-37%) 38% (13%-52%) 23% (13%-43%)

Tropics/globe ratio 72% (63%-85%) 62% (48%-87%) 77% (57%-87%)

High-latitude/globe ratio 17% (9%-27%) 26% (7%-36%) 14% (7%-32%)

Temperate/globe ratio 9% (6%-15%) 10% (5%-24%) 9% (6%-11%)
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all the models compared, a majority of low-ranked simulations use a GLWD-based annual extent 253 

map (9 out of 14), and most high-ranked simulations use a non-GLWD-based map (10 out of 14). 254 

In both GCP v1 and GCP v2 simulations, LPX-Bern (Land surface Processes and eXchanges 255 

model of the University of Bern, Spahni et al., 2013) and JULES (the Joint UK Land Earth 256 

Simulator, Hayman et al., 2014) have the best agreement with satellite data. There is no 257 

difference in ranked model performance using 2010-2012 vs 2010-2017 data (Table S3).  258 

3.2 Sensitivity of CH4 to climatic, physical, and biological drivers 259 

We find wetland extent and precipitation have the highest correlation with CH4 emission over 260 

tropical regions in both HP and LP (Figure 4). This finding is in line with previous studies that 261 

find declining wetland area as a dominant control of decreased tropical CH4 emission over 1993-262 

2004 (Papa et al., 2010; Poulter et al., 2017), and that rain-fed pulses of methane from East 263 

Africa in 2018-2019 contribute to the atmospheric growth rate (Lunt et al., 2021). Much lower 264 

correlations between temperature/carbon (C) availability and CH4 emission are found in both HP 265 

(0.31 and 0.13) and LP (0.29 and 0.28) in tropical regions, which implies that temperature and C 266 

availability are not the limiting steps in tropical wetland CH4 emission (C availability is 267 

represented by heterotrophic respiration rate in biogeochemical models, data only available for 268 

WetCHARTs simulations).  269 

In contrast to the tropics, non-tropical wetland CH4 emissions exhibit a higher correlation 270 

with C availability and temperature in all models (Figure 4, 0.93 and 0.90 in HP, 0.91 and 0.88 in 271 

LP), followed by wetland extent and precipitation (0.75 and 0.79 in HP, 0.75 and 0.76 in LP). 272 

Our results indicate C availability and temperature are highly correlated with CH4 emission in 273 

high-latitude and temperate regions, consistent with previous studies that found temperature and 274 
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decomposing substrate supply to be the dominant controls on non-tropical wetland CH4 275 

emissions (Chen et al., 2015; Ma et al., 2017; Schuur et al., 2015; Yvon-Durocher et al., 2014). 276 

 277 

Figure 4. Pearson’s correlation of precipitation, wetland extent, temperature, and carbon 278 

availability with CH4 emission (2010-2012) over 7 tropical regions and 7 non-tropical regions. 279 

Boxes represent median and 25
th

-75
th

 percentile. HP is the Highest-Performance model ensemble, 280 

LP is the Lowest-Performance model ensemble. Due to the lack of data, correlations of CH4 with 281 

C availability are calculated for WetCHARTs models only.  282 

3.3 Implications of the global and regional methane budget 283 

Altogether, we find the zonal profile and seasonal variation of CH4 are the primary factors 284 

driving biogeochemical model performance against the global inverse flux estimates (Figure 2b, 285 

4). Highest-performance models estimate a higher fraction of methane emissions from tropics 286 

(72%) than the process-based modeling results of Melton et al. (2013, 66%), Bloom et al. (2010, 287 

55%), and Poulter et al. (GCPv1, 2017, 48%), and the inverse modeling results of Bousquet et al. 288 
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(63%, 2011), but are comparable to Bloom et al. (WetCHARTs v1 extended ensemble, 2017, 289 

76%), Saunois et al. (74%, GCPv2, 2020), and the GOSAT inversion results used in our study 290 

(73%, Yuzhong et al. 2021). Our results therefore imply a larger role of tropical CH4 emissions 291 

in the global wetland emission budget. Our Bayesian methodology can be used to evaluate the 292 

probability of Earth System Model (ESM) projections based on the zonal profile of wetland 293 

emissions. The high correlation to precipitation and wetland extent in HP models indicates 294 

increasing CH4 emission in response to climate change, as wet areas in the tropics are likely to 295 

get wetter (Chou et al., 2009; Neelin et al., 2003), have increased anoxic soil area, and become 296 

saturated for longer periods. In line with our findings, shifting precipitation patterns are found to 297 

drive long-term simulated CH4 emission changes in the tropics (Zhang et al., 2017). Our analysis 298 

reveals how wetlands across the globe respond to variations in temperature, precipitation, 299 

inundation, and carbon availability. However, with 3 years of data (2010-2012), we can’t assert 300 

or refute the possibility that on decadal-centennial timescales temperature is/isn’t the primary 301 

control on wetland emissions. With longer-term results, our analysis can be used as emergent 302 

constraints on ESM CH4 predictions. While wetland emissions are expected to increase under all 303 

RCP scenarios (Zhang et al., 2017), the amount of increase and its main drivers are not well 304 

understood because it is a function of the net change in temperature, water, and carbon 305 

availability with the sensitivity of methane emissions to these processes across latitudes.  306 

Poorly understood biogeochemistry and spatial heterogeneity of tropical wetlands result 307 

in large inter-model discrepancies in tropical wetland methane emissions (Poulter et al., 2017; 308 

Riley et al., 2011). The lack of ground-based CH4 emission observations (Bridgham et al., 2013; 309 

Melton et al., 2013) further limits the evaluation of process-based model performance in the 310 

tropics. Satellite-based observations with improved accuracy and finer Spatiotemporal 311 
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resolutions, such as TROPOMI and GeoCarb, are expected to offer additional information for 312 

process-based model validation, especially for the data-scarce regions. Our findings show that 313 

space-borne measurements of total column methane can play a role in evaluating the 314 

biogeochemical controls of global wetlands.  315 

 316 

4 Summary 317 

Various formulations and parameterizations of CH4 process controls in bottom-up models lead to 318 

large discrepancies in global and regional scale CH4 emission estimation (Melton et al., 2013; 319 

Wania et al., 2013). Using satellite-based inverse estimates of CH4 fluxes, we ranked a range of 320 

42 biogeochemical models on their performance of global/regional representation of CH4 321 

emissions. We provide a satellite informed high-performance model ensemble product and 322 

discuss its spatial distribution and sensitivity of CH4 emission to carbon availability, temperature, 323 

wetland extent, and precipitation at global and regional scales. Our innovative approach closes 324 

the loop of feeding space and air-borne observations back to process-based models by 325 

accounting for the regularization problem in the atmospheric inversion. Specifically, our method 326 

filters out prior estimate information from retrievals and accounts for uncertainties and cross-327 

correlations of retrievals between regions. This approach applies to any other fluxes, such as CO2, 328 

as long as the characterizations of the inversion estimate (e.g., averaging kernel and posterior 329 

covariance matrix) are available.    330 

 331 

Future Directions: Non-wetland freshwater bodies (lakes, rivers, and ponds) are potentially a 332 

significant CH4 source with large uncertainties (Bridgham et al., 2013; Saunois et al., 2020). 333 
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WetCHARTs implicitly include emissions from non-wetland freshwater bodies. GCPv1 excludes 334 

permanent water bodies, rivers, snow, and ice with satellite-based Land-cover data MOD12Q1 335 

V004 (Friedl et al., 2010). GCPv2 removes permanent non-wetland freshwater using the Global 336 

Surface Water dataset (Pekel et al., 2016), with the assumed criteria that permanent waters are 337 

present more than half of the 32-year observing period. Quantitatively differentiating wetland 338 

and non-wetland emission is therefore important but challenging due to the current spatio-339 

temporal resolution of data on surface inundation (Pekel et al., 2016; Schroeder et al., 2015). 340 

Apart from recognizing open water as wetland or non-wetland, non-saturated and dense 341 

vegetation areas are underrepresented as microwave signals do not detect those areas. The 342 

absolute uncertainty remains whether implicitly including the non-freshwater extent or explicitly 343 

excluding it using a satellite-based dataset, although both approaches retain valuable information 344 

of relative wetland extent dynamics that reflect the seasonal variation and inter-annual variability. 345 

Resolving these CH4 emitting areas is therefore critical towards improving this component of the 346 

natural methane cycle.  347 

 348 
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precipitation datasets were obtained from http://apps.ecmwf.int/datasets/data/interim-full-mnth. 357 

CARDAMOM 2001–2010 heterotrophic respiration outputs are available at 358 

http://datashare.is.ed.ac.uk/handle/10283/875; Global Carbon Project v1 and v2 are available 359 

at https://doi.org/10.18160/GCP-CH4-2019 and from the Global Carbon Project 360 

(https://www.globalcarbonproject.org/methanebudget/) 361 
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