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Abstract. Amplified Arctic warming could substantially increase methane (CH4) fluxes from high-latitudes by accelerating

soil thaw and releasing soil organic carbon into the atmosphere. Yet, the magnitude and spatiotemporal patterns of current

and future high-latitude CH4 fluxes remain highly uncertain. We estimate growing season (May to September) CH4 fluxes

in Alaska from 2012 to 2017 using atmospheric observations from two NASA campaigns: the Carbon in Arctic Reservoirs

Vulnerability Experiment (CARVE) and Arctic-Carbon Atmospheric Profiles (Arctic-CAP). We couple these observations5

with an atmospheric transport model and a geostatistical inverse model to estimate the geographic distribution, seasonality, and

inter-annual variability of CH4 fluxes. As part of this approach, we evaluate how well different state-of-the-art, process-based

flux models compare to the inverse estimate of CH4 fluxes. We find that estimated statewide fluxes are a factor of 1.3 to 2.9

higher compared to different ensembles of process-based models. This discrepancy is largest across the North Slope of Alaska

- up to a factor of 6.5 when compared to one of the model ensembles. We do not find any statistically significant inter-annual10

variability (IAV) during years 2012 – 2017, and the IAV in our estimate is generally consistent with process-based models.

In addition, our analysis reveals that differences in inundation fraction mapping contribute to the magnitude discrepancies in

current process-based models, and future improvements in inundation maps are essential to reduce uncertainties in CH4 flux

estimates across high latitudes. These results provide an improved atmospheric constraint on regional CH4 flux estimates from

northern wetlands under accelerated Arctic warming.15
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1 Introduction

During the past 50 years, the Arctic has warmed three to four times faster than the global mean, and studies have estimated that

∼ 70−100% of the near-surface permafrost will be lost by 2100 (e.g., Guo et al., 2025; Schaefer et al., 2011; Peng et al., 2023;

Rantanen et al., 2022; Li et al., 2023). Within these northern permafrost regions, the total soil organic carbon (SOC) reservoir

is estimated to store 1140 to 1476 peta-grams (Pg C) of carbon, which is 100 times higher than annual global carbon fluxes20

from fossil fuels in 2024 (Hugelius et al., 2014; Friedlingstein et al., 2025). As carbon-rich permafrost thaws, previously frozen

SOC is exposed to microbial decomposition under oxygen-limited conditions, regardless of whether the soil is fully inundated.

These oxygen-limited conditions support the final stage of anaerobic decomposition (methanogenesis), where methanogenic

archaea produce CH4 from substrates such as acetate, carbon dioxide (CO2), and hydrogen, as well as methylated compounds.

Based on recent Arctic CH4 flux studies, CH4 flux estimates from Pan-Arctic wetlands and inland waters have increased by25

approximately 30 % since 2000, and future projections suggest that total global CH4 fluxes will increase by more than 100 %

by 2100 (e.g., Liu and Zhuang, 2023a; Rößger et al., 2022; Yuan et al., 2024; Tan and Zhuang, 2015). As permafrost continues

to thaw with rising temperatures, studies disagree on whether Arctic ecosystems are net carbon sources or sinks based on net

ecosystem exchange, but these assessments do not always include CH4 fluxes, which may increase the overall warming impact

in the Arctic region (e.g., Fisher et al., 2014; Commane et al., 2017; MacGilchrist et al., 2014).30

Process-based (bottom-up) models are widely used to estimate both current and projected future wetland CH4 fluxes (e.g.,

Wania et al., 2013; Zhuang et al., 2023; Liu et al., 2026; Ito and Inatomi, 2012). These models differ in how they represent

wetland area. Some models simulate changes in inundation fractions per grid cell using their own hydrological calculations,

whereas others use prescribed inundation fraction maps derived from external datasets, such as remote-sensing products (Zhang

et al., 2025). These estimates determine where and over what area wetland CH4 fluxes occur. The models then use environ-35

mental drivers such as soil carbon to calculate the amount of CH4 fluxes emitted from that area. Differences in both inundation

fraction maps and model processes can therefore affect the magnitude and spatial-temporal patterns of the process-based CH4

flux estimates. The Wetland and Wetland CH4 Intercomparison of Models Project (WETCHIMP) is a multi-model comparison

project from 2013 designed to evaluate an earlier generation of global process-based wetland CH4 flux models (e.g., Wania

et al., 2013; Melton et al., 2013). Since WETCHIMP, more recent generations of global process-based CH4 models have been40

developed and are now included as part of the Global Carbon Project (GCP) CH4 budget assessments. These process-based

models have shown large uncertainties in both global and regional CH4 flux estimates. For example, Saunois et al. (2025)

report that the global wetland CH4 fluxes range from 131 to 198 Tg CH4 per year. Within high-latitude regions (60◦–90◦ N),

these wetland flux estimates range from 9 to 53 Tg CH4 per year. At a regional scale in Alaska, CH4 fluxes estimated by

WETCHIMP models range from 0.5 to 7 Tg CH4 per year, while the flux estimates for the most recent GCP model ensembles45

produce a narrower range of 0.3 to 3.6 Tg CH4 per year for the same region (Chang et al., 2014a; Liu et al., 2026; Fisher et al.,

2014). The GCP models have a smaller inter-model spread than the earlier WETCHIMP models across Canada and Alaska,

but better inter-model agreement does not necessarily guarantee that the models are more accurate (e.g., Liu et al., 2026).
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A complementary approach to evaluate process-based models is to use top-down inverse modeling. Instead of relying on

prescribed biogeochemical processes, inverse models integrate atmospheric observations with an atmospheric transport model50

to infer regional CH4 fluxes (e.g., Miller et al., 2016c, a; Chang et al., 2014b). Satellite retrievals such as Greenhouse gas

Observing Satellite (GOSAT) and the Tropospheric Monitoring Instrument (TROPOMI) provide extensive spatial coverage of

CH4 observations, and existing satellite-based CH4 inverse modeling studies have shown that the estimated global CH4 fluxes

from all natural sources are within the range of 193 to 241 Tg CH4 per year based on Saunois et al. (2025). However, these

satellite data face challenges in capturing accurate CH4 mixing ratios in high-latitude regions due to low solar angles, high55

cloud cover, and polar night (e.g., Ward et al., 2025; Wittig et al., 2023; Gao et al., 2023; Watts et al., 2026). Other top-down

studies have used atmospheric CH4 measurements from in situ tower networks to quantify the magnitude and spatiotemporal

variability of high-latitude North American CH4 fluxes (e.g., Worthy et al., 1998; Miller et al., 2014; Pickett-Heaps et al., 2011;

Ishizawa et al., 2024; Fujita et al., 2018; Thompson et al., 2017). These studies report that total Canadian CH4 fluxes from all

sources range from 14.8 to 19.5 Tg CH4 per year, with fluxes from the Hudson Bay Lowlands (HBL) ranging from 1.56 to 3.460

Tg CH4 per year. These flux totals are much lower than those estimated by most of the WETCHIMP and GCP process-based

models (e.g., Liu et al., 2026; Miller et al., 2014, 2016a). By contrast, existing inverse modeling studies argue that fluxes from

Alaska are generally higher than those from the WETCHIMP models (e.g., Miller et al., 2016c; Hartery et al., 2018; Chang

et al., 2014a). However, these studies have not analyzed the much newer ensemble of GCP models across Alaska.

Historically, Canada has had an extensive atmospheric tower-based observing network, but Alaska does not. It is difficult to65

constrain atmospheric CH4 in regions where tower-based observations are sparse and satellite retrievals perform poorly. As a

result, National Aeronautics and Space Administration (NASA) launched two intensive airborne measurement campaigns in

Alaska and parts of northwest Canada: the Carbon in Arctic Reservoirs Vulnerability Experiment (CARVE) and Arctic Carbon

Aircraft Profile (Arctic-CAP) (conducted as part of the Arctic-Boreal Vulnerability Experiment (ABoVE)). Atmospheric in-

verse modeling studies have used CH4 observations from the CARVE and Arctic-CAP aircraft campaigns to estimate Alaskan70

CH4 fluxes in Alaska, providing a range of estimates of 1.5 to 2.9 Tg CH4 per year (e.g., Miller et al., 2016c; Chang et al.,

2014a; Hartery et al., 2018; Sweeney et al., 2022). Existing studies also report that most bottom-up models underestimate CH4

fluxes from Alaska’s North Slope (e.g., Chang et al., 2014a; Miller et al., 2016c; Sweeney et al., 2022; Hartery et al., 2018;

Zona et al., 2016). Existing atmospheric inverse modeling studies of Alaska, however, either rely on a single year or at most

three of the five years of intensive aircraft measurements from the CARVE and Arctic-CAP campaign data(e.g., Chang et al.,75

2014a; Miller et al., 2016c; Hartery et al., 2018).

In this study, we integrate five years (2012-2015, and 2017) of intensive aircraft measurements from CARVE and Arctic-CAP

campaigns with an atmospheric transport model and a geostatistical inverse model (GIM) to quantify CH4 fluxes in Alaska. We

can compare how process-based model estimates have evolved over time and whether these newer models are more consistent

with atmospheric observations compared to earlier models. As part of this study, we first analyze the magnitude and spatial80

distribution of the estimated CH4 fluxes based on our inverse model and the process-based GCP models in Alaska. Second,

we compare the inter-annual variability (IAV) of our estimated fluxes with those from the GCP and WETCHIMP models.

Third, we explore the seasonal cycle in our posterior estimate and process-based flux estimates. Finally, we identify which
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environmental drivers (e.g., soil moisture, soil carbon, soil temperature) can best explain the spatiotemporal patterns of CH4

fluxes in Alaska. This analysis provides insights that may help guide future improvements to regional wetland CH4 estimates85

in global, process-based flux models.

2 Data and methods

2.1 CARVE and Arctic-CAP aircraft CH4 measurements

In this study, we use continuous, in situ aircraft CH4 observations collected during two intensive NASA aircraft campaigns:

CARVE and Arctic-CAP (Sweeney et al., 2016b, 2019; Chang et al., 2014a; Sweeney et al., 2022). CARVE provides in situ90

atmospheric measurements for CH4, CO2, CO, and H2O in Alaska between March and November during years 2012-2015. The

CARVE campaign features repeated vertical profiles along each flight track with five-second intervals between observations.

The CARVE campaign data span from 58◦ N to 72◦ N and 168◦ W to 131◦ W, covering most of Alaska and some parts of the

Yukon and Northwest Territories in Canada (Figure 1). Two Picarro cavity ring-down spectrometers were used by teams from

the National Oceanic and Atmospheric Administration (NOAA) and Harvard University to analyze in situ measurements on95

the C-23 Sherpa aircraft. However, the in situ aircraft measurements collected and analyzed by Harvard University ended after

2014, so we only focus on NOAA’s CH4 observations that span the entire 2012–2015 analysis period.

We also use data from the Arctic-CAP campaign, which spans from April to November in 2017, ranging from 58◦ N to

71◦ N and 165◦ W to 112◦ W (Sweeney et al., 2019). The Arctic-CAP campaign includes continuous in situ atmospheric

measurements of CH4 and CO2 collected using a Picarro G2401 over Alaska, with some measurements over the Yukon and100

Northwest Territories. These flights include over 25 vertical profiles from the surface up to 6000 meters in altitude each month

(Sweeney et al., 2019, 2022). These trace gas measurements collected from both campaigns have data availability about 7 to

10 days per month during the collection period. Together, these aircraft campaigns provide a five-year record of atmospheric

CH4 measurements with extensive spatial coverage over Alaska, offering valuable constraints on CH4 fluxes.

2.2 Wetland CH4 flux model ensembles: GCP and WETCHIMP105

There are ten global process-based models included in the WETCHIMP, but only seven provide complete spatial coverage for

Alaska (e.g., Melton et al., 2013; Wania et al., 2013; Bohn et al., 2015; Miller et al., 2016a). These models include SDGVM

(Singarayer et al., 2011), ORCHIDEE (Riley et al., 2011), LPJ-WSL (Hodson et al., 2011), LPJ-Bern (Zürcher et al., 2013),

LPJ-WhyMe (Wania et al., 2010), DLEM (Tian et al., 2010), and CLM4Me (Riley et al., 2011). A general description of the

WETCHIMP models is given in Table 2 of Wania et al. (2013). The WETCHIMP project provides monthly CH4 flux estimates110

for years from 1993 through 2004. Across the ensemble, three general approaches are used to define wetland areal extent: (1)

prescribe a static inundation fraction estimate (LPJ-WhyMe and LPJ-Bern), (2) use a remote sensing inundation product such

as the Global Inundation Extent from Multi-Satellites (GIEMS) (CLM4Me, DLEM, ORCHIDEE, LPJ-WSL, and LPJ-Bern),

or (3) estimate inundation fraction internally based on models’ hydrological schemes (SDGVM) (Wania et al., 2013; Melton
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et al., 2013). The WETCHIMP model outputs have native spatial resolutions that range from 0.5◦ latitude by 0.5◦ longitude115

to 2.5◦ latitude by 1.9◦ longitude, and we regrid the model outputs into a uniform spatial resolution of 0.5◦ latitude by 0.5◦

longitude using the Climate Data Operators (CDO) software (Schulzweida, 2023).

We also evaluate 16 global process-based wetland CH4 flux models from the GCP that span the years 2000 to 2020 (Zhang

et al., 2025). Detailed descriptions of these models are provided in Table S2 of Liu et al. (2026) and Table S1 of Zhang

et al. (2025). The GCP ensemble includes two types of simulations – prognostic and diagnostic. The prognostic simulations120

(available for 11 of the 16 models) use inundation fraction maps that are generated internally using each model’s biogeo-

chemical schemes (Zhang et al., 2025). In contrast, the diagnostic simulations (available for all 16 models) use a common

prescribed inundation fraction: the Wetland Area and Dynamics for Methane Modeling version 2 (WAD2Mv2), which is a

global monthly wetland-fraction product from 2000–2020 with a spatial resolution of 0.25◦ latitude by 0.25◦ longitude (Zhang

et al., 2021a). The diagnostic simulations of the GCP models therefore isolate the differences in model process representations125

by eliminating inter-model differences in inundation fraction maps. Note that previous studies have shown that the inundated

area estimated by WAD2M v2 has substantial uncertainty, including challenges such as double-counting of inland freshwater,

inclusion of non-inundated wetlands, and larger wetland fractions over peatland regions compared with other products such

as the TOPography-based hydrological MODEL (TOPMODEL) (e.g., Kyzivat and Smith, 2023; Bernard et al., 2025b; Zhang

et al., 2025). Unlike the WETCHIMP models, there are two sets of GCP model simulations that are driven by two different130

meteorological products, including a monthly ground-based climate forcing data product from Climate Research Unit 4.06

(CRU) and a daily climate forcing data product from the Global Soil Wetness Project Phase 3 (GSWP3-W5E5) (Harris et al.,

2022; Cucchi et al., 2020; Dirmeyer et al., 2006; Lange et al., 2021; Kim, 2017). Ito et al. (2023) and Zhang et al. (2025) report

that the flux differences between GCP models driven by different climate forcing datasets are minimal. In this study, we only

work with 11 prognostic and 16 diagnostic GCP model simulations driven by CRU climate data. Similarly, we re-grid the GCP135

models to a uniform spatial resolution of 0.5◦ latitude by 0.5◦ longitude using the CDO software (Schulzweida, 2023).

2.3 Atmospheric modeling

We link the estimated surface fluxes from the GCP models with aircraft CH4 observations from CARVE and Arctic-CAP

using the Weather Research and Forecasting-Stochastic Time-Inverted Lagrangian Transport model (WRF-STILT), which is

a widely used meteorology-driven trace gas transport model (e.g., Lin et al., 2003; Zhao et al., 2009; Skamarock and Klemp,140

2008; McKain et al., 2015; Feng et al., 2023; Miller et al., 2013, 2016c; Jeong et al., 2012; Schiferl et al., 2022). We use WRF-

STILT model simulations generated for each individual CARVE and Arctic-CAP measurement. For each of these observations,

the STILT transport model releases a cluster of tracer particles and follows them backward in time (in this case, for 10 days)

following the wind fields in the WRF model. This model provides a sensitivity field (or the “footprint” map) shown in Fig. 1,

which represents the sensitivity of each aircraft observation to a unit surface CH4 flux across different upwind locations and145

time steps (Henderson et al., 2017, 2021). Note that footprints do not include any information about surface fluxes or emissions

inventories; instead, they are multiplied by a gridded flux estimate to calculate the modeled CH4 mixing ratio enhancement
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corresponding to each aircraft measurement. Here, we define the enhancement as the change in the CH4 mixing ratio caused

by fluxes that occur within the study domain (see the paragraphs below in this section).

The WRF simulations used in our study were specifically designed for STILT simulations at high latitudes using the polar150

variant of the WRF model (Henderson et al., 2015). The footprint fields have units of ppb per unit surface flux (µmol m−2

s−1) and originally cover the spatial domain of 30◦S to 90◦N and 180◦W to 180◦E with a spatial resolution of 0.5◦ latitude by

0.5◦ longitude. When multiplying the STILT footprints by the GCP flux estimates, we retain the full subdomain (50◦N to 75◦N

and 180◦W to 100◦W) to avoid accidentally removing regions that may have some influence on the CH4 observations near the

Alaskan boundaries. However, we focus on the results for Alaska where most of the aircraft observations were collected.155

We multiply anthropogenic, biomass burning, and natural CH4 flux estimates by the WRF-STILT footprints to compute the

total modeled mixing ratios. For anthropogenic fluxes, we use year-specific EDGAR v6.0 from Crippa et al. (2026), which is a

global CH4 inventory with annual temporal resolution and a spatial resolution of 0.1◦ latitude by 0.1◦ longitude. For fire fluxes,

we use Global Fire fluxes Database, Version 5.1 (GFEDv5) from van der Werf et al. (2025), which includes year-specific daily

estimates of global burned areas with an original spatial resolution of 0.25◦ latitude by 0.25◦ longitude. For other non-wetland160

natural sources, we use the static, non-year-specific geological seep flux map from Etiope et al. (2019). In this study, we do not

include a separate lake CH4 flux product because doing so may double-count CH4 fluxes that are already represented in the

GCP wetland models (e.g., Thornton et al., 2016). Several recent studies have shown that inundation products can implicitly

include portions of lakes, leading to potential overlap between lake and wetland fluxes (Kyzivat and Smith, 2023; Melack and

Hess, 2023; Liu and Zhuang, 2023b; Grasset et al., 2025).165

We filter for all aircraft CH4 measurements collected above 2000 meters above ground level (agl) and use the daily mean

as the boundary conditions for each observation, which is the same approach described by Miller et al. (2016c). In this case,

boundary conditions refer to the clean background CH4 transported into our study domain from other regions of the world.

Air masses above 2000 meters generally lie above both the planetary boundary layer and the residual layer. As a result, these

high-altitude measurements are treated as free-tropospheric mixing ratios that can be used to represent the regional background170

for that day. Miller et al. (2016c) tested an alternative boundary-condition estimate derived from aircraft measurements at 3000

meters agl and found that the mean growing-season (May–October) CH4 flux estimate, averaged over 2012 to 2014, changed

by only 1.1%.

After we multiply the GCP flux models and each of the additional sector-specific CH4 flux products with WRF-STILT

footprints, we sum these products and the boundary conditions to calculate the total modeled mixing ratios. These modeled175

mixing ratios (ẑ, dimensions n×1, where n represents the total number of observations) are directly comparable to atmospheric

CH4 observations (z) collected during the CARVE and Arctic–CAP campaigns. We specifically model atmospheric CH4 (ẑ)

using the following equation (e.g., Fang and Michalak, 2015):

ẑ =H(W +A+N +B)+ b. (1)
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This equation shows the model estimate at the observation locations (ẑ), calculated using (1) the boundary condition (b,180

dimensions n×1) and (2) the product of the footprints and the combined surface flux estimates. The footprints generated from

WRF-STILT are represented by H with dimensions of n×m, where m represents the total number of model grid boxes in

space and time.

The combined surface flux estimates include process-based model estimates from the GCP (W , dimensions of m× 1),

anthropogenic CH4 flux estimates from EDGAR v6.0 (A, dimensions of m×1), geological seep and termite CH4 flux estimates185

from Fung et al. (1991) and Etiope et al. (2019) (N , dimensions of m× 1), and biomass burning estimates from GFEDv5 (B,

dimensions of m× 1). After calculating this equation, we can subsequently compare our model estimates (ẑ) directly with z.

Note that CH4 has an atmospheric lifetime of about 10 years and is gradually removed by oxidation with hydroxyl radicals

(OH). Our STILT setup does not include OH chemistry, but the omission likely has a negligible impact on our results. STILT

footprints show the highest sensitivities within the first two days upwind of each observation, and the loss of CH4 on such short190

time scales is very small (usually less than 2 ppb) (Miller et al., 2013).

2.4 Geostatistical Inverse Model (GIM)

We use a geostatistical inverse model (GIM) to estimate surface CH4 fluxes that best explain the observed CH4 mixing ratios

while accounting for observational and model uncertainties. Many existing studies have used this approach to estimate surface

trace gas fluxes (e.g., Miller et al., 2013, 2016c; Fang and Michalak, 2015; Gourdji et al., 2012; Gaeta et al., 2024; Michalak195

et al., 2004). Unlike traditional inverse models, a GIM does not require an inventory or bottom-up flux model as input to the

prior model. Instead, we use model or reanalysis estimates of environmental variables to help capture the spatial and temporal

structure of estimated surface CH4 fluxes (e.g., estimates of temperature and soil moisture). In this study, we refer to these

variables as environmental drivers.

2.4.1 Components of the GIM200

The inputs to our GIM are atmospheric observations (z), boundary conditions (b), WRF-STILT footprints (H), and environ-

mental drivers. The output is an estimate of the surface CH4 fluxes, referred to as the posterior fluxes and estimates of their

uncertainties. The posterior fluxes in our GIM are defined by two separate components: the deterministic component and the

stochastic component. The deterministic component represents the CH4 fluxes that we estimate using a combination of en-

vironmental drivers such as soil moisture and temperature. These drivers are typically insufficient to explain the full spatial205

and temporal variability of the true CH4 fluxes, and these shortfalls arise for several reasons. First, some of the environmen-

tal drivers we use are from models or meteorology reanalysis products and may have deficiencies in some locations; some

locations may be wetter/drier or warmer/colder than estimated in the Modern-Era Retrospective analysis for Research and Ap-

plications, Version 2 (MERRA-2) (Gelaro et al., 2017). Second, the relationships between fluxes and the environmental drivers

can be complicated, non-linear, and not fully captured by a linear deterministic model. Third, there may be complex processes210

that influence CH4 fluxes that are not included in the deterministic model. In these situations, the stochastic component acts as

a correction term, represented by ξ (dimensions m× 1). As part of the inverse model, we estimate values for ξ that can vary
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Figure 1. The mean footprints (H) estimated for the CARVE and Arctic-CAP aircraft campaigns conducted from 2012 to 2015 and 2017 in

Alaska. The colored lines show the aircraft flight paths of CARVE and Arctic-CAP campaigns in each year, restricted to observations at or

below 1,500 m above ground level.

among each individual model grid box and on each day of the study period. The stochastic component is thus used to represent

the remaining variability in fluxes that cannot be explained by the deterministic model. This structure can be explained by the

equation (e.g., Miller et al., 2020; Michalak et al., 2004; Fang and Michalak, 2015):215

s=Xβ+ ξ. (2)

where s denotes the estimated fluxes with dimensions m× 1. X is an m× p matrix where each column p corresponds to an

environmental driver. β shows the corresponding coefficients that we estimated as part of the inverse model, which determine

the contribution of each environmental driver to the estimated fluxes (dimensions of p× 1).
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The deterministic component is represented by the term Xβ, and ξ represents the stochastic component of our GIM (each220

dimension m×1). The stochastic term ξ is modeled using a multivariate normal distribution with a spatial and temporal corre-

lation structure. Additional methodological details and supporting equations for the geostatistical inverse model are provided

in the Supplement (SI). Further explanations of these terms can also be found in previous studies (e.g., Michalak et al., 2004;

Miller et al., 2016c; Gaeta et al., 2024).

We estimate the unknown components in Eq. 2 by minimizing a cost function, as described in the SI and in previous studies225

(e.g., Michalak et al., 2004; Miller et al., 2016c, 2020; Gaeta et al., 2024). We also quantify the uncertainties in the estimated

fluxes using the equations presented in the SI and in prior studies (e.g., Michalak et al., 2004; Miller et al., 2020).

2.4.2 Model selection

We test a wide variety of different possible environmental drivers and select the best ones that are most helpful at explaining the

spatial and temporal variability of our estimated CH4 fluxes. We use numerous environmental drivers from NASA’s MERRA-2230

product ((Global Modeling and Assimilation Office (GMAO), 2015)): soil temperature variables from multiple depth levels: (1)

0–0.1 m below the surface; (2) 0.1–0.2 m below the surface; (3) 0.2–0.4 m below the surface; (4) 0.4–0.8 m below the surface;

(5) 0.8–1.5 m below the surface; and (6) 1.5–10 m below the surface. The surface temperature variables include surface air

(2 meters) temperatures, surface temperature of land including snow, surface temperature of snow, surface temperature of the

saturated zone, surface temperature of the unsaturated zone, a calculated Q10 function based on surface temperature of the235

saturated zone, and a calculated Q10 function based on soil temperature (1.5 to 10 m below the surface). The soil moisture and

hydrologic variables include surface soil wetness, root zone soil wetness, average profile soil moisture, root zone water, surface

layer water, water profile, fractional area of the saturated zone, and fractional area of the unsaturated zone. The freeze–thaw

metrics and snow variables include snow depth, land snowfall, and rate of change of total land water. The energy and land-

surface water variables include total land precipitation, soil water infiltration rate, overland runoff including throughflow,240

baseflow flux, and evaporation land flux. In addition, we have also included remote-sensing–based inundation fraction maps

from WAD2M v2 (Zhang et al., 2021b); the Kaplan wetland distribution map (Pickett-Heaps et al., 2011; Bergamaschi et al.,

2007); a total litter soil carbon pool estimate (Sitch et al., 2003); and the lake fraction dataset from the Global-Gridded Daily

Methane Emissions Climatology from Lake Systems, 2003-2015 (Johnson et al., 2022).

We apply a Bayesian Information Criterion (BIC) approach to select a subset of environmental drivers that best captures the245

spatial and temporal patterns of surface CH4 fluxes (e.g., Schwarz, 1978; Penny et al., 2007; BIC, 2008; Neath and Cavanaugh,

2012). CH4 fluxes can be controlled by multiple processes such as soil moisture and temperature, and including more environ-

mental drivers can help us understand which environmental processes best explain the CH4 signals seen in the atmosphere. At

the same time, we want to avoid a model that overfits the available data and fits spurious data errors at the expense of describing

true variability in CH4 fluxes. Overfitting can yield physically unrealistic relationships between the environmental drivers and250

the fluxes. Model selection using the BIC can prevent the problems of overfitting. The BIC-based model selection approach

used in this study has also been adopted in previous GIM studies (e.g., Miller et al., 2016b, 2018; Gourdji et al., 2012). In our

study, the estimated BIC score can be written using the equation below (Schwarz, 1978; BIC, 2008):
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BIC = RSS+ p ln(n), (3)

where RSS is the discrepancy (i.e., residual sum of squares) between a proposed deterministic model and the atmospheric255

CH4 observations. If RSS is large, then our estimated fluxes, when combined with the WRF-STILT model, are very different

from the atmospheric data. p ln(n) is the penalty term, where p is the number of columns in X and n is the number of

atmospheric observations used in the inverse model. We rank the candidate models according to their BIC scores (BIC) and

select the one with the lowest BIC score, and more details on the model selection framework are described in the SI, Schwarz

(1978), and Miller et al. (2016c).260

Note that we incorporate the environmental drivers into X in two different ways. In the first approach, we put each different

environmental driver in a different column of X, and each variable is assigned a different coefficient by the inverse model (β).

In the second approach, we multiply the different environmental driver variables by one another and include the result as a

single column of X. We also tested model combinations both with and without an intercept term in our model selection. In

many process-based CH4 models, the effect of one environmental driver on CH4 fluxes depends on other drivers. For example,265

the effect of inundation likely depends on soil temperature. Multiplying the environmental driver variables by one another is a

one way to better account for these interactions compared to putting each in a separate column of X.

3 Results and discussion

3.1 Process-based models underestimate fluxes across the North Slope of Alaska

We find that the averaged Alaskan statewide CH4 flux from 2012 to 2015, and 2017 is 2.0± 0.5 Tg CH4 per growing-season270

(from May to September), which is a factor of 2.2 greater than the prognostic GCP ensemble mean, 2.9 greater than the

diagnostic GCP ensemble mean, and 1.3 greater than the WETCHIMP ensemble mean (Figure 2). Although our GIM does not

differentiate among different types of flux sources, existing inventories and process-based models indicate that wetlands are the

dominant CH4 source in high-latitude North America, whereas anthropogenic and non-wetland sources combined contribute an

average of 0.2 Tg CH4 per growing-season from May to September, which is about 9 % of our total posterior estimate (Figure275

2). In addition, our finding is consistent with CH4 flux estimates from previous inverse modeling studies (e.g., Chang et al.,

2014a; Hartery et al., 2018; Miller et al., 2016c). Hence, we argue that it is reasonable to compare our estimate of total CH4

fluxes from Alaska with the wetland-specific GCP and WETCHIMP models. However, the WETCHIMP simulations represent

an earlier period than our inverse model study, and some of the differences may reflect temporal changes in environmental

conditions and wetland CH4 fluxes between the two periods.280

Our results also show that the GCP model ensemble exhibits a much narrower inter-model spread in its total growing season

flux estimates compared to the earlier WETCHIMP models. This reduced inter-model spread from recent GCP models is

illustrated by the uncertainty bars shown in Fig. 2, which represent the inter-model spread of the total growing season (May

to September) CH4 fluxes. For each process-based model ensemble and year, we first compute the total growing season flux
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Figure 2. Growing-season (May to September) CH4 flux totals in Alaska across 2012 to 2015, and 2017. The bars represent each of the

flux totals from the posterior estimate (in blue), the prognostic (orange) and diagnostic (green) GCP model ensemble, and the WETCHIMP

models (red). Uncertainty bounds for the GCP and WETCHIMP models are calculated as the inter-model spread using ±1 standard deviation

of the total growing season fluxes across all models for each year, and then averaged across years. The stacked purple bars represent the total

non-wetland CH4 fluxes, and these CH4 flux totals have the unit of Tg CH4 per growing-season.

for every individual model in the ensemble, and then use the ±1 standard deviation across those model totals to show the285

inter-model spread. As shown in Fig. 2, there is a larger spread among the WETCHIMP models compared to the more recent

GCP models. This convergence suggests that the modeling community has made efforts toward producing more consistent

process-based flux estimates.

However, despite better inter-model agreement, the flux estimates from the GCP models are systematically lower than those

from the WETCHIMP models and less consistent with our inverse modeling estimate. Prognostic GCP models produce an290

average flux of 0.9± 0.6 Tg CH4 per growing season across 2012 to 2015 and 2017. The flux estimates from GCP models

with diagnostic runs are even smaller than the prognostic models and our flux estimates, resulting in an average flux of 0.7±
0.4 Tg CH4 per growing season from May to September across the five years of study. By contrast, the flux estimates from

WETCHIMP models are averaged over 1993 and 2004, and these flux estimates lie between the posterior flux estimate and

GCP model ensembles with a mean of 1.6±1.6 Tg CH4 per growing season. Note that the non-wetland CH4 flux totals in 2015295

are higher than other years because fire fluxes in 2015 are a factor of 3.5 to 8.3 higher compared to other years (Waigl et al.,

2017; Veraverbeke et al., 2017). Although the GCP modeling community has made efforts to reduce inter-model spread, these

better inter-model agreement does not necessarily imply better model accuracy (Liu et al., 2026; Chen et al., 2025). In fact, our

results suggest that WETCHIMP models may better capture CH4 fluxes in Alaska compared to more recent GCP models.

We find that the discrepancy between our estimates and the GCP models is greatest across the North Slope, a region that300

has the most intact or continuous permafrost within Alaska (Jorgenson et al., 2008). Specifically, we find that ∼ 25.4% of

Alaska’s total CH4 fluxes come from the North Slope (latitudes ≥ 68◦N). In contrast, 10 out of 11 GCP prognostic models,

15 out of 16 GCP diagnostic models, and all WETCHIMP models simulate proportionally smaller North Slope contributions.

Figure 3a shows the spatial distribution of our posterior fluxes, while panels 3c–e present the differences between the posterior
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Figure 3. The spatial differences of estimated CH4 fluxes between posterior estimate versus process-based model ensembles during the

growing-seasons in 2012 to 2015, and 2017 in Alaska. Panel (a) represents the posterior flux estimate. Panel (b) represents the deterministic

flux estimate. Panel (c) and (d) show the differences between posterior flux estimate and GCP model ensembles ((c) for GCP models with

prognostic runs, and (d) for GCP models with diagnostic runs). Panel (e) demonstrates the differences between posterior flux estimate and

the WETCHIMP models. All grid-cell values are expressed in units of µmol m−2 s−1, and the spatial domain is 55◦N to 72◦N and 170◦W

to 140◦W.

fluxes and each process-based model ensemble. Specifically, this discrepancy in the North Slope is larger when compared to305

the WETCHIMP models and improved when compared to the GCP models (e.g., Fisher et al., 2014; Miller et al., 2016c).

In the prognostic GCP models, 10.86 % of Alaska’s CH4 fluxes are from the North Slope, whereas that number is 11 % for

the diagnostic GCP models and only 3.9 % for the WETCHIMP models (Fig. 4). We further find that Alaska’s continuous-

permafrost regions account for 31.7 % of the total statewide posterior estimate, which is 61 % greater than the corresponding

share in the GCP model ensembles (∼20 %) and about 598 % greater than the corresponding share in the WETCHIMP model310

ensemble (∼5 %) (Figs. S13 and S14). These results again suggest that the process-based model ensembles allocate too little

of Alaska’s CH4 flux on the North Slope of Alaska, a region characterized by continuous permafrost.
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We argue that these differences in the spatial distribution of CH4 fluxes are likely driven by differences in the underlying

inundation estimates. The North Slope accounts for 0.1 % to 38.3 % of Alaska’s total fluxes in the prognostic GCP models.

For the diagnostic runs, that number spans from 0.5 % to 30.5 %. The largest North Slope CH4 flux contribution among the315

GCP estimates is simulated by VISIT (38.3 % for the prognostic version and 30.5 % for the diagnostic version), while its

corresponding North Slope share of inundated area is also as high as 39.1 % of the Alaska total. The second-largest simulated

contribution is from the JSBACH prognostic model, which yields a North Slope flux share of 23.4 %, with a corresponding

inundation share of 28.4 % (Fig. S9). The diagnostic versions of these models yield smaller CH4 fluxes for the North Slope

than their prognostic versions, and the inundation estimate from the diagnostic versions is also lower. In addition, each of320

these two models uses a different method for inundation, but neither uses remote sensing information like the WAD2M v2

used by the diagnostic GCP models. For example, JSBACH uses TOPMODEL to estimate inundation fractions by combining

grid-cell mean water table depth with sub-grid topographic variation (Kleinen et al., 2020). On the other hand, the area over

which VISIT simulates CH4 fluxes from VISIT is prescribed from a static global wetland database constructed by integrating

vegetation, soil-property, and fractional-inundation information (Matthews and Fung, 1987). The GCP models use different325

approaches to estimate inundation, but those that rely on a non-remote-sensing product tend to estimate higher CH4 fluxes in

the North Slope of Alaska for two likely reasons. First, remote-sensing-based surface water products tend to detect surface

inundation and may not fully capture saturated soils without visible standing water (e.g., Council, 2014; Ying et al., 2025;

Miller et al., 2016c; Liu et al., 2026). Second, these products may underestimate inundation where small ponds or surface

water are covered by vegetation, weakening the surface water signal and causing these areas to be classified as non-inundated330

(e.g., Prigent et al., 2007; Melton et al., 2013; Muster et al., 2013). Together, these limitations may cause remote-sensing-based

products to under-represent inundated areas on the North Slope, leading to lower CH4 flux estimates among the GCP models

that use them (e.g., Dong et al., 2024; Bernard et al., 2025a; Marthews et al., 2022; Liu et al., 2026; Lane et al., 2023). To

address this problem, radar observations, like the NASA-ISRO synthetic Aperture Radar mission (NISAR), may provide future

opportunities to improve the mapping of surface water and inundated vegetation in high-latitude regions (e.g., Rosen et al.,335

2025). Unlike the coarse satellite observations used in WAD2M v2, NISAR can provide much more detailed radar images that

may detect small inundated areas beneath vegetation, helping to improve wetland CH4 flux estimates from future process-based

models. Future higher-resolution radar and microwave radiometer missions could better track near-surface soil moisture and

conditions linked to subsurface saturation, improving maps of CH4-producing wetlands.

We mostly focus on the growing-season Alaskan CH4 fluxes because we have more consistent aircraft observations during340

that time. However, observations from October and November also allow us to examine fall shoulder-season CH4 fluxes in the

years when data are available. We estimate a mean fall shoulder-season (Oct-Nov) posterior CH4 flux estimate of 0.5 Tg of CH4

across Alaska. This number is equivalent to about 23 % of the mean growing-season posterior CH4 flux estimate, indicating

that non-growing-season CH4 fluxes are not negligible (Fig. S12). The spatial distribution of these shoulder-season CH4 fluxes

indicates that the North Slope remains an important source region. We estimate that 28 % of the mean fall shoulder-season345

posterior CH4 flux estimate comes from the North Slope, which is similar to the 25.4 % North Slope contribution to total

Alaska growing-season CH4 fluxes. This finding is consistent with Zona et al. (2016), which showed that cold-season CH4
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Figure 4. The mean contribution of the North Slope to total Alaska growing-season (May to September) CH4 flux between our posterior flux

estimate and process-based flux estimates from 2012 to 2015, and 2017. Here we define the North Slope as the region of Alaska at a latitude

larger or equal to 68◦N.

fluxes can make up a large fraction of the Arctic tundra CH4 budget, with substantial fluxes occurring outside the traditional

growing season.

3.2 No evidence of statistically significant inter-annual variability350

Our posterior estimate shows some year-to-year variability, but the differences between years are smaller than the uncertainty

bounds (±0.5 Tg CH4 per growing-season (from May to September)), meaning that we cannot confidently identify statistically

significant IAV in the estimated fluxes (Figure 2). Our result on IAV is consistent with some previous inverse modeling studies

(Miller et al., 2016c; Sweeney et al., 2016a; Hartery et al., 2018), but differs from other inverse modeling studies that reported

stronger IAV or a long-term trend (Thompson et al., 2017; Ward et al., 2024; Ishizawa et al., 2024). To calculate IAV for both355

our posterior estimate and each process-based model ensemble, we calculate the difference between the monthly averaged

maximum and minimum annual growing season flux divided by the monthly averaged mean annual growing season flux.

Because WETCHIMP models do not overlap in time with our posterior estimate, we calculate the IAV of WETCHIMP models

by repeatedly sampling 5-year periods from all available years, computing IAV for each sample, and averaging the results. In

Fig. 5, orange bars correspond to the prognostic GCP model ensemble, green bars to the diagnostic GCP model ensemble,360

the red bar represents WETCHIMP models (1993–2004), and the blue bar represents our posterior estimate. A caveat of this

result is that it is based on five years of observations, and our ability to quantify IAV might be improved with a longer record

of observations.
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we estimate the IAV by repeatedly sampling 5-year subsets and averaging across multiple subsets.

Overall, the IAV for our posterior estimate is 18 % during the growing-season from May to September, which is almost

identical to the average IAV across the GCP diagnostic model ensemble (19 %) and lower than the averages of the GCP365

prognostic model ensemble (27 %) and the WETCHIMP model ensemble (41 %). Compared with earlier WETCHIMP models,

GCP models have improved inter-model agreement in IAV that is more consistent with our posterior flux estimate. Specifically,

most GCP models fall within a narrow range of IAV, with 9 of the 11 prognostic GCP models and 13 of 16 diagnostic models

having an IAV within the range of 10 % to 30 %. Although we do not have enough information to explain why the IAV of a few

models fall outside this range (< 10 % or > 30 %), the overall pattern suggests that GCP models result in a lower and more370

consistent IAV compared to WETCHIMP models.

In contrast to our results, studies such as Thompson et al. (2017); Ward et al. (2024) find positive CH4 flux trends, while

studies like Sweeney et al. (2016a) find no significant long-term trends in CH4 fluxes despite ongoing regional warming. These

discrepancies in trends and IAV are likely driven by data sparsity and observational constraints. For example, differences in

the spatial and temporal density of observation networks can skew trend detection, and sparse data coverage can yield spurious375

long-term trends on a sub-regional scale (Thompson et al., 2017; Ishizawa et al., 2024). Specifically, Ishizawa et al. (2024)

found that when using limited observational data during an early study period, the model produced an upward trend in the

Northern region and a downward trend in the Western region of Canada. However, when data coverage improved in later years,

the overall trend across the two combined regions was no longer statistically significant. Similarly, some studies like Thompson

et al. (2017) argue that earlier multi-year inverse models can fail to detect true trends, specifically because they lack a sufficient380

number of high-latitude observation sites to capture the signal.
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Beyond inverse modeling studies, process-based models also disagree on IAV, and we hypothesize that IAV in inundation

fraction is an important factor driving differences on IAV in CH4 fluxes estimated by the GCP models. Eight of the eleven

prognostic GCP models (CLASSIC, ELM, ISAM, JSBACH, JULES, LPJ-wsl, SDGVM, and VISIT) exhibit higher IAV than

their corresponding diagnostic versions, and we focus on the prognostic GCP models in this analysis. To explore the relationship385

between inundation fraction and CH4 fluxes, we create a scatter plot with the IAV of inundation fraction on the x-axis and the

IAV of CH4 fluxes on the y-axis for each available prognostic GCP model (Fig. S10). The prognostic GCP models suggest a

modest positive relationship between the IAV of inundation fraction and that of CH4 fluxes, although the relationship is not

consistent across all models. In addition, we also compute the IAV for the inundation fraction maps simulated by the prognostic

GCP models (Fig. S8). Among all models, JSBACH shows an exceptionally large flux IAV of 73 %, exceeding other models,390

including WETCHIMP (Fig. 5). Similarly, the inundation fraction map simulated by JSBACH also has the highest IAV (21.7 %)

among the available prognostic inundation fraction maps (Fig. S8). In addition, the lower IAV estimated by diagnostic GCP

models can be partly attributed to their use of the same inundation product (WAD2M v2). For example, the IAV of the WAD2M

v2 inundation fraction map is 5.2 %, which is the second lowest IAV compared to all other inundation fraction maps estimated

by prognostic GCP models. This low IAV in the WAD2M v2 inundation fraction map likely contributes to the similarly low395

IAV in CH4 fluxes estimated by the diagnostic GCP models (Fig. 5). IAV in the diagnostic GCP models is similar to IAV in the

flux estimate from the inverse model, and this result indicates that the WAD2M v2 product can possibly be used as a reliable

inundation fraction map that constrains IAV in future process-based CH4 flux model simulations.

3.3 Alaskan CH4 fluxes peak in late summer during the May–September growing season

We find that the posterior CH4 estimate and the mean of the WETCHIMP model ensemble peak in August, while flux estimates400

from the mean of the GCP model ensembles indicate a peak in July. A caveat to this result is that the difference between July

and August estimates is not statistically significant. We calculate the mean monthly percentages of the total growing season

fluxes (May to September) for our posterior estimate and for each process-based model ensemble over the years 2012–2015

and 2017 for GCP and 1993 to 2004 for WETCHIMP. Based on the shaded regions in Fig. 6, the GCP models have a much

smaller inter-model spread compared to the WETCHIMP models. Specifically, the standard deviations of the mean monthly405

percentages for the GCP models range from 1.1 % to 3.4 %, compared with 4.7 % to 11.6 % for the WETCHIMP models and

3.0 % to 10.4 % for the posterior flux estimate. However, the similar monthly percentages shown by the GCP models do not

necessarily indicate that they have improved skills in capturing the correct seasonal cycle. In fact, these GCP models allocate a

larger fraction of total statewide CH4 fluxes to early summer in June and July, which is different from the August peak in our

posterior estimate.410

3.4 Hydrological and carbon-related environmental drivers best explain CH4 flux variability

We find that the environmental drivers that best explain the spatial and temporal variability of CH4 fluxes within the Alaska

domain are near-surface soil temperature and root-zone soil wetness. This combination of environmental driver variables yields

the lowest BIC score: near-surface soil temperature at approximately 0.2 m depth (variable name TSOIL2) and root-zone
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Figure 6. The mean monthly percentages of total May-September Alaska CH4 fluxes for 2012 to 2015, and 2017 from the posterior estimate

and process-based model ensembles. For each year, the monthly percentage is calculated as the total Alaska CH4 flux in a given month

divided by the total Alaska CH4 flux summed over May-September and multiplied by 100. The shaded regions denote ±1 standard deviation

based on yearly variations for each type of the flux estimates.

soil wetness integrated over 0.1–1.0 m depth (variable name GWETROOT) (from Global Modeling and Assimilation Office415

(GMAO) (2015)). During model selection, we multiplied or interacted these variables with one another. Higher values of

near-surface soil temperature provide favorable conditions for soil thaw and enhanced microbial activity, potentially increasing

CH4 fluxes when soils are wet and anaerobic. Root-zone soil wetness represents the amount of water content present in

the soil layer where plant roots grow. Higher root-zone soil wetness values indicate wetter soils, which can restrict oxygen

availability and create anaerobic conditions favorable for CH4 production. Both of these variables are model-derived outputs420

from the Catchment Land Surface Model within the MERRA-2 reanalysis (Global Modeling and Assimilation Office (GMAO),

2015). Note that both of these variables are themselves model estimates with numerous uncertainties. Hence, although this

combination of variables yields the lowest BIC score, it is neither a complete nor perfect model of CH4 fluxes. Rather, we view

it as a useful tool for understanding important environmental relationships.

This analysis illustrates that a simple combination of environmental drivers can be effective in describing spatial and tempo-425

ral variability in CH4 fluxes across broad regional scales in Alaska. Using our inverse model with the selected environmental

drivers, we run the deterministic component through STILT and compare the modeled mixing ratios with atmospheric obser-

vations (Figs. 7 and S2). Based on Fig. 7, the estimated posterior fluxes in blue bars show a correlation coefficient of 0.92 and

a RMSE of 11.8 ppb. The brown bars corresponding to the deterministic model indicate a correlation coefficient of 0.53 and

an RMSE of 26.4 ppb. Note that this component represents the CH4 fluxes predicted using near-surface soil temperature and430

root-zone soil wetness. The remaining portion of the flux variability is captured by the stochastic component, which accounts
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Figure 7. Model performance metrics when different flux estimates are run through WRF-STILT and compared with atmospheric CH4

mixing ratios from the CARVE and Arctic-CAP aircraft campaigns. Higher correlation coefficients (panel a) and lower RMSE (panel b)

indicate better agreement between observations and modeled mixing ratios.

for missing information that is not captured by environmental drivers. In contrast, the correlation coefficient values for all

GCP models with prognostic runs are less than 0.58 and the RMSE values are all above 26.8 ppb. Among these GCP mod-

els, LPJ-wsl shows the best agreement with atmospheric observations, with a correlation coefficient of 0.58 and a RMSE of

26.8 ppb, consistent with a previous study that compares process-based models with atmospheric observations in Canada (Liu435

et al., 2026). Based on the comparisons, our deterministic component has correlation coefficient and RMSE values that are

comparable to the best performing GCP models, suggesting that a simple combination of environmental drivers is effective in

parameterizing large spatial and temporal patterns in CH4 fluxes across Alaska. In addition, the deterministic component also

reproduces the posterior hotspots over the Yukon–Kuskokwim Delta and the broader North Slope (Fig. 3b).

Several hypotheses may explain why a simple flux model is relatively effective at reproducing atmospheric CH4 mixing ratios440

at the regional scale. First, the GCP process-based models are developed on a global scale, and the discrepancies revealed in

this regional comparison suggest room for improvement in how these models represent high-latitude wetland CH4 processes,

particularly in Alaska. Second, the spatial distribution of CH4 fluxes at regional scales may strongly depend on a few key

environmental drivers, such as inundation fraction map, soil moisture, and soil carbon. If these large-scale driver data are

inaccurate or poorly constrained, then global process-based models may struggle to reproduce the observed regional-scale445

CH4 flux patterns. This finding implies that accurately representing a few salient environmental drivers may be one of the most

important requirements for simulating regional-scale CH4 flux patterns. By contrast, other aspects of the models, such as the

completeness of process representation, may play a more important role in the performance of these models at finer spatial

scales.
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4 Conclusions450

We estimate Alaskan CH4 fluxes during the growing seasons (May–September) from 2012 to 2015 and in 2017 using atmo-

spheric observations collected by the CARVE and Arctic-CAP aircraft campaigns. Our posterior flux estimate provides an

observationally constrained benchmark that we use to evaluate the magnitudes, spatial distributions, seasonal cycles, and IAV

of current and earlier global process-based wetland CH4 flux models. This analysis shows that a simple flux model based on

near-surface soil temperature and root-zone soil wetness can reproduce atmospheric observations comparably to more com-455

plex process-based models, suggesting that accurately representing a few salient environmental drivers may be one of the most

important requirements for capturing regional-spatial patterns in CH4 fluxes. The GCP models show better inter-model agree-

ment on flux magnitudes and seasonality compared to earlier WETCHIMP models, indicating a narrower spread among model

estimates. However, this greater agreement does not necessarily mean improved agreement with atmospheric observations, and

our posterior flux estimate is 1.3 to 2.9 times higher than different ensembles of process-based models. In contrast, state-of-460

the-art GCP models show improvement in their spatial and IAV representations of Alaskan CH4 fluxes compared to earlier

WETCHIMP models. Specifically, GCP models show a larger contribution of the North Slope to total Alaskan CH4 fluxes,

which is more consistent with our estimates than WETCHIMP models. In addition, diagnostic GCP model ensemble exhibits

an IAV similar to that of our estimates, reflecting that the WAD2M v2 inundation fraction map appears to provide a reliable

benchmark for constraining IAV in process-based models. However, there are still opportunities for improvement in inundation465

fraction maps when it comes to future CH4 flux model developments. While GCP models demonstrate improved inter-model

agreement on flux magnitude and seasonality, earlier WETCHIMP models produce a magnitude and seasonality that is more

consistent with our CH4 flux estimate. As a result, our analysis shows that a key priority for reducing discrepancies between

model-based and observation-based CH4 flux estimates in Alaska is to improve the representation of soil wetness. Existing

evidence suggests that current inundation maps may not skillfully represent soil wetness in some regions of Alaska. This need470

is especially important on the North Slope, where current inundation fraction maps may underestimate saturated areas that lack

visible open water.
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