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Details on the WETCHIMP models

Model Spatial Resolution (lat× long) References

CLM4Me 2.5◦ × 1.9◦ Riley et al., 2011
DLEM 0.5◦ × 0.5◦ Tian et al., 2010a
LPJ-WSL 0.5◦ × 0.5◦ Hodson et al., 2011
LPJ-WhyMe 0.5◦ × 0.5◦ Wania et al., 2010a
LPJ-Bern 0.5◦ × 0.5◦ Spahni et al., 2011
ORCHIDEE 1.0◦ × 1.0◦ Ringeval et al., 2010
SDGVM 0.5◦ × 0.5◦ Singarayer et al., 2011

Table S1. The seven global wetland flux models from WETCHIMP that we use in the study. The
original spatial resolution in lat× long is also shown for each model.

Details on the GCP models

Model Spatial Resolution (lat× long) References

CH4MODwetland 0.5◦ × 0.5◦ Li et al., 2010
CLASSIC T63 (∼ 2.8◦) Arora et al., 2018
DLEM 0.5◦ × 0.5◦ Tian et al., 2010b
ELM-ECA ∼ 2◦× ∼ 2◦ Zhu et al., 2019
ISAM 0.5◦ × 0.5◦ Shu et al., 2020
JSBACH 1.875◦ × 1.875◦ Kleinen et al., 2020
JULES 0.5◦ × 0.5◦ Clark et al., 2011
LPJ-GUESS 0.5◦ × 0.5◦ McGuire et al., 2012; Wania et al., 2010b
LPJ-MPI 0.5◦ × 0.5◦ Kleinen et al., 2012
LPJ-wsl 0.5◦ × 0.5◦ Zhang et al., 2016
LPX-Bern 0.5◦ × 0.5◦ Spahni et al., 2011
ORCHIDEE 1◦ × 1◦ Ringeval et al., 2010
SDGVM 0.5◦ × 0.5◦ Singarayer et al., 2011
TEM-MDM 0.5◦ × 0.5◦ Liu et al., 2020
TRIPLEX-GHG 0.5◦ × 0.5◦ Zhu et al., 2014
VISIT 0.5◦ × 0.5◦ Ito and Inatomi, 2012

Table S2. The 16 GCP global wetland flux models that we use in the study, including the number of
global latitude and longitude grid cells in each model. Model names in bold indicate models for which
both diagnostic and prognostic simulations are available.
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Additional sensitivity matrices
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STILT footprint sensitivity over Alaska
May–Sep, 2012–2015 & 2017

Figure S1. The mean WRF-STILT footprints in Alaska using growing season (May to September)
atmospheric observations from CARVE and Arctic-CAP. Each panel represents (a) five years mean,
(b) 2012, (c) 2013, (d) 2014, (e) 2015, and (f) 2017.
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Atmospheric comparisons
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Figure S2. Correlation coefficient comparisons using WRF-STILT modeled CH4 mixing ratios from
the prognostic GCP models and from our posterior and deterministic estimates against aircraft obser-
vations from CARVE and Arctic-CAP. Darker red dots indicate higher point density, and the black
line denotes the 1:1 line for reference. The purple dots in sub-plot (l) represent the data points for
both posterior and deterministic estimates, whereas the orange dots represent the posterior estimates
only and blue dots represent deterministic estimates only.
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Figure S3. The comparisons of the vertical profiles between WRF-STILT modeled CH4 mixing
ratios from the prognostic and diagnostic GCP models and from our posterior estimates against aircraft
observations from CARVE and Arctic-CAP. Panel (a) represents the mean vertical profile comparisons
across all years, (b) to (f) represent the mean vertical profile comparisons across individual years.
The blue lines denote the total modeled mixing ratios using prognostic GCP models, the green lines
show the total modeled mixing ratios using diagnostic GCP models, the dashed gray lines exhibit
the background values derived from the mean of atmospheric observations collected over 2000 meters
above ground level, and the solid gray lines represent the sum between the background values and the
modeled mixing ratios from all other non-wetland sector fluxes. The unit is in ppb and the observations
that we use in this study are all below 1500 meters above ground level.
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Inundation fraction maps
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Figure S4. Mean inundation fraction (wetland extent) for the growing seasons (May–September)
of 2012–2015 and 2017, based on the WAD2M v2 product and regridded to a 0.5◦× 0.5◦ spatial
resolution. Values represent the grid-cell fraction that is inundated (unitless, with 0.2 corresponding
to 20% inundation). The map covers Alaska and adjacent regions of Canada within the WRF–STILT
modeling domain used in this study.
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Figure S5. North Slope (≥ 68◦N) share of Alaska’s total inundated area for eight prognostic GCP
models and the WAD2M v2 product. For each model and year (2012, 2013, 2014, 2015, 2017), we first
compute the May–September mean inundation fraction (Fw) at each land grid cell. We then calculate
the total inundated area in the North Slope and in all of Alaska, and express the North Slope share as
the ratio of these two totals (in %). For each model, the bar shows the mean North Slope share within
a year and then averaged across years. The WAD2M v2 bar represents the same metric computed
from the WAD2M wetland extent product used by all diagnostic GCP models.
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Figure S6. The mean Alaskan inundation fraction maps from May to September (2012 to 2015, and
2017) for (a) ensemble of all available prognostic inundation fraction maps, and (b) to (i) showing
individual inundation fraction maps from these prognostic GCP models. The unit is in %, and a 0.2
means that 20% of the areas within a grid box is inundated.
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Posterior wetland CH4 flux share minus prognostic GCP inundation shares
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Figure S7. Difference between the spatial distribution of posterior CH4 flux shares and prognostic
inundation shares (percentage points) at 0.5◦ resolution. For each grid cell, we compute its percentage
contribution to the total Alaskan CH4 flux using the posterior flux estimates and its percentage con-
tribution to the total Alaskan inundated area using the wetland extent products. The common color
scale spans −0.50 to +0.50 percentage points for all panels. Panel (a) shows the difference between
posterior flux shares and the ensemble-mean inundation shares across all prognostic GCP models,
while panels (b)–(i) show the corresponding differences for individual prognostic GCP models. Red
regions indicate grid cells where posterior flux estimates assign a larger fraction of Alaska’s total CH4

flux than implied by the model inundation (posterior > inundation), suggesting that wetlands may be
underrepresented in the extent product. Blue regions indicate grid cells where the inundation prod-
ucts give more shares than the posterior flux estimates (posterior < inundation), suggesting possible
overrepresented wetlands. Cells with small absolute differences (|∆| < 0.05 percentage points) appear
in light gray, and ocean grid cells and land east of 140◦W are masked.

9



Additional details on IAV
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Figure S8. Inter-annual variability of Alaska-mean inundation fractions simulated by the prognostic
GCP models and by the WAD2M v2 product for the growing seasons (May–September) of 2012, 2013,
2014, 2015, and 2017. For each model and each year, we calculate the Alaskan mean inundation
fraction by averaging monthly values over the growing season and multiply by grid-cell area. The
inter-annual variability for each model is expressed as the difference between its highest and lowest
Alaska-mean inundation values across the five study years, divided by the multi-year average of those
values (in %). A higher IAV indicates that the model’s inundated areas change more quickly from year
to year.
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North Slope share: inundation vs CH4 flux
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Figure S9. The comparison of North Slope shares of statewide inundation and CH4 fluxes across
prognostic GCP models. Each colored dot represents a prognostic GCP model, with the x-axis showing
the percentage of total Alaskan inundated areas from the North Slope and the y-axis showing the
percentage of total Alaskan CH4 flux from the North Slope. Model values are averaged across the
May–September period for years from 2012–2015 and 2017.
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IAV: inundation vs CH4 flux
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Figure S10. Comparison of IAV in inundation and CH4 fluxes across prognostic GCP models. Each
marker represents a prognostic GCP model. The x-axis represents IAV of total Alaskan inundation
and the y-axis represents the IAV of total Alaskan CH4 fluxes across 2012 to 2015, and 2017 from May
to September.
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Mean fall-shoulder season posterior CH4 flux estimate
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Figure S11. The spatial distribution of mean fall-shoulder season (October and November) posterior
CH4 flux estimate from 2012 to 2015, and 2017. All grid-cell values are expressed in units of µmol
m−2 s−1.
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Posterior and GCP model CH4 flux distributions across Alaskan permafrost
zones
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Figure S12. The percentage of growing-season (May–Sep) CH4 flux by permafrost zone based on the
permafrost extent product from the European Space Agency’s (ESA) Climate Change Initiative (CCI)
Permafrost project (Westermann et al., 2024). The permafrost extent product groups grid cells into
continuous (≥90%), discontinuous (50-90%), sporadic (10–50%), isolated (0–10%), and none (0%)
permafrost zones. These colored bars are denoted as the posterior estimate (blue), GCP prognostic
(orange), and GCP diagnostic (green) wetland ensembles over Alaska. Bars show the mean percentage
of CH4 fluxes over different permafrost zones in Alaska across the 2012–2015 and 2017 study year.
For each year, we first calculated the ensemble mean across all GCP models. We then calculated
the interannual standard deviation from these annual ensemble means. The error bars indicate ±1
interannual standard deviation across each model (or model ensemble) type for the same study years
in Alaska.

14



Spatial distribution of posterior and GCP model CH4 flux estimates across
Alaskan permafrost zones
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Figure S13. The spatial differences of estimated CH4 fluxes between posterior estimate and process-
based model ensembles during the growing-seasons in 2012 to 2015, and 2017 in Alaska’s continuous
permafrost region. Panel (a) represents the posterior flux estimate. Panel (b) represents GCP model
ensemble mean with prognostic runs. Panel (c) represents GCP model ensemble mean with diagnostic
runs. Panel (d) demonstrates theWETCHIMPmodel ensemble mean. 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.
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S0.1 Additional details on the GIM

To determine the best estimate of the fluxes, we minimize a cost function that balances how well the
estimate matches our atmospheric CH4 observations (z) against how closely the estimate matches the
predicted fluxes generated by our environmental drivers (Xβ). The standard equation of the cost
function can be expressed as (e.g., Kitanidis & Vomvoris, 1983; Michalak et al., 2004):

Ls,β = 1
2 (z −Hs)TR−1(z −Hs) + 1

2 (s−Xβ)TQ−1(s−Xβ). (S1)

Here, the first term on the right-hand side of Eq. (S1) governs how strongly the inverse model
fits the atmospheric measurements by penalizing mismatches between the observed (z) and modeled
mixing ratios (Hs), weighted by R. R is the model-data mismatch covariance matrix with dimensions
n × n, where n represents the number of atmospheric CH4 observations. The model-data mismatch
includes errors that are not fully explained by the estimated fluxes, such as measurement errors and
atmospheric transport errors. In our implementation, the diagonal elements of R are the variances
of the model-data mismatch errors for individual atmospheric observations. In our setup, we set
the off-diagonal values of R to zero, meaning that model-data mismatch errors are assumed to be
independent across observations. A smaller diagonal value in R means that our inverse model trusts
the observations more and that the posterior flux estimate (s) is more strongly adjusted to reduce the
discrepancy between modeled and observed CH4 mixing ratios.

On the other hand, the second term on the right-hand side of Eq. (S1) penalizes the difference
between the true and unknown flux estimate (s) from the deterministic model (Xβ), weighted by
Q. Q is the covariance matrix of the stochastic component (ξ) with dimensions m × m, where m
represents the total number of grid boxes across space and time. As mentioned in the main article,
the stochastic component helps adjust the spatiotemporal patterns of the flux estimate that are not
explained by the deterministic component (Xβ). The adjustments to the fluxes made by the stochastic
component will better match the flux estimate with the atmospheric CH4 observations from CARVE
and Arctic-CAP. Here, X is an m×p matrix (m = 634,338, p = 2) containing the environmental driver
data. The first column of X is a constant column of ones that plays a role similar to the intercept
term in a regression. Existing geostatistical modeling studies commonly include this column of ones,
and we do so here as well (e.g., Gourdji et al., 2012; Miller, Worthy, et al., 2014; Miller et al., 2016).
In this setup, we also interact or multiply the environmental drivers with one another, as was done in
Miller, Worthy, et al. (2014) and Miller et al. (2016), and the product of these variables becomes the
second column of X. We interact or multiply these environmental driver variables because the effect
of one variable often depends on the value of another. For example, inundated soils produce more
methane when temperatures are warmer, so the effect of inundation likely interacts with the effect of
temperature. In addition, β (dimensions of p × 1) is a vector of coefficients, and our inverse model
will estimate β to scale the estimates from the deterministic component and produce the best match
against atmospheric observations. Furthermore, Q controls how strongly the true flux estimate is
constrained by the deterministic component (Xβ). In this case, the diagonal elements of Q represent
the variance of the fluxes that are not captured by the deterministic component (i.e., the stochastic
component), while the off-diagonal elements describe the spatial and temporal correlation structure of
the stochastic component ξ.

Before running the inverse model, we first need to estimate the covariance parameters that define
R and Q. In our case, we use a approach called the restricted maximum likelihood (RML), which
is widely used by numerous existing studies (e.g., Kitanidis & Lane, 1985; Michalak et al., 2004;
Miller, Worthy, et al., 2014; Miller et al., 2016). RML is a statistical approach that will estimate
the covariance parameters that are statistically most likely given the spatial and temporal patterns in
the atmospheric CH4 observations. Using this approach, we estimate a value of (10.92ppb)2 for the
diagonal elements of R. We estimate a value of (0.05 µmolCH4 m

−2 s−1)2 for the diagonal elements
of Q, a value of 105 days for the correlation time, and a value of 187 km for the correlation length.
More details on RML and covariance parameter estimation are explained in Michalak et al. (2004).

To minimize the cost function, we first solve a system of linear equations to estimate β and
s (Kitanidis1996b; Michalak et al., 2004). To solve for sdirect and the corresponding regression
coefficients using the direct approach, the solution can be expressed using a vector of weights ζ
(Kitanidis1996b; e.g., Miller et al., 2020):

sdirect = Xβ +QHT ζ. (S2)
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There are two unknown vectors in Eq.S2, ζ and β. We solve for these vectors through a linear
block system (e.g., Michalak et al., 2004; Miller et al., 2020):[

HQHT +R HX
(HX)T 0

] [
ζ
β

]
=

[
z
0

]
, (S3)

after computing for ζ and β, we can plug them back into Eq. S2 to solve for sdirect.
This direct approach can yield physically unrealistic negative CH4 fluxes (e.g., Miller, Michalak, &

Levi, 2014), so we use the limited-memory Broyden–Fletcher–Goldfarb–Shanno algorithm with bound
constraints (L-BFGS-B). This algorithm will minimize the cost function subject to the requirement
that the estimated fluxes be non-negative (s ≥ 0) (e.g., R. H. Byrd et al., 1995; R. Byrd et al., 2003).
In our study, we first solve for the unconstrained system using the direct approach (Eq. S3) to generate
an initial flux estimate. Then, we use the L-BFGS-B to minimize the cost function and iteratively
solve for the final non-negative flux estimate s (e.g., R. H. Byrd et al., 1995; R. Byrd et al., 2003). We
choose L-BFGS-B for this step because it allows us to efficiently minimize the cost function without
excessive memory requirements (R. H. Byrd et al., 1995; R. Byrd et al., 2003).

We also estimate posterior uncertainties as part of the inverse model, and more details of our
approach are described by Michalak et al. (2004).

S0.2 Additional details on the BIC

A major challenge in interpreting the effects of multiple environmental drivers is the potential for
collinearity. For example, when environmental drivers have similar spatial or temporal patterns,
collinearity can make it difficult for the inverse model to distinguish their individual effects. To
address this issue, we apply the Variance Inflation Factor (VIF) for each candidate combination of
environmental drivers, which is an approach used by many existing studies (Marquardt, 1970). A VIF
gives us information on whether an environmental driver is bringing unique information to the model,
or whether it is mostly repeating information already provided by the other drivers. The equation
that calculates the VIF can be described as:

VIFi =
1

1−R2
i

(S4)

where R2
i measures how well an environmental driver (xi) can be explained by the other environ-

mental drivers. R2
i has a range from 0 to 1, and a higher R2

i value means that the environmental
driver is highly correlated with a linear combination of the other drivers. Consequently, a larger VIF
indicates that the predictor is more correlated with the remaining predictors, and a VIF of 10 is a
commonly used threshold to detect collinearity (e.g., Kutner, 2005). In our study, we filter out the
models with a VIF larger than 10, and detailed information on VIF can be found in Marquardt (1970).

S0.3 Additional details on the calibration scales for CARVE and Arctic-
CAP aircraft data

CARVE CH4 data were calibrated to the WMO X2004 scale, and Arctic-CAP data were calibrated
to the X2004A scale, which was implemented in July 2015 (https://gml.noaa.gov/ccl/ch4 scale.html).
To investigate the impact of scale differences, we examined CARVE flask CH4 data as a proxy for the
insitu data, which is not as easily re-processed to the updated scale. We find that CARVE flask data
on the X2004A scale are 0.3-0.6 ppb lower than flask data calibrated to the X2004 scale. Differences
of this magnitude in the observational data would have a negligible impact on our results of growing
season annual emissions. Note that the inversion is performed independently for each year, and all
aircraft observations within a given inversion year are on the same calibration scale.
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