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Abstract. Satellite observations play a central role in monitoring atmospheric methane (CH4), a potent greenhouse gas. Re-

cently launched instruments such as TROPOMI provide unprecedented spatial coverage, however, heterogeneous sampling

with both dense and sparsely covered regions poses challenges for inverse modeling systems. This uneven sampling can cause

very densely observed areas to dominate the inversion and lead to vanishing gradients in sparsely covered regions.

We present a parametric regularization method that computes observation-specific weighting factors based on the spatial5

and temporal distribution of measurements. Our method modifies the observational covariance matrix through a preprocessing

step, homogenizing the effective weight of densely and sparsely sampled regions without introducing additional computational

cost during the optimization. Since the parametric weighting is determined prior to the inversion, the approach can be used to

calculate weights for multiple-instrument inversions, without further additional parameter tuning. The adaptive regularization

is applied to global methane emission inversions for 2019, at 1◦ × 1◦ resolution, using the TMVar (TM5-MP/4DVAR v1.2.610

LAMOS) system, assimilating TROPOMI column observations.

Compared to a constant regularization approach, the presented method reduces the relative variation in grid-cell weights

by about 20%, by strengthening constraints in high-latitude and oceanic regions. Posterior simulations from inversions that

either assimilate satellite data only or also assimilate NOAA surface measurements are evaluated against independent TCCON

column observations, showing that the method preserves overall inversion performance while improving the spatial balance of15

satellite influence. The resulting global methane budget is consistent with recent top-down estimates from the Global Methane

Budget.
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1 Introduction

Climate change impacts have become increasingly evident in recent decades, largely driven by rising global surface tem-

peratures. This warming is primarily attributed to increasing atmospheric concentrations of greenhouse gases (GHGs) from20

anthropogenic activities (Eyring et al., 2021). Among them, methane (CH4) is a major, well-mixed greenhouse gas (WMGHG)

with a Global Warming Potential (GWP) of 29.8 (Etminan et al., 2016; Forster et al., 2021) over a 100-year time horizon,

making it roughly 30 times more effective than CO2 at warming the atmosphere over this period.

Since the pre-industrial era, atmospheric CH4 concentrations have increased by approximately 150% (Kirschke et al., 2013;

Saunois et al., 2020), contributing about 0.28 [ 0.19 – 0.39 ]◦C to global surface warming (Forster et al., 2021). Owing to its25

atmospheric lifetime of about 9 years (Szopa et al., 2021), reducing CH4 emissions can produce a rather rapid climate response,

which makes methane mitigation an attractive near-term climate strategy.

Methane originates from a combination of natural and anthropogenic sources, including wetlands (29%), agriculture (40%),

fossil fuels (20%), and biomass burning (4%) (Saunois et al., 2025). Methane is primarily removed from the atmosphere

through oxidation by hydroxyl radicals (OH), which accounts for roughly 90% of its total loss (Kirschke et al., 2013; Saunois30

et al., 2025). Additional sinks include soil uptake and stratospheric reactions with atomic oxygen (O(1D)) and chlorine radicals

(Seinfeld and Pandis, 2016). Despite substantial progress in understanding CH4 emissions, uncertainties remain in quantifying

their regional distribution and temporal variability (Turner et al., 2019). These uncertainties contribute to persistent discrepan-

cies between bottom-up inventories and top-down inversion estimates, although the gap has narrowed in recent years (Saunois

et al., 2020, 2025).35

Those top-down methods rely on assimilating atmospheric observations into chemical transport models to optimize prior

emission estimates. Surface monitoring networks provide highly accurate long-term measurements but are spatially sparse,

particularly in the Southern Hemisphere, resulting in strongly uneven data coverage (Dlugokencky et al., 2011; Paton-Walsh

et al., 2022). Satellite instruments complement these networks by offering near-global, high-resolution coverage (Jacob et al.,

2016, 2022). Earlier missions such as SCIAMACHY and GOSAT established global column monitoring capabilities (Buchwitz40

et al., 2006; Frankenberg et al., 2006; Kuze et al., 2016), while more recent instruments such as TROPOMI have substantially

increased spatial resolution and data density (Veefkind et al., 2012).

The growing volume and heterogeneous distribution of satellite observations pose new challenges for inverse modeling sys-

tems. Combining data sources enhances emission constraints by merging the high precision of ground-based measurements

with the broad spatial coverage of satellite data (Bergamaschi et al., 2009, 2013; Naus et al., 2022; Krol et al., 2013; Lu45

et al., 2021). However, in variational inversions, densely sampled regions can dominate the cost function, potentially reducing

the influence of sparsely observed areas and ground-based measurements (Kopacz et al., 2010; Hooghiemstra et al., 2012).

To mitigate this imbalance, previous studies have applied constant regularization or inflation factors to satellite observations

(Hooghiemstra et al., 2012; Krol et al., 2013; Naus et al., 2022; Nechita-Banda et al., 2018; Qu et al., 2021). While effectively

reducing overfitting, constant factors do not account for the spatial and temporal clustering of observations and can lead to van-50

ishing gradients in sparsely covered regions. More recent adaptive approaches adjust a single global factor during optimization,
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but they still treat all observations within a dataset uniformly and do not explicitly address local sampling density (Nüß et al.,

2025). Robustly combining heterogeneous datasets, therefore, requires a regularization strategy that accounts for the spatial

and temporal distribution of individual observations without substantially increasing computational cost.

In this study, we introduce a parametric method that computes observation-specific regularization factors from the local55

density of satellite measurements. Unlike approaches that require selecting a regularization factor or tuning it during the inver-

sion, the proposed method derives the weighting directly from the spatial distribution of the observations in a preprocessing

step, thereby removing the need for parameter choices. The weights are calculated prior to the optimization and incorporated

into the diagonal of the observational covariance matrix, preserving a fixed covariance structure throughout the inversion.

As the weighting relies solely on the observational dataset before assimilation, it is independent of the inversion algorithm60

and does not depend on the model configuration. This approach homogenizes the effective influence of densely and sparsely

sampled regions while remaining computationally efficient. Furthermore, it facilitates the integration of multiple observational

datasets within the same inversion framework, either by calculating factors per dataset or by combining them to account for all

data simultaneously. We apply the method to global CH4 emission inversions for 2019 at 1◦ × 1◦ resolution using the TM5-

MP/4DVAR system and TROPOMI column observations. Through a series of experiments comparing constant and adaptive65

regularization approaches, and by combining satellite observations with NOAA surface measurements, we assess the impact

of the proposed scheme on emission estimates and evaluate the results against independent TCCON column observations.

2 Methodology

2.1 Transport model description

Global CH4 concentrations are simulated using the Eulerian chemical transport model TM5-MP (Krol et al., 2005; Williams70

et al., 2017). The model is configured at a horizontal resolution of 1◦ × 1◦ with 34 hybrid sigma–pressure vertical levels

extending from the surface to 0.01 hPa.

Atmospheric transport is driven by meteorological fields from the ERA5 reanalysis produced by the European Centre for

Medium-Range Weather Forecasts (ECMWF; Hersbach et al., 2020). ERA5 provides 3-hourly meteorological data (hourly at

the surface) at a native horizontal resolution of approximately 31 km with 137 vertical levels extending from the surface to 1 Pa.75

For use in TM5-MP, these fields are horizontally averaged to the model grid, vertically reduced to 34 layers, and temporally

interpolated to the internal model timestep.

Methane chemical loss is represented using a simplified oxidation scheme that accounts for main atmospheric sinks, namely

OH radicals, Cl· and O(1D). The chemical destruction of CH4 by OH radicals in the troposphere is simulated using monthly

averaged OH fields that combine the ECMWF Copernicus Atmosphere Monitoring Service (CAMS) global reanalysis (EAC4;80

Inness et al. (2019)) with dedicated IFS/CB05/BASCOE simulations (Huijnen et al., 2016). A factor of 1.1 scales tropospheric

OH concentrations to ensure consistency with methyl chloroform (MCF) simulations, following Naus et al. (2021) and the

configuration used in CAMS CH4 inversions (Segers et al., 2025). In the stratosphere, monthly climatological fields of OH,

O(1D), and Cl· from the same IFS/CB05/BASCOE simulations are applied, consistent with the CAMS setup (Segers et al.,
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2025). All reaction rates are calculated using monthly mean temperature fields, consistent with the temporal resolution of the85

prescribed oxidant concentrations (OH, O(1D), and Cl·). These oxidant fields remain fixed throughout all inversions and are

not included in the optimized state vector.

2.2 4DVar assimilation method

The four-dimensional variational (4DVar) data assimilation technique (Talagrand and Courtier, 1987) is widely used for inverse

modeling of atmospheric trace gases (Eskes et al., 1999; Hooghiemstra et al., 2011; Bergamaschi et al., 2013; Nüß et al.,90

2025). This method seeks to iteratively determine an optimal state vector x that reproduces a set of atmospheric observations

y within a specified time window, while remaining consistent with prior information. In this study, the state vector x consists

of multiplicative scaling factors applied to prior surface CH4 emissions, optimized independently for each emission category.

The state vector is related to the modeled observations by simulating y through a nonlinear forward operator H, represented

as95

y =H(x,p)+ εO , (1)

where p denotes model parameters that are not subject to correction and εO represents the observational error. This error term

includes instrument, representativeness, and model representation errors, which are assumed to be uncorrelated.

From a Bayesian perspective, the inverse problem consists of estimating the posterior probability density P (x |y) given

prior information xa. We assume that (i) the prior errors (x−xa) and the observational errors εO are unbiased and Gaussian100

distributed with covariance matrices B and R, respectively, and (ii) prior and observational errors are statistically independent.

Under these assumptions, maximizing the posterior probability is equivalent to minimizing the cost function J defined as

J(x) =(x−xa)
T B−1 (x−xa) +

(H(x)−y )T R−1 (H(x)−y ) ,
(2)

where the first term represents the deviation from the prior (background term), and the second term the mismatch between mod-

eled and observed concentrations (see also Chapter 11 of Brasseur and Jacob (2017)). The background error B is constructed105

using the uncertainty of the parameters in the state vector, and their correlation in space and time.

In this work, the observational covariance matrix R is modified through an observation-specific weighting matrix Γ (Sec-

tion 2.3).

The optimality condition is obtained by setting the gradient of J to zero:

∇J(x) = 2B−1 (x−xa)+ 2KT R−1 (H(x)−y) = 0 , (3)110

where K=∇xH denotes the Jacobian matrix of the forward model. Due to the nonlinearity of H and the large dimension

of x, an analytical solution is computationally unfeasible. The cost function J is therefore minimized iteratively using a

gradient-based optimization algorithm. The adjoint model, represented by KT , is computed implicitly through backward time

integration of the adjoint operator (∂yp/∂yp−1)
T . At each iteration, the adjoint propagates the adjoint forcing R−1(H(x)−y)
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backward in time, obtaining the gradient of J with respect to emissions at earlier time steps. The resulting gradient vector is115

then passed to the optimizer to update x.

The Hessian of the cost function is given by

∇2J(x) = 2B−1 +2KT R−1K . (4)

Explicit computation or inversion of the Hessian is computationally prohibitive for the high-dimensional state vector con-

sidered here, particularly since K and KT are not formed explicitly. Consequently, posterior error covariance estimates are120

not provided, which limits the quantitative assessment of the uncertainty in the optimized emissions and of the spatial and

temporal distribution of the posterior constraints. This limitation concerns the uncertainty associated with the absolute emis-

sion estimates and with differences between individual optimized solutions. It does not, however, preclude the comparative

analysis performed here, which focuses on the response of the inversion to a different observational weighting configuration.

In particular, the weighting schemes produce systematic spatially and seasonally structured changes in the effective observa-125

tional weights (Section 3.2), allowing their impact on the optimized emission estimates to be examined directly. The results

should therefore be interpreted based on the relative effect of the weighting rather than as a quantitative assessment of posterior

emissions.

The adjoint implementation of TM5-MP used in this study follows the framework described by Meirink et al. (2008).

Minimization of Eq. 2 is carried out using the M1QN3 quasi-Newtonian optimization algorithm (Gilbert and Lemaréchal,130

1989), a limited-memory method well suited for large, under-constrained problems without requiring explicit construction of

the full Hessian matrix.

2.3 Regularization factor

Recent satellite instruments provide global coverage with increasingly high spatial resolution and sampling frequency. While

this improves observational constraints, it also introduces large disparities in the number and spatial distribution of obser-135

vations among datasets. As shown by Kopacz et al. (2010), when products from multiple satellites (MOPITT, AIRS, and

SCIAMACHY) are assimilated simultaneously, inversion results can become strongly biased toward the instrument with the

highest observation density. In practice, the overwhelming number of soundings from a single product may dominate the cost

function and reduce the relative influence of other information sources, i.e., other datasets or the prior.

A common strategy to mitigate this imbalance is to apply covariance regularization (or inflation), which increases the ob-140

servational error covariance matrix R for the denser datasets. When dense observations are not fully independent, reducing

their effective weight in the cost function can limit overfitting by correcting for underestimated uncertainties or neglected error

correlations. More fundamentally, covariance inflation accounts for the mismatch between the (relatively) coarse spatial reso-

lution of the model, and the much finer sampling of satellite observations. When multiple observations fall within a region not

resolved by the model grid, unresolved sub-grid variability can induce correlated representativeness errors, so these observa-145

tions may provide less independent information than assumed if their errors are treated as uncorrelated. In such cases, treating

these observations as independent leads to an overestimation of the effective information content, resulting in an excessive
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contribution to the cost function. Inflating R, therefore, acts as a practical approximation when these error correlations are

not represented explicitly in the observation error covariance matrix, helping to prevent densely sampled observations from

dominating the inversion beyond what is justified by their effective information content.150

Previous studies have typically implemented constant inflation factors selected heuristically. These scalar factors I are ap-

plied directly to inflate the matrix R. For example, Chevallier (2007) applied an inflation factor of 2 to OCO CO2 retrieval

errors, while Hooghiemstra et al. (2012) used a larger value (I =
√
50) for MOPITT observations following sensitivity analyses.

Similar values were adopted in subsequent CO inversion studies (Nechita-Banda et al., 2018; Naus et al., 2022). Alternative

formulations introduce a regularization factor γ directly in the observational term of the cost function (Brasseur and Jacob,155

2017), which is mathematically equivalent to inflating R when γ = I−1.

For methane inversions, the choice of γ has often relied on L-curve analyses (Hansen, 2000). Reported values vary substan-

tially depending on model resolution and dataset characteristics (Zhang et al., 2018; Lu et al., 2021; Qu et al., 2021), showing

the absence of a universally optimal constant factor. Some of these values have subsequently been adopted in similar inversion

configurations (Maasakkers et al., 2019; Zhang et al., 2021).160

Several approaches have been proposed to address this limitation. For instance, Liu and Rabier (2003) suggested weighting

the cost function by the number of observations to account for spatially correlated errors. More recently, Simonin et al. (2019)

introduced a statistical method that accounts for spatial error correlations based on distances between clusters of observations.

However, this approach becomes computationally prohibitive for the large covariance matrices involved in variational inver-

sions of satellite datasets, as the matrices must be recomputed at every iteration. Another strategy was proposed by Nüß et al.165

(2025), who adaptively adjusted a single global inflation factor so that the satellite contribution to the cost function roughly

matches that of in-situ observations. Although this improves robustness at the cost function level, it still applies the same weight

to all observations and does not account for local spatial or temporal clustering.

Here, we introduce an observation-specific regularization approach in which each satellite observation receives an individual

weight based on the local sampling density. The regularization factors are computed once during a preprocessing step and170

remain fixed throughout the inversion, preserving a consistent covariance structure while avoiding additional computational

cost during the minimization. Specifically, weighting each observation allows for a heterogeneous treatment of satellite data.

This parametric formulation makes the approach straightforward to use when combining multiple observational datasets, since

the weights depend only on the sampling characteristics of the observations themselves.

This framework can also be applied to super-observations. Since the method fundamentally relies on the spatial distribution175

and local density of nearby observations, it can extend to aggregated observations constructed from multiple soundings or

retrievals. In this case, the weighting is applied to either the super-observations themselves or to the individual pixels to be

aggregated, while still reflecting the underlying sampling geometry and spatial representativeness of the original observations.

This aligns with recent work emphasizing the importance of accounting for spatial correlations and representation errors in

super-observation-based applications (e.g. Nüß et al., 2025; Rijsdijk et al., 2025).180

The method relies on an unnormalized kernel density estimator for each observation using a Gaussian kernel applied to

pairwise Haversine distances dij [rad] among observations within a temporally constrained neighborhood. For each observation
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i, the inverse regularization factor is defined as

γ−1
i =

N∑

j=1

exp

(
−

d2ij
2h2

)
, (5)

where h [-] denotes the bandwidth parameter, and N the number of observations considered within the local neighborhood. In185

matrix form this becomes

γ−1 = exp

(
−D2

2h2

)
1N ,

with D= [dij ] and 1N an all-ones vector.

By construction, isolated observations yield γi = 1, resulting in no inflation, whereas densely clustered observations receive

stronger inflation (i.e., larger values of γ−1
i ). This formulation approximates the influence of unresolved spatial correlations190

arising from the mismatch between observation density and model resolution, while maintaining a diagonal observational

covariance matrix and thereby avoiding the computational burden associated with explicitly constructing correlated errors. The

underlying assumption is that densely sampled regions contain more observations that are not independent at the model spatial

scale; increasing their observational uncertainty therefore reduces their aggregate influence without explicitly specifying a

spatial correlation structure.195

The bandwidth h controls the spatial smoothing of the density estimate. Instead of prescribing a spatial length for smoothing,

we use Silverman’s (1986) rule to estimate a bandwidth, which accounts for the number of observations and the spread of the

data, yielding h= 0.2 [rad], which translates roughly to 11.5◦. The magnitude of the used h represents the reach of the

effect of an observation for the density estimation. This choice provides sufficiently smooth density estimates while avoiding

excessively localized variations in the resulting weights. Although Silverman’s rule can oversmooth the resulting estimates,200

sensitivity tests (see Figures S3 and S4) indicate that this relatively large bandwidth provides a useful conservative starting

point for the inversion. Nevertheless, more tailored bandwidth selection methods, such as the approach of Sheather and Jones

(1991), could be considered in future work when aiming for a better representation of the empirical density distribution of

observations. The use of more localized density estimates would require a more careful assessment of their impact on the

inversion.205

To reduce computational cost, each satellite orbit is divided into 15-minute scanning bands. Density estimates for each

pixel are computed using observations within the same band and the two adjacent bands. Sensitivity tests showed negligible

differences when extending the temporal window (see Figure S3), while substantially increasing computational expense.

Although not explicitly optimized for the cost function minimization, the bandwidth is deterministically calculated from the

observation set, avoiding the need for any manual parameter tuning for the density estimation. Once computed, the regulariza-210

tion vector γ is used to modify the covariance matrix,

R∗ = diag(γ−1)R . (6)
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Figure 1. Map of NOAA stations used in this study and CH4 average mixing ratios measured during 2019.

A limitation of the approach is that representativeness effects are accounted for only indirectly through density-based inflation

rather than explicit covariance modeling. Nevertheless, this simplification allows the method to scale efficiently to the large

observational datasets typically used in 4DVar inversions.215

2.4 Atmospheric observations

2.4.1 Surface measurements

Surface measurements of CH4 mixing ratios were obtained from the global NOAA station network (Dlugokencky et al.,

1994, 2009). Flask samples are collected approximately weekly, reporting the dry mole fraction of CH4 together with the

corresponding measurement uncertainty. Among the available stations, only background sites are used for this study. The hori-220

zontal resolution of the model (1◦×1◦) does not allow a full capture of the heterogeneous distribution and strong gradients near

large methane sources, which can lead to significant representativeness errors. Consequently, stations influenced by localized

or short-term emission events are excluded, and only background stations affected by diffuse, persistent, or seasonal emissions

are retained. For this study, a subset of 39 stations was selected from the 53 sites providing data during the simulation period

(see Figure 1 and Table S1). This selection follows an approach similar to Hooghiemstra et al. (2012), excluding stations with225

high variability.

Station selection is performed using a Seasonal-Trend decomposition with LOESS (STL; Cleveland et al., 1990), which

separates each time series into a trend, seasonal cycle, and residual component. For each station, the trend is estimated using

a 10-year smoother and the seasonal component using a 1-year smoother. The residual is then calculated as the difference

between the original series and the sum of the trend and seasonal components. We quantify the variability by computing the230

standard deviation of the residuals normalized by the observed values. Stations with an average relative deviation larger than 1%

are excluded. As an additional diagnostic, the autocorrelation of each time series is evaluated. Higher autocorrelation typically
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indicates well-mixed background conditions or influence from a stationary source, since only small weekly variations in mixing

ratios are expected. Stations retained in the final dataset exhibit strong temporal persistence, whereas excluded stations show a

rapid decline in autocorrelation between consecutive observations.235

When multiple samples are collected simultaneously at the same site, a weighted mean mixing ratio and uncertainty are

calculated using the reported measurement errors. A minimum measurement error of 3.0 ppb is imposed to account for the lim-

itation of numerical models to fully represent subgrid variability and point measurements (Bergamaschi et al., 2005; Meirink

et al., 2008). These values are then used directly in the calculation of the cost function during the inversions and for compar-

isons with model results. The standard deviation of simultaneous measurements is also computed and later used to estimate240

representativeness errors.

The error-weighted mean and variance for multiple measurements (i.e., sharing the same timestamps) are calculated assum-

ing a conservative correlation between measurement errors ρ= 0.15, preventing a significant underestimation of the resulting

variance. Using the reported uncertainties, this assumption allows reconstruction of the correlation matrix Σ for a set of mea-

surements x∗ and the calculation of unbiased estimators for the weighted mean mixing ratio x̄∗ and its variance σ̄2
∗.245

x̄∗ =
1T Σ−1x∗
1T Σ−11

, σ̄2
∗ =

1

1T Σ−11
(7)

2.4.2 Satellite column observations

To test the parametric regularization factor, CH4 column observations retrieved by the TROPOspheric Monitoring Instrument

(TROPOMI; Veefkind et al. (2012)) are used. Launched in 2017 onboard the Sentinel-5 Precursor satellite, TROPOMI mea-

sures CH4 in the short-wave infrared (SWIR) band. The spatial resolution at nadir improved from 7 × 7 km2 to 5.5 × 7 km2250

following an update to the operational settings of the instrument in August 2019. Therefore, the analysis period includes both

configurations, although the majority of observations correspond to the earlier resolution. The instrument provides daily global

coverage, representing a significant improvement over earlier satellite missions (Lorente et al., 2021). The satellite follows a

sun-synchronous orbit with a nominal daytime equatorial crossing time of approximately 13:30 local solar time. As a result,

most observations correspond to early afternoon conditions, although additional overpasses occur at high latitudes and dur-255

ing nighttime. These observations capture large-scale seasonal and long-range transport patterns as well as localized emission

events. They, therefore, provide valuable information to complement the spatially sparse in-situ measurements used in inversion

systems.

In this work, the Weighting Function Modified DOAS (WFMD) retrieval product (Schneising et al., 2019) is used (see

Figure 2). This product offers improved spatial coverage, particularly at high latitudes, and provides more realistic uncertainty260

estimates compared to the operational product (Schneising et al., 2023; Lindqvist et al., 2024). The WFMD v2.0 dataset used

here also includes enhanced quality filtering and improved accuracy relative to earlier versions (Schneising et al. (2026)).

To assimilate these satellite observations within our 4DVAR framework, a simulated retrieval is calculated for each sounding.

The modeled atmospheric profile is first interpolated to the pixel location and mapped onto the a priori layers of the satellite

retrieval. Then, the concentrations at each layer are combined with the provided averaging kernels to compute a modeled total265
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Figure 2. Observations retrieved by the WFMD v2.0 product of TROPOMI for 2019. On the left (a) the annual mean total column mixing

ratio of CH4, and on the right (b) the fraction of days of the year with at least a single valid observation in the grid. Both binned to a 1◦ ×1◦

grid.

column. This simulated retrieval is subsequently compared with the observed column value, providing the cost contribution

and adjoint forcing used during the inversion.

2.4.3 Ground-based column observations

In addition to comparisons with NOAA surface measurements and TROPOMI observations, the simulated mixing ratios ob-

tained from the optimized emissions are evaluated using independent ground-based observations from the Total Carbon Column270

Observing Network (TCCON; Wunch et al. (2011)). TCCON consists of a global network of Fourier Transform Spectrometers

measuring direct solar spectra in the near-infrared region, providing highly accurate observations of total column mixing ratios

for several trace gases, including CH4. These observations are not assimilated in any experiment and are used exclusively for

independent evaluation.

During the simulation period, 25 TCCON sites were operational, providing CH4 density columns (see Table S2). Figure 3275

shows the TCCON sites used in this study together with the mean total column mixing ratio of CH4 observed during 2019.

Some sites are located near emission regions and, therefore, cannot be considered pure background locations. Consequently,

the model may have greater difficulty reproducing the variability observed at some of these sites.

To compare modeled concentrations with TCCON observations, a simulated total column must be calculated by sampling

the model output and accounting for the vertical sensitivity of the instrument. Following the recommendations in the TCCON280

documentation, averaging kernels are applied together with a pressure weighting function to compute a modeled total column

mixing ratio (Wunch et al., 2010).

X̂ =

∑
j (ak (x̂−xp)+xp )j · τj∑

j τj
. (8)
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Figure 3. Map of TCCON sites used in this study after filtering with the mean total column mixing ratio of CH4 observed during 2019.

Here, X̂ denotes the simulated total column mixing ratio, ak the averaging kernel, x̂ the simulated mixing ratio for layer j, xp

the corresponding a priori value, and τj the pressure weighting factor.285

Since the provided observation a priori mixing ratios are expressed relative to wet air, the dry-air mixing ratio must first be

calculated by removing the contribution of water vapor:

Xdry
gas =Xwet

gas /
(
1−Xwet

H2O

)
. (9)

Additionally, the pressure weighting factor τj is calculated following the formulation of Connor et al. (2008), which allows

determination of the weighting factors even when level boundaries are not explicitly provided.290

τj =

∣∣∣∣∣

(
−pj +

pj+1 − pj
ln(pj+1/pj)

)

+

(
pj −

pj − pj−1

ln(pj/pj−1)

)∣∣∣∣∣ ·
1

psurf
.

(10)

TCCON measurements are typically collected in short bursts (as short as every 5 seconds), separated by gaps of several days.

Because the model output has a temporal resolution of 15 minutes, this sampling pattern can lead to an over-representation of

certain time periods in the comparison. To mitigate this effect, observations occurring within a 15-minute window are averaged

using Eq. 7. This temporal aggregation better matches the model resolution and reduces representativeness biases associated295

with temporal interpolation.

2.5 Experiments performed

We designed a set of experiments to evaluate the impact of the parametric regularization factor and to compare it with the

constant values commonly used in previous studies. All experiments consist of two-year inversions performed with the TM5-

MP/4DVAR system, including six-month spin-up and spin-down periods. The spin-up period is required to avoid large emission300
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Table 1. Summary of performed inversions.

Code Assimilated data Regularization

S0 none (a priori) -

S1 stations -

S2 satellite constant

S3 satellite adaptive

S4 stations and satellite (combined) constant

S5 stations and satellite (combined) adaptive

adjustments caused by potential biases in the initial emissions and atmospheric concentrations provided to the model. The

spin-down period allows the final months of the simulation to remain constrained by subsequent atmospheric observations.

The simulations cover the period from July 2018 to June 2020, while the analysis focuses on the 2019 calendar year. This

period was selected because the TROPOMI WFMD product has been consistently available since mid-2018.

The experiments differ in the combination of assimilated observations and, when satellite data are used, in the choice of305

regularization. The baseline inversion (S1) assimilates only surface measurements from the selected NOAA background sites.

Satellite-only inversions (S2, S3) are performed using either a constant regularization factor (γ = 0.01) or the parametric

regularization method proposed in this study. Combined inversions (S4, S5), which assimilate both satellite and station data,

are carried out using the same two regularization approaches. In addition, the a priori simulation without any data assimilation

(S0) is included as a reference.310

Altogether, this setup results in six simulations (Table 1), all following the configuration described in Section 2.5.1. The

constant value γ = 0.01 is selected within the range reported by Zhang et al. (2018), who found values between 0.01 and 0.1

to be optimal for their methane inversion setup. Specifically, the lower bound is chosen to better match the mean value of the

density-based regularization factors (≈ 0.008), allowing a more direct comparison between the two approaches.

2.5.1 Simulation setup315

We separate emissions by source in wetlands, rice, biomass burning, and other sources, since they have distinct spatial patterns

and seasonal cycles (Bergamaschi et al., 2010, 2013). This approach isolates emissions with unique temporal behaviors, such

as rice (highly seasonal) versus industrial sources (relatively stable). We follow the approach of Bergamaschi et al. (2013) to

compile emission inventories, with major updates on anthropogenic, biomass burning, and wetland sources. A summary of the

inventories used is presented in Table 2 listing all emission sources and their data resolution.320

Anthropogenic emissions come from the Emission Database for Global Atmospheric Research (EDGAR v7.0; Crippa et al.

(2021)), which provides monthly estimates by sectors from 1971 to 2021. Rice emissions are separated from other anthro-

pogenic sources due to their significant seasonal cycle, unlike other anthropogenic sources that remain relatively constant

throughout the year. Biomass-burning emissions are obtained from the Global Fire Assimilation System (GFAS; Di Giuseppe

12

https://doi.org/10.5194/egusphere-2026-3458
Preprint. Discussion started: 28 August 2026
c© Author(s) 2026. CC BY 4.0 License.



Table 2. Methane sources and sinks included in prior emissions, with their original spatial and

temporal resolution.

Type Source Dataset Temp. res. Spat. res.

Anthropogenic all sources EDGAR v7.0 monthly 0.1◦ × 0.1◦

Biomass burning wildfires GFAS v1.2 daily 0.1◦ × 0.1◦

Natural wetlands LPJ-WSL monthly 0.5◦ × 0.5◦

oceans climatological - 1.0◦ × 1.0◦

wild animals climatological - 1.0◦ × 1.0◦

termites climatological - 1.0◦ × 1.0◦

geological not included

soil uptake climatological - 1.0◦ × 1.0◦

et al. (2018)), which estimates daily emissions from satellite-derived fire radiative power (FRP). These estimates are then ag-325

gregated into monthly emissions for the inversion. For wetland emissions, we use updated simulations from LPJ-WSL runs

(Zhang et al., 2016, 2023), a process-based dynamic global vegetation model developed for carbon cycle applications. This

dataset provided monthly emissions data from 2000 to 2021. Emissions from oceans (Lambert and Schmidt, 1993) and wild

animals have been compiled by Houweling et al. (1999) through extrapolations of measurements and are treated as climato-

logical sources. Termite emissions come from the CAMS global emissions dataset (Doubalova and Sindelarova, 2018), which330

revises earlier estimates by Sanderson (1996) for 2000. This monthly estimation is also treated as climatological. We excluded

geological sources due to high uncertainty in their spatial distribution and magnitude, making it challenging to assess their

regional impact. However, we acknowledge the efforts made by Etiope et al. (2019) in creating an emission inventory that may

be considered in future studies. A process-based model for estimating soil CH4 consumption was developed by Ridgwell et al.

(1999). In this study, the values from that model are used as climatological, based on the assumption that soil uptake fluxes335

are influenced more by changes in agricultural practices than by global warming. All emissions are aggregated to the model

1◦ × 1◦ grid, and monthly averages are computed for use in the simulations.

In our simulations, the state vector comprises individual scaling factors for the prior emissions. A single scaling factor is

independently assigned to each grid cell at the model’s spatial resolution, source category, and month, resulting in 6,220,800

parameters to be optimized in x. The adjoint emission factors are applied using a semi-exponential description for the prob-340

ability distribution of prior emissions, which ensures that the scaling factors remain positive (Bergamaschi et al., 2009). The

optimization is terminated when the gradient of the cost function falls below 10−10, with a maximum of 50 iterations.

To construct the matrix B, spatial correlations are represented by an isotropic Gaussian function for all source categories.

Temporal correlations are represented by exponential decay for anthropogenic and natural sources, while rice, biomass burning,

and wetlands are assumed to be temporally uncorrelated, following the setup used in CAMS CH4 inversions (Segers et al.,345

2025). For the matrix R, the provided uncertainty for each observation is used, and the observation errors are assumed to be
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Figure 4. Regularization factor γ for TROPOMI WFMD v2.0 (2019). Individual observation factors are binned into the 1◦ × 1◦ grid and

averaged seasonally. A value of γ−1 = 1 means no weight reduction. The reciprocal form (γ−1) is shown, such that larger values represent

stronger variance inflation.

uncorrelated. A minimum observation error of 3 ppb is imposed to avoid overfitting and to account for the representativeness

error of the model. Thus, R is constructed as a diagonal matrix and subsequently inflated using the weighting matrix Γ. Finally,

an estimate of the spatial and temporal transport errors from the a priori runs is added to the matrix.

3 Results and Discussion350

3.1 Regularization factor

We compute the parametric regularization factor for each TROPOMI observation before performing the inversions. To evaluate

how it varies spatially and seasonally, we aggregate the per-observation factors to the 1◦×1◦ model grid and average them per

season. Figure 4 shows the reciprocal form (γ−1), such that larger values correspond to stronger variance inflation and thus

less weight for individual observations.355
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The spatial distribution of γ−1 matches the coverage characteristics of TROPOMI . Areas with persistent and dense coverage

throughout the year tend to have larger values, indicating a down-weighting of clustered observations. On the other hand,

regions with frequent cloud cover, oceanic areas, and high latitudes during their respective winter seasons, have lower coverage,

resulting in values close to 1. This behavior indicates that sparsely covered regions suffer little to no inflation.

A clear seasonal cycle in γ is driven by changes in observational availability between summer and winter periods. Reduced360

solar illumination and increased cloud cover during winter months decrease the number of successful retrievals, thereby lower-

ing the inflation factors. Conversely, more favorable retrieval conditions during summer months increase local sampling density,

resulting in stronger variance inflation and a reduced individual weight of each observation, as contrast to the aforementioned

winter months.

Overall, the resulting patterns are consistent with the expected behavior from the kernel density estimation method, in which365

high-density clusters produce larger estimated densities and therefore stronger regularization, while isolated observations retain

most of their weight. No artificial features or discontinuities are introduced, indicating that the selected bandwidth provides a

smooth regularization without fully homogenizing the field.

3.2 Weight contribution

Before analyzing the impact of the proposed adaptive regularization on inferred methane emissions, we examine how it redis-370

tributes the relative influence of satellite observations compared with a constant regularization approach. To quantify the effect

of parametric regularization on the relative weight of each grid cell, we compute the regularization-weighted number of pixels

per grid cell and normalize it by the global total. This normalization allows a direct comparison between configurations with

different regularization magnitudes.

Figure 5 shows the seasonally averaged distributions. Adaptive regularization produces a clear redistribution of weights, with375

a general decrease over land, and an increase over the oceans. This behavior reflects the higher observational density over land

surfaces, and the limited availability of valid retrievals over oceans, primarily due to low-surface albedo. High-latitude regions

in the Northern Hemisphere (NH) receive increased relative cell weight, consistent with the reduced number of observations

caused by seasonal darkness.

The primary objective of introducing the adaptive regularization is to achieve a more homogeneous spatial distribution of380

observational weights across the model grid. To quantify this effect, we compute the coefficient of variation (CV), defined as the

ratio of the standard deviation to the mean weight across all grid cells. For 2019, the CV decreases from 1.62 in the constant

regularization configuration (independent of the absolute value of γ) to 1.30 when using the adaptive approach (Table 3).

This corresponds to an approximately 20 % reduction in relative variation, indicating a substantially less dispersed weight

distribution.385

Despite the overall reduction, overland regions continue to receive the highest relative weight, as the adaptive parametrization

compresses the range of weights without altering the underlying spatial pattern. An increase in cell weight effectively raises

the adjoint forcing in those grid cells, thereby mitigating vanishing gradient effects in sparsely covered regions. These changes
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Figure 5. Seasonal comparison of normalized satellite weights over model grid cells, calculated as the sum of pixels per cell weighted by

their individual regularization factor and normalized by the global total. The left column shows the constant regularization case; the middle

column the parametric regularization; and the right column the symmetric relative change between them. The change is calculated from the

logarithmic change as h= exp( | ln(y/x) |)−1, obtaining a relative change that is symmetrical with respect to increases and decreases. For

the constant regularization case, normalization implies that the relative cell weight depends only on the number of pixels per grid cell and

not on the absolute magnitude of γ.
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Table 3. Coefficient of variation of cell weights calculated over all grids. Results

are from the seasonal average weights and annual mean (2019). Calculated as the

standard deviation of cell weights normalized by their average. In the constant case,

the coefficient of variation is independent of the absolute magnitude of γ.

Season DJF MAM JJA SON 2019

Constant γ 1.498 1.311 1.800 1.612 1.623

Parametric γ 1.253 1.126 1.396 1.286 1.305

Difference [%] −17.9 −15.2 −25.4 −22.6 −21.8

in observational weighting directly influence the spatial distribution of information entering the inversion and, consequently,

the inferred methane emissions discussed in the following section.390

3.3 Inversion results

3.3.1 Cost function contribution

We compare how parametric regularization affects the satellite contribution to the cost function before and after optimization

(Figure 6). To isolate the impact of satellite weighting, we examine satellite-only inversions (S2 and S3), excluding surface

station data. In both cases, the spatial pattern of grid cells where the cost increases or decreases after optimization is similar.395

An increase in local cost (red on right column of Figure 6) means the model fit to satellite observations worsened in that region

during optimization. This happens in the cases of (1) regions already well captured by the prior, where adjustments elsewhere

indirectly introduce biases, or (2) low-weight regions where the inversion sacrifices local fit for global improvement.

Globally, both satellite-only inversions (S2 and S3) reduce the satellite cost term similarly; decreasing to 45.9% of its prior

value (constant γ) and 50.6% (adaptive γ) respectively. Although the overall reduction is comparable, the spatial redistribution400

and local fit differ. In the Southern Hemisphere (SH) oceans and the Antarctic region, using the adaptive regularization produces

a substantially smaller cost increase (lower values on the right column of Figure 6) than the constant regularization. This means

that, percentually, a stronger weight over these regions limits the increase of the local cost function contribution. On the other

hand, the stronger weight also means that the cost function values over these regions, before optimization, are higher than

in the constant regularization case. Similarly, Northern high-latitude regions show a greater reduction in their mismatch with405

adaptive regularization. These results indicate that parametric regularization gives a more uniform global fit than a constant

one, mainly by reducing cost increases in sparsely sampled regions.
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Figure 6. Satellite cost contribution per grid cell for satellite-only inversions with constant γ (S2) and parametric γ (S3). Values are the sum

of individual sounding contributions to the cost function per grid cell. The right column shows the symmetric relative change between prior

and posterior simulations. Absolute values are not directly comparable between configurations due to different initial total costs.

3.3.2 Emission adjustments

Following optimization, global total methane fluxes remain of similar magnitude across configurations and display broadly

consistent spatial structures. However, regional differences emerge when comparing emission adjustments obtained with adap-410

tive and constant regularization (see Figure 7).

When applying adaptive regularization, stronger emission increases are obtained over Southeast Asia, a region with multiple

significant CH4 sources (see Figure 7). In particular, fires in this region can be long-lasting and sustained by underground peat

combustion (Di Giuseppe et al., 2018). Fire radiative power (FRP) or burned-area products primarily capture surface signals

and may therefore miss low-intensity but persistent underground fires (Kaiser et al., 2012). These characteristics provide a415

possible explanation for the stronger emission adjustments obtained with adaptive regularization. While the inversion results

alone cannot confirm this, the larger adjustments are consistent with biomass-burning emissions being underestimated in the

prior fluxes, requiring larger corrections when higher cell weights are assigned through the parametric regularization, though

further assessment would be necessary to validate this interpretation.

Southeastern Brazil also shows increased emission adjustments with the adaptive factor, particularly in regions where major420

urban areas, ports, and industries are located (Rio de Janeiro and São Paulo states). Although the increase in cell weight is

concentrated on the summer months, weighting of nearby coastal observations may strengthen constraints on inland emissions

through atmospheric transport. In contrast, Canada shows a substantial emission reduction with adaptive regularization. This

18

https://doi.org/10.5194/egusphere-2026-3458
Preprint. Discussion started: 28 August 2026
c© Author(s) 2026. CC BY 4.0 License.



−
1.

0
−

0.
5

0.
0

0.
5

1.
0

R
el

at
iv

e
ch

an
ge

[-
]

Figure 7. Symmetric relative change in optimized emission fluxes between satellite-only inversions using

adaptive (S3) and constant (S2) regularization. Calculated using the ratio of posterior emissions from S3 and

S2. Negative values indicate resulting lower emissions when using adaptive regularization.

region is dominated by wetland sources, which decrease in all simulation configurations. The higher local weight in the adaptive

case leads to a stronger reduction in the local cost contribution, producing stronger emission adjustments.425

More generally, the regional emission adjustments should not necessarily be interpreted as direct evidence of biases in the

prior emissions. In weakly constrained regions, particularly those with larger emissions, the inversion has greater freedom to

modify these emissions without strongly affecting the observational cost. Such regions may therefore act as garbage collectors

for the inversion, absorbing part of the adjustment required to reconcile mismatches arising from more strongly constrained

regions, where the observations more strongly penalize changes in emissions. Adaptive regularization seeks to reduce this430

effect by balancing the overall observational weight that individual grid cells hold. Consequently, relatively large differences

when using the adaptive weighting in underconstrained regions may reflect the spatial distribution of observational constraints

and the compensating behavior of the inversion, rather than a corresponding magnitude of error in the prior emissions.

Comparing the satellite-only (S3) and combined (S5) inversions highlights the influence of specific stations on emission

adjustments (Figure 8). Major relative reductions are observed around PSA, BHD, MEX, and ASK, while clear annual emission435

increases appear around CBA, PAL, and SHM (see Figure 1). These reductions suggest differences between the constraints

imposed by the satellite columns on the modeled vertical profiles and those imposed by surface mixing ratios from the stations.

Such discrepancies can be attributed to the strong constraints that in situ measurements provide on near-surface concentrations,

emphasizing the importance of including ground-based measurements in emission inversions. Additionally, biased initial CH4

concentrations may contribute to over-corrections if the spin-up period is too short, as the inversion may compensate for440

mismatches in the atmospheric state.

Further, the budgets derived from the inversions were compared against the Global Methane Budget (GMB) top-down esti-

mates (Figure 9). Our 2019 simulations align more closely with the 2020 emission estimates than with the 2010–2019 average.

This likely reflects the relative stability of global methane emissions, making the decade average less representative of condi-
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Figure 8. Symmetric relative change of emission fluxes resulting from including surface stations (S5) in the

inversion using adaptive regularization (S3). Calculated using the ratio of optimized emissions from S5 and

S3. Negative values indicate a decrease in emissions when in-situ measurements are assimilated.

tions in 2019 than the 2020 estimation. Exact agreement between individual categories is not expected due to methodological445

differences between the optimization methods.

3.3.3 Modeled atmosphere evaluation

To assess whether the resulting emission differences are consistent with independent observations, the inversion results are

evaluated against TCCON column observations. A summary of all TCCON observations is provided in Table 4, showing the

error-weighted RMSE and MBE, together with the averaged normalized mismatch (detailed results for each site are provided450

in Table S3). These metrics are calculated from the posterior emissions and the observations. Overall, the S1 inversion shows

poorer agreement with TCCON observations, highlighting the value of including column observations in the inversions to

provide constraints beyond the surface level. The metrics for the other simulations are relatively similar, although the adaptive

cases show a slight tendency toward lower RMSE, MBE, and mismatch values.

Comparisons at specific sites are performed using sigma-normalized mismatches between posterior modeled and observed455

columns. Results for four sites, Eureka, Ny-Ålesund, Réunion, and Wollongong are shown in Figure 10. These sites were se-

lected to illustrate two aspects of the inversion behavior, differences in satellite sampling, and the influence of nearby surface

constraints. Ny-Ålesund, located at high northern latitudes near the Zeppelin station (ZEP), is characterized by relatively sparse

satellite coverage and the presence of nearby surface measurements, leading to stronger local constraints in simulations that

include NOAA observations. In contrast, Eureka, which is located at a similar latitude, does not have an immediate NOAA460

station, with Alert being the closest one. Réunion, located in the tropical Southern Hemisphere, lacks nearby surface measure-

ments, while satellite observations are highly concentrated during the Southern Hemisphere summer. Finally, Wollongong is

strongly influenced by satellite observations throughout the year, while the nearby Cape Grim station is sufficiently close to

affect emissions and concentrations in the region.
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Figure 9. Comparison of global posterior budgets from each simulation against the a priori and data from the Global Methane Budget (GMB;

Saunois et al. (2025)) top-down estimates. Values inside each bar represent the total of those emission categories, and the outer right column

shows the sum of all categories. Soil uptake is included as a subtraction of the total for the GMB values (35 and 36 Tg yr−1, respectively).

In contrast, in this study, they were optimized together with anthropogenic and other natural sources.
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Table 4. Summary of statistical metrics for the modeled results compared with TCCON

observations. Note that none of the simulations assimilate these data.

Simulation

Weighted

RMSE

Weighted

MBE

Normalized

mismatch

S0 A priori 10.00 5.08 1.50

S1 Stations (baseline) 11.19 −7.51 −2.17

S2 Satellite (constant) 10.02 −6.97 −2.02

S3 Satellite (adaptive) 9.99 −6.64 −1.93

S4 Combined (constant) 10.02 −6.62 −1.92

S5 Combined (adaptive) 9.91 −6.45 −1.87

At Ny-Ålesund, the increased weight assigned to the satellite observations through adaptive regularization results in a de-465

crease in the modeled columns. This behavior is consistently observed in both the satellite-only and combined inversions and

persists across the other sites located above 50◦N (see Figure S2). This bias is unlikely to originate from the satellite retrievals

themselves, as validation of the WFMD v2.0 product against TCCON shows a slight positive bias at high northern latitudes

(Schneising et al., 2026). Instead, the underestimation likely reflects errors introduced by transport or excessive chemical loss

at high latitudes, possibly linked to uncertainties in OH fields, which remain a known challenge in methane inversions (Zhao470

et al., 2020, 2023; Naus et al., 2021, 2019; Lan et al., 2021). Seasonal coverage limitations at high latitudes, where retrievals

are mostly available during summer, may also contribute to representativeness errors. At Eureka, although all simulations

exhibit a positive bias in the modeled columns, the adaptive regularization still reduces the modeled columns relative to the

corresponding constant-regularization cases.

At Réunion, located in the tropical Southern Hemisphere, there is a stronger underestimation of the total column. This bias475

is most pronounced in the baseline (S1) simulation. In the absence of a nearby in situ station, the satellite-only inversions

show better agreement with the observations, reinforcing the importance of an extended background monitoring network for

constraining inversions. In this region, the underestimation may also result from compensating effects, whereby an overly

polluted modeled atmosphere is balanced by globally reduced emissions, leading to cleaner near-surface concentrations than

those observed by either the satellite or TCCON. By comparison, at Wollongong, the negative model bias increases, although480

the agreement with TCCON improves more clearly when parametric weighting is applied, leading to better results in S3 and

S5 than in their constant-regularization counterparts.

Validation against NOAA background stations further supports these findings. Posterior simulations generally reduce nor-

malized mismatches relative to the a priori across most stations, as expected, since both the baseline and combined inversions

assimilate these observations (see Figure S1). Overall, the simulations assimilating the satellite observations perform worse485

against NOAA flask measurements, with the discrepancy increasing when adaptive regularization is applied. This may be

explained by the fact that neither the satellite nor the station observations are bias-corrected; therefore, they may be incon-
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Figure 10. Sigma-normalized error between modeled columns and TCCON observations, calculated as the difference between the modeled

total columns and TCCON observations divided by the observation uncertainty. A priori results are shown in gray for reference; all other bars

correspond to posterior simulations after emission optimization. Results are shown for Eureka (Canada; n= 1,337), Ny-Ålesund (Svalbard;

n= 1,232), Réunion (Indian Ocean; n= 2,016), and Wollongong (Australia; n= 3,785).

sistent and provide competing constraints. A more constrained problem has less freedom to simultaneously fit all available

observations.

Consistent with the TCCON results, high-latitude stations (above 40◦N) show the largest mismatches in the satellite-only (S2490

and S3) inversions, where no surface measurements were assimilated. These mismatches appear as a negative model bias (i.e.,

an underestimation of CH4 surface concentrations), which becomes more pronounced when adaptive regularization is applied.

This suggests that the satellite observations represent a cleaner total column than that simulated by the model. In contrast, in

the Southern Hemisphere, applying parametric regularization slightly increases the overestimation of surface concentrations,

even when emissions near Antarctica are reduced. Overall, these results point to discrepancies between the modeled vertical495

profiles and the satellite observations, with the latter indicating a cleaner atmosphere.

Latitudinal band distributions from TROPOMI (see Figure S7) show that the model successfully captures the observed

columns in the Northern Hemisphere, with relatively small biases across all simulations assimilating these data.

In the Southern Hemisphere, adaptive weighting increases modeled column mixing ratios, although this does not lead to

the overestimation observed at the surface stations. Therefore, in this region, the model tends to produce a surface layer too500

polluted relative to the stations when assimilating only TROPOMI, while producing a total column that is too clean relative

to the satellite observations when assimilating only surface observations. Both effects become more pronounced when per-
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Table 5. Summary of statistical metrics for the modeled results compared with NOAA

measurements. Note that both the baseline and combined inversions assimilate these

measurements, logically yielding better fits than the satellite-only inversions.

Simulation

Weighted

RMSE

Weighted

MBE

Normalized

mismatch

S0 A priori 17.75 14.52 3.282

S1 Stations (baseline) 7.83 0.47 0.088

S2 Satellite (constant) 12.53 −0.22 −0.088

S3 Satellite (adaptive) 14.21 −0.16 −0.086

S4 Combined (constant) 8.52 1.41 0.293

S5 Combined (adaptive) 8.72 1.55 0.318

observation regularization factors are applied. A similar behavior can also be observed at WG, the southernmost TCCON

site (see Figure 3). These results emphasize the importance of jointly assimilating surface and column observations with

complementary sensitivities, thereby constraining the inversion to maintain a vertically consistent methane distribution that505

emerges from both the prior and the observational constraints through atmospheric transport.

The seasonal mismatch (see Figure S8) shows that the absolute mismatch is reduced in several regions when adaptive

weighting is applied. However, the overall results remain consistent across inversion configurations, indicating that adaptive

regularization produces emission estimates comparable to those obtained using different constant regularization values in

previous studies.510

4 Conclusions

In this study, we introduced a parametric approach for calculating regularization factors that weight the influence of individual

satellite observations. By assigning observation-specific weights during preprocessing, the method provides more balanced

assimilation of dense TROPOMI observations alongside relatively sparse in-situ measurements. We evaluated the approach

using global methane inversions with the TM5-MP/4DVAR system.515

Parametric regularization produces a more homogeneous spatial distribution of observational weights across the model grid.

For TROPOMI observations in 2019, it reduced the relative variation in grid-cell weights by roughly 20% compared with a

constant regularization approach. This redistribution increases the contribution of regions with sparse satellite coverage, such

as oceans and high latitudes, while reducing the dominance of densely observed regions.

The adjusted weighting leads to regional differences in optimized methane fluxes. Although these changes are generally520

localized and moderate, noticeable differences occur in regions such as Southeast Asia and Canada, where the increased

weighting of sparse observations strengthens constraints on emissions. Despite these regional variations, the resulting posterior
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methane budget for 2019 remains consistent with the latest Global Methane Budget estimates, aligning more closely with 2020

estimates than with the 2010–2019 average.

Evaluation against TCCON observations shows that parametric weighting preserves the overall behavior of the inversion.525

Persistent high-latitude biases likely originate from modeling limitations, including uncertainties in OH distributions, dis-

crepancies between surface and column constraints, and difficulties in reproducing realistic vertical methane profiles. Further

improvements may be achieved through longer model spin-up periods or through initial concentration fields that better match

the modeled distribution.

Because the regularization weights are calculated as a preprocessing step, the covariance structure of the inversion remains530

fixed throughout the optimization, and the method introduces minimal computational overhead. This makes the approach

easily applicable to other satellite retrieval products and inverse modeling frameworks, providing a flexible methodology for

combining multiple satellite datasets within a single inversion system.

The advancing capabilities of new satellites with increased spatial resolution, together with the ability of parametric regular-

ization to better characterize the distribution of methane and other trace gases from these observations, improve our ability to535

identify emission sources and, consequently, support the development of more effective climate policies.
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