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Abstract. Amid the accelerated growth in global atmospheric methane (CH4) concentrations after 2019, identifying key
emitting regions, quantifying their contributions, and elucidating the underlying drivers have become pressing needs.
However, limited monitoring capacity and complex inversion systems have constrained the timely and accurate assessments
of regional CH4 emissions. Here, we construct a regional atmospheric inversion framework using the Local Ensemble
Transform Kalman Filter (LETKF), constrained by satellite CH4 observations. Applied to East Asia at 0.5° x 0.625°
resolution, this system produces weekly CHy4 flux estimates for China during 2019-2024. We show that China’s CHy
emissions increased from 61.1 (56.2-66.7) Tg in 2019 to 66.8 (61.5-73.0) Tg in 2024. The livestock sector contributed
nearly half of the growth, while rising waste and oil-gas emissions and northward expansion of rice cultivation shifted
China’s emissions growth to previously low-emitting Northwest and Northeast regions. Our framework demonstrates the
feasibility of near-real-time, regional-scale emissions monitoring, offering a transferable tool for other high-emitting

countries.
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1 Introduction

Methane (CHy4) is a powerful greenhouse gas whose atmospheric concentrations have risen steadily in recent decades, with a
marked acceleration after 2019 (Lan et al., 2025). Given its atmospheric lifetime of ~9 years and a 20-year global warming
potential over 80 times that of carbon dioxide (CO2), CH4 mitigation has emerged as a priority for near-term climate action
under the Paris Agreement (Intergovernmental Panel on Climate Change, 2023). In response, the Global Methane Pledge
was launched in 2021, aiming to reduce global CH4 emissions by at least 30% from 2020 levels by 2030 through enhanced
national actions and international cooperation (Global Methane Pledge, 2023). Anthropogenic CH4 emissions have more
than doubled the atmospheric CH4 burden since the industrial era and now account for nearly 60% of global total emissions,
primarily from the fossil fuel, agriculture, and waste treatment sectors (Staniaszek et al., 2022; Saunois et al., 2025). Rapid

and sustained control of major anthropogenic sources is widely considered an effective strategy for mitigating CH4 emissions.

China, as the largest anthropogenic CH4 emitter globally, accounts for approximately one-fifth of the global human
emissions at present. According to its national emission inventory submitted to the United Nations Framework Convention
on Climate Change (UNFCCC), fossil fuel emissions have dominated since the 2000s, followed by agriculture and waste

sectors. CH4 emission control has become a policy concern in China since 2007, when the National Plan on Climate Change
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first emphasized its importance in key sectors. Over time, mitigation efforts have been reinforced through sector-specific
policy measures and have become a key component of China’s ‘Dual Carbon’ goal to achieve carbon neutrality by 2060.
Since 2023, the development of a monitoring, reporting, and verification (MRV) system has been emphasized in China’s
first national CH4 emissions control action plan, alongside more comprehensive and targeted guidance for CH4 mitigation
efforts (Ministry of Ecology and Environment of China, 2023). Emerging findings reveal a deceleration in China’s CHy
emissions growth after 2016 (Zhao et al., 2024); however, the absence of up-to-date estimates hampers the timely assessment
of the national emissions landscape and the mitigation effectiveness. Therefore, a near-real-time tracking of CHs emissions,
together with analyses of temporal trends and underlying drivers, is essential for tracking mitigation progress and supporting

more adaptive and effective future management strategies.

Multiple estimation approaches have been employed to quantify regional CH4 budgets. Bottom-up (BU) emission inventories
provide sectoral details but suffer from evident uncertainties—owing to difficulties in obtaining complete activity data,
developing localized emission factors, and accounting for comprehensive influence factors—and often lag several years
behind (Crippa, 2024; Guo et al., 2025; Cui et al., 2025; Hoesly, 2025; Peng et al., 2016). Top-down (TD) approaches,
particularly incorporating dense satellite observations, could improve emission estimates through Bayesian optimization
(Saunois et al., 2025). Nevertheless, regional-scale TD inversions remain highly uncertain. For China, the emission estimates
over the past decade vary widely from 35 to 70 Tg yr'! across studies (Kou et al., 2025; Chen et al., 2022; Worden et al.,
2022; Pendergrass et al., 2025; Janardanan et al., 2024; Zhao et al., 2024; Saunois et al., 2020; Guo et al., 2025; Saunois et
al., 2025; East et al., 2025), and the current emission trends remain poorly constrained. Moreover, many regional satellite-
based inversions have only targeted individual years (Chen et al., 2022; Kou et al., 2025), whereas multi-year trends are
typically inferred from coarse-resolution global inversions that mask some regional emission signals (Qu et al., 2021; Zhao
et al., 2024; Janardanan et al., 2024; Saunois et al., 2025). These limitations highlight the urgent need for consistent, low-
bias, long-term observational datasets with comprehensive spatial coverage, as well as more efficient inversion tools capable

of monitoring emissions at high spatiotemporal resolutions, to strengthen observational constraints and inversion frameworks.

Recent advances in satellite instrumentation and atmospheric inversion techniques offer opportunities to timely and
efficiently monitor CH4 emissions for China. The recently developed blended TROPOMI+GOSAT CHy retrieval product,
based on machine learning to combine the high-resolution TROPOspheric Monitoring Instrument (TROPOMI) data (Lorente
et al., 2021) with the high-precision but sparse Greenhouse Gases Observing Satellite (GOSAT) data, provides strong spatial
and temporal constraints for regional inversions (Balasus et al., 2023). In parallel, the Local Ensemble Transform Kalman
Filter (LETKF), a widely adopted extension of the ensemble Kalman filter (EnKF) (Hunt et al., 2007), enables efficient,
iterative, and spatially localized optimization of emissions constrained by dense observations. The CHEmistry and Emissions
REanalysis Interface with Observations (CHEEREIO) tool integrates the LETKF algorithm with the GEOS-Chem chemical
transport model (CTM) and has been applied to global-scale inversions (Pendergrass et al., 2025; Voshtani et al., 2025).
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Using this tool, Pendergrass et al. (2025) (Pendergrass et al., 2025) optimized global CH4 emissions from 2019 to 2023
based on the blended TROPOMI+GOSAT CHj4 product.

Here, we develop a regional-scale CHEEREIO version to perform an inversion estimate of China’s CHs fluxes from 2019 to
2024. This system optimizes weekly emissions at a horizontal resolution of 0.5° x 0.625°, constrained by the blended
TROPOMI+GOSAT CH4 column retrievals (Table 1). The results capture spatial and sectoral contributions of emissions at a
high spatiotemporal resolution, offering insights into emission characteristics and the drivers of recent trends. To ensure the
robustness of the inversion framework and estimation, we conducted a series of sensitivity tests on key parameter settings
and model configurations. This study expands the methodological framework for regional inversions, enables timely and
accurate tracking of CH4 emissions, provides an independent and efficient evaluation of emission dynamics, and informs the

formulation of targeted mitigation policies.

Table 1. Inversion system configuration.

Model setup Configuration Main references
Inversion setup

Domain 10-60° N, 70-150° E -

Spatial resolution 0.5° latitude x 0.625° longitude x 47 layers -

Spin up period 2018/4/1-2018/10/01 -

Inversion period 2018/10/01-2024/12/31 -

Assimilation windows 7 days -

Inversion algorithm LETKF (Hunt et al., 2007)
GEOS-Chem model

Model version 14.3.1 -

Meteorological fields MERRA-2 -

Prior information (x)

CH4 emissions

CHy sinks

Fossil fuel: GFEI v2
Livestock: EDGARvV7

Rice: EDGARvVS

Waste: EDGARvVS
Wetlands:

LPJ-wsl with MERRA-2 met
Hydroelectric reservoirs

Termites

Fire: GFED4

Seeps

Soil uptake: MeMo
OH fields

Cl fields

(Scarpelli et al., 2022)
(Crippa, 2021)

(Crippa et al., 2023)

(Zhang et al., 2016),

(East et al., 2024)
(Delwiche et al., 2022)
(Fung et al., 1991)

(Van Der Werf et al., 2017)
(Randerson et al., 2017)
(Etiope et al., 2019),
(Hmiel et al., 2020)
(Murguia-Flores et al., 2018)
(Wecht et al., 2014)

(Wang et al., 2019),
(Mooring, 2024)

Observation vector (y)

XCHjy product
Localization radius

Super observation

Blended TROPOMI+GOSAT CH4
Radius: 1500 km

Transport error: 6.1 ppb

Error correlation: 0.28

Error for a single retrieval: 17 ppb

(Balasus et al., 2023)

(Pendergrass et al., 2023),
(Pendergrass et al., 2025)
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2 Methods

Our study conducts a regional CH4 emission inversion over China (10-60° N, 70-150° E) from 2018 to 2024 based on the
bias-corrected blended TROPOMI+GOSAT CHy retrieval product (Balasus et al., 2023) using the nested GEOS-Chem CTM
with a resolution of 0.5° x 0.625°. We apply the LETKF algorithm to assimilate observations on a weekly scale via the
CHEEREIO tool (Pendergrass et al., 2023). To evaluate our inversion estimates, we conduct a set of sensitivity tests
examining key configurations and settings for the state vectors, GEOS-Chem model, error characterization, and assimilation

process.

2.1 Satellite observations

TROPOMI, onboard the Sentinel-5 Precursor (S5P) satellite launched in October 2017, measures column-averaged dry-air
methane mole fractions (XCHa). These retrievals are derived from solar backscatter measurements in the 2.3 pm absorption
band using a full-physics algorithm. XCHj4 retrievals are available globally on a daily basis at ~13:30 local solar time, with a
nadir spatial resolution of 5.5 x 7 km? (7 x 7 km? prior to August 2019). Due to their dense and continuous CH4 observations
with high spatiotemporal resolution, TROPOMI data have been widely used in atmospheric CHy4 inversions. However, these
retrievals may be affected by aerosols, shortwave infrared surface albedo, cirrus-cloud scattering, and across-track variability,
which can introduce artifacts (Lorente et al., 2021). To mitigate these biases, we employed the blended TROPOMI+GOSAT
methane product, which corrects TROPOMI biases using a machine-learning model trained on more precise but sparser
GOSAT satellite data that uses a CO; proxy retrieval (Balasus et al., 2023). The TROPOMI+GOSAT retrievals exclusively
use observations with the high-quality flag (qa = 1).

In our study, we exclude observation data over coastlines and oceans. After filtering, the blended TROPOMI+GOSAT
product provides complete spatial coverage across China (Fig. 1). However, there are gaps in temporal coverage during
specific periods due to the failure of the VIIRS instrument, which is used for cloud clearing, occurring between 26 July and
23 August 2022, 26 July and 30 August 2023, and 6 to 30 June 2024. To maintain temporal continuity, posterior emissions
during these gaps are estimated using a gap-filling approach based on assimilation results from adjacent periods. Scaling
factors produced by the LETKF algorithm are applied to the prior emissions to obtain optimized posterior estimates. For the
missing periods, we calculate the mean scaling factors from m assimilation periods within one month before and n
assimilation periods within one month after each interval, and use these averaged values to approximate the posterior

emissions, as follows:

Posteriory ; = (min 2?:" SF; ;) Priory , (1)

where Posteriorq; and Priorq,; are the posterior and prior CH4 emissions, respectively, for grid cells i on assimilation period d

within the missing period. SFj; represents the scaling factor at grid cell i from valid assimilation on period j. m and n
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represent the number of valid assimilation periods within the one-month windows before and after the missing period,

respectively.

To reduce observation redundancy and ensure spatial consistency between satellite retrievals and the GEOS-Chem model
grid cell, we aggregate overlapping satellite observations within each model grid cell into super-observations. These are
calculated by averaging all valid observations within a given grid cell and an assimilation window (Chen et al., 2023;
Pendergrass et al., 2025; Pendergrass et al., 2023; Eskes et al., 2003; Miyazaki et al., 2012; East et al., 2025). The
corresponding observation error for each super-observation on the model grid is estimated using an error variance
formulation (Eq. 2) that accounts for the uncertainty of individual native retrievals, the spatial correlation among retrievals

within each grid cell, and the irreducible transport error.

2
1 ¢p 1-c 2
O super = \“:(; i=1 Ui) * (T'l' C)] + Otransports (2)

where osuper 1s the error standard deviation of a super-observation. a; is the error standard deviation of the i-th native retrieval
contributing to that super-observation, and p is the number of individual observations aggregated into the super-observation.
c is the assumed error correlation among retrievals within the same super-observation. ctransport represents the transport
error of the forward model. The parameter settings follow the empirical residual error fitting approach applied in Chen et al.

(2023) and Pendergrass et al. (2025) (Chen et al., 2023; Pendergrass et al., 2025).

2.2 GEOS-Chem forward model

GEOS-Chem is a three-dimensional CTM widely used for simulating atmospheric composition. Our study run the nested-
grid simulations of the GEOS-Chem CTM (v14.3.1, https://zenodo.org/records/10908999) at 0.5° x 0.625° resolution over
China (70-150° E, 10-60° N) as a forward model for methane assimilation. The model is driven by the Modern-Era
Retrospective analysis for Research and Applications, Version 2 (MERRA-2) meteorological reanalysis fields of the NASA
Global Modeling and Assimilation Office (GMAO). Boundary conditions in the simulation were modified using blended
TROPOMI+GOSAT methane retrievals (Balasus et al., 2023), applied at 3-hour intervals. A spatiotemporal smoothing
approach (Estrada et al., 2025) was employed to minimize systematic discrepancies between CH4 concentrations in the

boundary conditions and observations.

Prior emissions in our CHs simulation are listed in Table 2. Non-fossil anthropogenic CH4 emissions primarily originate from
the Emissions Database for Global Atmospheric Research emission inventory version 8.0 (EDGARVS,
https://edgar.jrc.ec.curopa.cu/dataset _ghg80) (Crippa et al., 2023). We use EDGARvV7 (Crippa, 2021) for livestock emissions
instead of EDGARVS, due to anomalous spatial distributions in EDGARv8 where emissions are concentrated in a small
number of grid cells in China with extremely strong emissions. Prior fossil fuel CH4 emissions are based on the Global Fuel

Exploitation Inventory version 2 (GFEI v2) (Scarpelli et al., 2022). For natural emissions, we use prior wetland emissions
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from the Lund—Potsdam—Jena Wald Schnee und Landschaft (LPJ-wsl) dynamic global vegetation model driven by MERRA-
2 assimilated meteorological fields (Zhang et al., 2016; East et al., 2024). Emissions from hydroelectric reservoirs, termite,
and biomass burning emissions are sourced from Delwiche et al. (2022) (Delwiche et al., 2022), Fung et al. (1991) (Fung et
al., 1991), and the Global Fire Emissions Database version 4 (GFED4) (Van Der Werf et al., 2017; Randerson et al., 2017),
respectively. Geological seep emissions are sourced from Etiope et al. (2019) (Etiope et al., 2019) and scaled globally to
match the annual total by Hmiel et al. (2020) (Hmiel et al., 2020). CH4 sinks in the simulation include soil uptake and
oxidation by OH and CI radicals. CHs4 soil absorption is derived from the Soil Methanotrophy Model (MeMo) (Murguia-
Flores et al., 2018). CH4 loss from tropospheric OH oxidation is calculated using global 3-D OH fields from GEOS-Chem
CTM (Wecht et al., 2014). Tropospheric and stratospheric Cl fields are sourced from Wang et al. (2019) (Wang et al., 2019)
and Mooring et al. (2024) (Mooring, 2024). Average annual total and sectoral prior CH4 emissions are summarized in Table

2.

Table 2. Annual mean prior and posterior CH4 emissions and their changes across sectors in China during 2019-2024.

Annual mean prior Annual mean posterior 2024 posterior - 2019
emissions (Tg yr') emissions (Tg yr?) posterior (Tg)

Net 68.4 64.6 5.7
Anthropogenic 64.3 60.5 54
Livestock 8.4 8.9 2.7
Rice 13.8 13.1 0.3
Wastewater 9.8 8.9 0.7
Landfills 6.0 5.4 0.8
Coal 21.1 18.6 -0.4
Oil & Gas 1.2 1.6 0.6
Others 4.1 4.0 0.6
Natural 6.1 6.0 0.3
Wetlands 2.1 2.3 0.5
Reservoirs 32 2.7 -0.5
Termites 0.7 0.8 0.3
Fires 0.2 0.2 0.0
Seeps 0.1 0.1 0.0
Soil absorption -2.0 -2.0 0.0

* Annual mean prior emissions cover different time periods by source: 2019-2021 for livestock; 2019-2022 for rice, wastewater, landfills,
and other anthropogenic sources; 2019-2023 for fires; and are constant for coal, oil and gas, wetlands, reservoirs, termites, and seeps.
+ Annual mean posterior emissions refer to the period 2019-2024.
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2.3 LETKF algorithm

We apply the LETKF algorithm for data assimilation to optimize regional CH4 emissions through minimizing the Bayesian

scalar cost function !7, as shown in Eq. (3):

T = (x = x) (PY)"L(x = xP) + y(y — H(X)) 'R~ (y — H()) 3)

where X is the state vector to be optimized, and xP is the prior (background) state vector, which consists of gridded emission
scaling factors at a spatial resolution of 0.5° x 0.625° over land areas within our study domain, comprising a total of 8 290
elements. PP is the prior (background) error covariance matrix. y represents observations from the blended TROPOMI +
GOSAT product. H( ) 1is the observation operator that transforms state vectors into observation fields. R is the
observational error covariance matrix. y is the regularization factor accounting for unresolved error correlations. Through

minimizing the cost function (A J (x) = 0), we obtain the optimized posterior state vector x 7.

LETKF optimizes the cost function through an ensemble approach. We randomly initialize ™M ensemble members, each
driven by gridded emission scaling factors sampled from an approximate multivariate normal distribution centered around 1.
These scaling factors are multiplied by prior emissions, generating m distinct ensemble members that are propagated
forward using the GEOS-Chem model over a 7-day assimilation window in parallel. We use sensitivity simulations to

diagnose the influence of the magnitude of these initial perturbations on inversion results (Sect. 2.5).

The LETKF algorithm is detailed described referred to Pendergrass et al. (2025) (Pendergrass et al., 2025). In the framework,
the prior error covariance matrix PP is emulated based on the ensemble spread, with the perturbation X f’ of each ensemble

member i calculated as:

1 m
xb == xP, 4)

XP=xb-xb )

i )
These perturbations form the prior perturbation matrix X?:
Xb=1x%, Xx3,....xb] R™m, (6)

where m is the ensemble number (set to 24 and assessed with sensitivity tests in Sect. 2.5), i indexes the ensemble member
and corresponding column of the perturbation matrix, and # is the length of the prior state vector, which is 8,290 in our

inversion.

We apply the observation operation H (¢ ) to each prior ensemble member to construct corresponding background vectors

of simulated TROPOMI observations:

yP=H(xP), )
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Here the y,b are constructed so that the model state aligns in time with a corresponding TROPOMI observation, within £1
hour. The LETKF is a localized algorithm, with emissions from each grid cell optimized independently based on
observations only within a certain radius (1500 km in this study, consistent with Pendergrass et al. (2025) (Pendergrass et al.,
2025)). We use a distance-weighted scheme based on the Gaspari-Cohn function (Gaspari and Cohn, 1999) to reduce

influences of more distant observations.

The observation perturbation matrix Y is constructed column-wise by:

7 1

ye==3" 7, ®)
YP=y?—-yP, ©)
YP =[YP YR ..., YE] RPm, (10)

where p denotes the number of simulated observation elements.

Using the prior state and observation perturbation matrices X? and Y?, we compute the posterior ensemble mean and

perturbations (Pendergrass et al., 2025; Hunt et al., 2007). The analysis (posterior) error covariance matrix pa Rmxm jg

computed in a subspace:
Pe=[(y(¥D)TRTYP + (m-1)+ 1177, (11)

where P4 R™*™M | [is the identity matrix of size m x m, and the regularization parameter y is set to 0.1 (Pendergrass et
al., 2025). Sensitivity simulations (Sect. 2.5) were conducted to test the impact of different values of y on assimilation

results. The posterior ensemble mean and posterior perturbation matrix are given by
XT=xP+ yXPPUYD)TR (y - yP), (12)
X = XP[(m - 1)P9]/2, (13)

Each posterior ensemble member is then constructed by combining the posterior mean X4 with the corresponding column of

the posterior perturbation matrix X 9.
X =X X 1)

The resulting ensemble {Xx{}/"; provides updated gridded scaling factors, which are employed to prior emissions to derive
posterior CH4 emissions in the target domain and are subsequently applied as the prior input for the GEOS-Chem model in

the next assimilation cycle.

In our ensemble-based inversion, the spread among ensemble members may collapse over time (Pendergrass et al., 2023;

Pendergrass et al., 2025). To maintain appropriate ensemble spread during assimilation, we implement the Relaxation to
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Prior Spread (RTPS) inflation approach to the analysis perturbation matrix (Pendergrass et al., 2025; Bisht et al., 2023), and
evaluated the setting through sensitivity tests (Sect. 2.5) (Whitaker and Hamill, 2012).

2.4 Regional inversion by the CHEEREIO tool

CHEEREIO is a lightweight framework that integrates the GEOS-Chem CTM with the LETKF algorithm
(https://cheereio.readthedocs.io). It automatically and continuously optimizes emission estimates over time by minimizing
discrepancies between model-simulated and observed atmospheric concentrations. The software design and implementation

are detail demonstrated in Pendergrass et al. (2023) (Pendergrass et al., 2023).

The CHEEREIO tool has been applied to global-scale inversions for CH4 and air pollutants (Pendergrass et al., 2023;
Pendergrass et al., 2025; Voshtani et al., 2025). Our study extends its application to a user-defined regional domain for the
first time, using China as a case study for CHs4 inversion. A nested-grid GEOS-Chem forward simulation only for methane is
performed over the domain (70-150° E, 10-60° N) at a spatial resolution of 0.5° x 0.625°. A six-month spin-up (May—
October 2018) is applied, followed by a global scaling of CHs4 concentrations in the initial state to ensure consistency
between the ensemble mean and observed background levels. The assimilation is then conducted from November 2018 to
December 2024. Observations from the blended TROPOMI+GOSAT satellite product that fall outside the defined regional
domain are excluded prior to assimilation to avoid artificial concentration gradients near the model boundaries, where no

simulated data are available.

In our regional inversion, prior errors are assumed to follow a normal distribution. We found that, compared to lognormal
assumptions, the normal distribution yields more stable posterior scaling factors, particularly in areas with sparse
observational constraints or low prior magnitudes. Our inversion system optimizes only emission sources. To prevent
negative emissions, which are unlikely to occur for CH4 in our domain, we impose a minimum scaling factor of 0.001, but
this unavoidably introduces a slight bias in the results, as the probability density functions are truncated. We calculate
posterior total emission estimates by applying the updated gridded scaling factors to the prior total emissions, and likewise,
infer posterior sectoral emissions by applying gridded scaling factors to prior sectoral emissions. The scaling factors are
updated after each assimilation window (one week in this study). We emulate the initial prior error distribution across our
ensemble by applying randomized gridded scaling factors to the prior emissions for each ensemble member. These factors
are initially sampled from a multivariate normal distribution, with spatial correlations defined by an exponential decay

function based on the distance, which is 100 km in our inversion.

2.5 Sensitivity tests

We conduct a suite of 14 experiments to assess the robustness and uncertainty of our inversion framework, as well as the
sensitivity of posterior estimates to key modeling parameters (Table 3). These tests are designed to isolate the influence of

specific components in the inversion system, grouped into four categories: (1) state vector setting, (2) GEOS-Chem

10
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configuration, (3) error characterization, and (4) assimilation configuration. Each test alters one component relative to the
base inversion, allowing a controlled evaluation of its isolated effect on posterior estimates. We report overall uncertainty
using the spread of ensemble results, defined as the range of mean deviations between each ensemble member and the base

simulation, which is larger than the posterior error estimated with the LETKF algorithm.

Table 3. Settings of sensitivity tests for the CH, inversion system.

Category No. Name Setting description
State vector seftin GFEIv3 Replacing the prior fossil fuel emissions from GFEIv2 with GFEIv3.
£ GRPI Replacing the prior rice emissions from EDGARvS with GRPI.
GEOS-Chem Modifying the boundary conditions generated based on scalars from
. 3 Scaled BC . .
configuration - the Global inversion
Switching the prior error distribution for scaling factors from normal
4 Lognormal
to lognormal.
5 Spread_0.05 E)e(c)hé)c;ng the initial standard deviation of scaling factors from 0.15
6 Spread 0.5 Increasing the initial standard deviation of scaling factors from 0.15
Error - to 0.5.
characterization 7 Gamma_0.01  Reducing the regularization factor from 0.1 to 0.01
8 Gamma 0.2 Increasing the regularization factor from 0.1 to 0.2
9 Gamma 1.0 Increasing the regularization factor from 0.1 to 1.0
10 RTPS 0.5 Reducing the RTPS parameter from 0.7 to 0.5.
11 RTPS 1.0 Increasing the RTPS parameter from 0.7 to 1.0.
12 Ens 12 Reducing ensemble size from 24 to 12 members.
Assimilation 13 Ens 36 Increasing ensemble size from 24 to 36 members.
configuration 14 RIP Extending the observation window from 7 days to 14 days for 7 day

assimilation frequency.

2.5.1 State vector setting

Within the LETKF framework, prior emissions serve as state vectors during the assimilation. They provide sectoral
information for model simulation and emission allocation. Our study tests different prior inputs for fossil fuel sources and
the rice cultivation sector to analyse the sensitivity of posterior results to different prior inventories. Fossil fuels emitted the
dominant CH4 in China, accounting for nearly 40% of China’s anthropogenic CH4 emissions (Crippa, 2024). Here, we
compare two versions of the Global Fuel Exploitation Inventory (GFEI) as prior inputs: GFEI v2 (Scarpelli et al., 2022) (the
base case) and GFEI v3 (Scarpelli et al., 2025) (GFEIv3 in Table 3). Compared with GFEI v2, GFEI v3 reflects substantial
updates in both emission magnitudes and spatial distributions. It incorporates updated national emissions reported to the
UNFCCC and employs improved spatial allocation based on newly available geospatial datasets, including the Oil and Gas
Infrastructure Mapping database (OGIM) vl for oil and gas infrastructure and the Global Energy Monitor’s Global Coal
Mine Tracker (GCMT) for coal mine locations. In addition, a new bottom-up methodology is used to estimate mine-level
coal CH4 emissions (Scarpelli et al.,, 2022; Scarpelli et al., 2025). In particular, China exhibits pronounced spatial
discrepancies between GFEI v2 and GFEI v3. For rice cultivation, we conducted a comparative analysis using the Global

Rice Paddy Inventory (GRPI) (Chen and Jacob, 2025) as an alternative prior, as our base prior rice emission from
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EDGARVS is much higher than other previous studies (Fig. S12). The two inventories exhibit large differences in both

spatial patterns and inter-annual variability.

2.5.2 GEOS-Chem configuration

Boundary conditions, which provide background concentrations at the domain edges, are particularly important for long-
lived gases such as CH4 in nested GEOS-Chem simulations, as they directly influence the accuracy of forward model
simulations. Our simulation applied bias-corrected and smoothed boundary conditions based on TROPOMI observations
(Estrada et al., 2025). To assess the sensitivity of inversion to boundary fields, we perform an additional experiment using
other boundary fields generated based on globally optimized CH4 scaling factors produced by a global CH4 assimilation at
2.0° x 2.5° resolution for 2018-2023 (Scaled BC) (Pendergrass et al., 2025). These boundary fields incorporate corrections
to prior concentrations, but residual biases—particularly during the early stages of the assimilation period—are difficult to
eliminate entirely. We compare the simulated concentrations and posterior emissions based on the different boundary

conditions to quantify their influence on the assimilation results.

2.5.3 Error characterization

The specification of prior errors and initial ensemble spreads determines the relative weighting between model simulations
and observations during data assimilation, thereby influencing the magnitude and spatial structure of posterior corrections.
We perform a series of sensitivity experiments to evaluate how error characterization and propagation affect the results. To
examine the influence of error distribution, we compared a lognormal prior error distribution assumption (Lognormal)
against the baseline normal distribution, using a fixed regularization factor of 0.1. Implementation of lognormal LETKF

assimilation is given in Pendergrass et al. (2025) (Pendergrass et al., 2025).

We also experimented with different spreads of initial scaling factors, used to initialize the ensemble members with varying
methane emissions. We adjusted the default spread parameter value of 0.15 to 0.05 (Spread 0.05) and 0.5 (Spread_0.5),
representing narrower and broader initial prior error spreads, respectively. We further assess the role of the regularization
factor v, a key parameter controlling the relative strength of observational constraints in the cost function (Eq. 1), by testing
values of 0.01, 0.2, and 1.0. Higher values of y imply stronger observational constraints, while lower values favor prior
emissions. Additionally, we explored the treatment of error propagation by comparing RTPS values of 0.5 (RTPS_0.5) and
1.0 (RTPS_1.0) against the default setting of 0.7 (Pendergrass et al., 2025).

2.5.4 Assimilation configuration

The ensemble in the LETKF framework determines the representation of the background error covariance (Egs. 4-6), which
in turn affects the calculation of the Kalman gain and the posterior updates (Egs. 12 and 13). Larger ensembles offer

improved error structures and reduced sampling noise, but have higher computational demands. In addition to the baseline
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setup with 24 ensemble members, we conducted experiments using 12 (Ens_12) and 36 (Ens_36) members to examine the
effects of ensemble size on the quality and stability of the inversion results. The influence of the observational window
length was further evaluated using the run-in-place (RIP) assimilation mode (Kalnay and Yang, 2010; Liu et al., 2019). Our
study uses a longer observational window of 14 days to update emissions over a 7-day assimilation window. This method
allows more temporal information to be assimilated during each assimilation period and is detailed described in Pendergrass

et al. (2025) (Pendergrass et al., 2025).

3 Results and discussion
3.1 Evaluation of prior and posterior CH4 simulations

We utilized blended TROPOMI and GOSAT satellite observations to optimize weekly CH4 fluxes derived from prior
estimates, which are available mostly at an annual resolution. A total of 22 047 486 quality-assured satellite retrievals over
the land area of the GEOS-Chem domain were assimilated between 2019 and 2024 (Fig. 1a). The observations exhibited
dense spatial coverage over the Northeast, Northwest, North, as well as parts of East China (the region split referred to Table
S1 and Fig. S1). The satellite observations show elevated XCH4 over China, with a multi-year mean of 1884.1 ppb (Figs. la
and 1b), and hotspots primarily located in Southwest, South, East, and North China.

In our inversion system, we optimized surface emission fluxes such that the updated emissions applied in forward
simulations improve the simulation performance of CH4 concentrations. Over the study domain (70-150° E, 10-60° N), both
satellite observations and GEOS-Chem simulations based on prior and optimized emissions exhibited increasing XCH4
trends, while their discrepancies remained small owing to the application of smoothed boundary conditions that represent
CHy levels outside the domain well (Fig. la). We conducted a detrended correlation analysis between observed and
simulated XCHj4 based on prior and optimized emissions at grid level across China over the entire study period (Figs. 1¢ and
1d). A higher detrended correlation coefficient indicates stronger consistency between observations and model simulations.
After assimilation, the correlations were consistently strengthened over the period 2019-2024 (Fig. 1c). The mean
correlation increased slightly from 0.74 to 0.75, while the proportion of grid cells with correlations exceeding 0.7 rose from
69.8% to 73.9%. The majority of improved grid cells were located in South, East, and North China, which collectively
contribute approximately 60% of national CH4 emissions in total, indicating enhanced satellite observation constraints over

key emission regions.

We further evaluated the simulated surface CH4 concentrations against observations from the Observation Package (ObsPack)
dataset (obspack ch4 1 GLOBALVIEWplus v7.0 2024-10-29) between 2019 and 2023 (Schuldt et al, 2024).
Observations from five surface sites located in East Asia were used in the comparison, as summarized in Table S2. Across
all sites, the Pearson correlation coefficient (r) between posterior and observed concentrations exceeded 0.6. A notable

improvement was observed at the Anmyeon-do (AMY) station, where r increased from 0.55 in the prior to 0.61 in the

13



325

330

335

https://doi.org/10.5194/egusphere-2025-6284
Preprint. Discussion started: 7 April 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

posterior, and at the Tae-ahn Peninsula (TAP) site, where the mean bias was decreased from 5.5 ppb to 2.3 ppb. However,
the improvements were limited at the other sites, possibly due to transport errors associated with coarse model resolution,
which constrain the inversion’s ability to enhance agreement at sub-grid scales. In addition, many stations are located in
coastal regions where our inversion exerts relatively weak constraints, and observational coverage is sparse during the study
period. An exception was the Ryori (RYO) station, where dense observational coverage enabled CH4 concentrations in our
inversion to match ObsPack measurements, yielding a correlation of over 0.8 in both the prior and posterior simulations. The
future efforts could expand the observation network and strengthen the joint assimilation of surface and satellite observations,

providing more effective constraints on China’s CH4 emissions (Lu et al., 2021).
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Figure 1: TROPOMI methane (CH4) observations and spatial concentration correlation analysis with GEOS-Chem simulations. (a)
Spatial coverage and number of TROPOMI observations across China during 2019-2024. The inset line plot shows annual XCH4
from observations (Obs), and from prior and posterior simulations. (b) Mean gridded XCH4 from TROPOMI observations across
China from 2019 to 2024. The inset histogram shows the distribution of grid-level differences between observations and
simulations. (c and d) Detrended spatial correlations between observations and prior (c) or posterior (d) simulations. The inset line
plot in (c) shows annual mean correlation coefficients over China between observed and simulated XCH.. The inset histogram in
(d) shows the distribution of grid-level detrended correlation coefficients for observed and simulated XCH..
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3.2 Inversion estimates of China’s CHj4 fluxes during 2019-2024

We optimized China’s weekly CHs fluxes from 2019 to 2024 (Fig. 2a) and found that prior emissions overestimated CHa
emissions throughout the study period. The LETKF made larger emissions adjustments in spring, summer, and winter than in
autumn. Both prior and posterior emissions exhibit pronounced seasonality, with a peak in summer and a minimum in winter
(Fig. 2a). This seasonal cycle is primarily driven by rice cultivation, with a smaller contribution from wetlands (Fig. S2).
Aggregated from the weekly fluxes, our annual average CH4 fluxes for China across 2019-2024 are 64.6 (59.4-70.6) Tg yr’!
(the uncertainty ranges based on sensitivity tests). Annual CHy fluxes steadily increased from 61.1 (56.2—66.7) Tg in 2019 to
66.8 (61.5-73.0) Tg in 2024 (Fig. 2b). China’s CH4 emissions are broadly dispersed, with hotspots observed in East (15.2 Tg
yr'!), South (13.8 Tg yr'!), Southwest (11.7 Tg yr'!), and North China (10.4 Tg yr!), whereas the notable increase occurred in
the Northwest (+2.7 Tg) and Northeast China (+1.9 Tg) (Figs. 2¢ and 2d).

Compared with the existing top-down estimates (Fig. 2e¢), our annual results are in close agreement with GONGGA-CH4
(Zhao et al., 2024) and Janardanan et al. (2024) (Janardanan et al., 2020), but approximately 6.4% lower than Chen et al.
(2022) (Chen et al., 2022) and 6.3% higher than Li et al. (2025) (Li and Zheng, 2025). Our estimates tend to be higher than
the results from global inversions, including the ensemble inversions from Global Carbon Project (GCP) (Saunois et al.,
2025), Worden et al. (2022) (Worden et al., 2022), and Qu et al. (2021) (Qu et al., 2021). These discrepancies likely stem
from our higher spatiotemporal resolution, improved satellite data with corrected boundary conditions, and different priors.
The blended TROPOMI+GOSAT product integrates the extensive spatiotemporal coverage of TROPOMI with the high
precision of GOSAT, providing more comprehensive and reliable observational constraints for inverse modeling compared

with using either dataset alone in previous studies (Balasus et al., 2023).

Anthropogenic CHs emissions account for 91.0% of China’s total emissions during 2019-2024, with an average of 60.5
(53.7-65.1) Tg yr''. Compared with bottom-up estimates, our inversion-based anthropogenic emissions fall within the broad
range, despite the prior being relatively high (Fig. 2f). Our posterior results are consistent with those from the People’s
Republic of China Fourth Biennial Update Report on Climate Change in 2020 (60.4 Tg in 2020) (Ministry of Ecology and
Environment of China, 2024), and the Emissions Database for Global Atmospheric Research (EDGAR 2024) (Crippa,
2024). Our results are 12.5-16.6% lower than the estimates from the Food and Agriculture Organization (FAO) (Food and
Agriculture Organization of the United Nations, 2025) and EDGARvS (Crippa et al., 2023), and are 15.8%—23.4% higher
than CEDSv2025 03 18 (Hoesly, 2025) and PKU-CH4 v2 (Peng et al., 2016; Liu et al., 2021).

Our results revealed a post-2019 CH4 emission growth in China. During 2013-2018, existing top-down studies reported an
average increasing trend of 0.2 + 0.4 Tg yr? (mean * 1 standard error) in total CH4 fluxes (Janardanan et al., 2020; Zhao et
al., 2024; Saunois et al., 2025), whereas bottom-up inventories showed a decreasing trend of -0.3 + 0.4 Tg yr? in
anthropogenic emissions (Hoesly, 2025; Crippa, 2024; Crippa et al., 2023; Peng et al., 2016; Cui et al., 2025; Liu et al., 2021;

Fao, 2024) (Table S3), based on non-parametric Mann-Kendall tests. In comparison, our posterior results for the subsequent
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period 2019-2024 revealed a statistically significant increase of 0.8 = 0.5 Tg yr? (95% confidence interval), of which 0.7 +
0.7 Tg yr? is attributed to the anthropogenic sources (Figs. 2¢ and 2f). The trend changes underscore the dominant role of
anthropogenic activity in driving China’s CH4 emissions in recent years, leading to a marked post-2019 increase in total CHa
fluxes, in contrast to the preceding years. The other independent studies consistently report a similar upward tendency in
China’s CH4 emissions after 2019 (Figs. 2e and 2f), although they are typically limited by temporal coverage, often ending
before 2022.

It should be noted that our estimated rising trends remain subject to uncertainties, as errors are inevitably introduced by the
inversion frameworks, assimilation algorithms, and input datasets. Nevertheless, our findings offer a quantitative assessment
of CH4 emission trends extending through 2024 in China. This result captures a long, continuous, and up-to-date CHa
emission trajectory, offering updated perspectives on recent emission changes and emphasizing the importance of further

investigations into the sectoral and regional drivers responsible for the observed emission growth trend.

16



385

https://doi.org/10.5194/egusphere-2025-6284
Preprint. Discussion started: 7 April 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

a 300 b
kS 200 Prior
(@)} 4 4
9 ___________________________
[72]
2
E Posterior
- 100 Prior ]
O
Posterior
0
2019 2020 2021 2022 2023 2024 2019 2020 2021 2022 2023 2024
Year Year
€ 60°N d
Mean CH, emissions (2019-2024) CH, emission changes (2019-2024)
e - B
B 40°N A - e
= S o
E e &
LY (] rd b?..- r
e W i
20°N7{ | (gm*yr’) i ( (gm?*yr’) o
— ] ’ [ e—
0 20 40 | 60 i | -20 -10 0 1P, 20 )
70°E 90°E 110°E 130°E 70°E 90°E 110°E 130°E
Longitude Longitude
e 80 f
Top-down Bottom-up (Anthropogenic emissions)
B Chen (2021) S atady ~ EDGARv8
= PR Ly S FAO
t 65 Janardanan (2024) 4 Oursfudy
= . = GONGGA-CH,
c — - s =
: 3 - /-/
qé, 50 Worden (2022) | PKU-CH, v2 !
T GCP-Satellite u(2021) VGEBS v2025_03_18
O
Other mean trend: Qur trend: ' Other mean trend: Qur trend.
——0.2+04 Tgyr’——— 0.8 Tgyr! — — -0.3+04Tgyr ——— 0.77gy* —
2015 2018 2021 2024 2015 2018 2021 2024

Year Year

Figure 2: Temporal and spatial distributions of CH,4 fluxes over China and comparisons with other studies. (a and b) Weekly (A)
and annual (b) variations of posterior and prior emission fluxes from 2019 to 2024. (c and d) Spatial distribution of mean annual
emission fluxes (c) and their changes (d) across China between 2019 and 2024. (e and f) Comparisons of net and anthropogenic
CH,4 emissions with top-down (e) and bottom-up studies (f), respectively.
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3.3 Drivers of increasing CH4 emissions in China

To interpret the growth trend of China’s CH4 emissions from 2019 to 2024, we decomposed the posterior total emissions into
sectoral contributions based on prior sectoral spatial distribution (Pendergrass et al., 2023). The sectoral categorization,
along with the annual average emissions and their annual changes over this period, are summarized in Table 2 and Fig. 3.
390 Coal mining is the dominant emission source, accounting for 27.9% of China’s total emissions. This is followed by
agricultural activities, with rice cultivation and livestock contributing 19.7% and 13.4%, respectively. Waste treatment also
plays an important role, with China’s total emissions comprising 13.4% from wastewater and 8.2% from landfills. Natural

sources, mainly wetlands and reservoirs, accounted for only 9.0% of China’s total emissions.

We attribute the 5.7 Tg increase in CH4 emissions between 2019 and 2024 primarily to the growth in the livestock sector
395 (+2.7 Tg), with additional contributions from landfills (+0.8 Tg), wastewater (+0.7 Tg), and oil and gas systems (+0.6 Tg).
These increases offset the reductions from coal mining (-0.4 Tg), leading to a net growth in China’s total CH4 emissions
during the periods. Moving beyond the overall emission structure, identifying sector-specific drivers is key to interpreting

recent CH4 emission changes and guiding targeted mitigation efforts, as discussed below.
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400 Figure 3: Sectoral CHy4 emissions and their changes in China from 2019 to 2024. Bars show five-year emission changes by sector.
Pie charts indicate sectoral shares of total emissions (left) and their relative contributions to the overall emission increase (right),
respectively.
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3.3.1 Livestock dominates CH4 emissions growth during 2019-2024

Livestock is the largest contributor to the China’s CH4 emission rise during 2019-2024, despite comprising only 13.4% of
the overall emissions (Fig. 3). Over this period, livestock emissions increased at a rate of 0.5 + 0.1 Tg yr? (non-parametric
Mann-Kendall test, 95% confidence interval), representing a 36.9% increase relative to the 2019 level and accounting for
41.7% of the total emission growth. This contrasts with the declining trends before 2019 from multiple estimates (Crippa,
2024; Du et al., 2024; Peng et al., 2016; Liu et al., 2021; Wang et al., 2024) (Fig. S3), signifying an emerging change in the

role of the livestock sector—from a diminishing source to the key driver of recent CH4 emission growth in China.

Ruminant livestock dominates CHs emissions from the livestock sector through enteric fermentation and manure
management. Multiple factors, such as fluctuations in the pork market (You et al., 2021), a diversifying trend in national
dietary preferences (Gao et al., 2023), and the implementation of livestock industry action plans (China, 2021, 2022), have
collectively stimulated the increased consumption of ruminant products. This has accelerated the growth of beef cattle, dairy
cattle, and sheep populations, contributing to the recent upward trend in CH4 emissions (National Bureau of Statistics of
China, 2024). The national cattle population increased by approximately 10% from 2019 to 2024, following a relatively
stable period from 2013 to 2018 (Fig. S3). Sheep populations, meanwhile, expanded by close to 10% during 2019-2022,

which could also stimulate the rise in livestock CH4 emissions (National Bureau of Statistics of China, 2024).

In addition, pigs, which recently contribute about 20% of the livestock emissions (Du et al., 2024; Wang et al., 2024)—
through manure management—also have an important influence on the livestock CHs emission changes. Pig population
started to decrease around 2015 as the Chinese government introduced non-livestock production regions and pig-reallocation
policies to control water pollution (Bai et al., 2019). This decline was further exacerbated by the African Swine Fever
outbreak in 2018, which corresponded with a 27.5% reduction in the pig population in 2019 (You et al., 2021). In response, a
suite of government interventions that aimed at stabilizing pork supply and prices triggered a rapid recovery in pig numbers.
From 2019 to 2020, the pig numbers surged by 31.0%, culminating in a 37.7% increase over 2019-2024 (National Bureau of
Statistics of China, 2024). Pig population growth contributed to the livestock emission increase after 2019, partially
reversing the emission decline trend observed between 2013 and 2018 (Du et al., 2024; Crippa, 2024). The strengthening of
livestock production remains essential for ensuring food security and improving dietary protein supply in China, yet it also

needs to be accompanied by comprehensive, targeted strategies to control the consequent rise in CH4 emissions.

3.3.2 Energy transition curbs fossil fuel emissions growth after 2020

The fossil fuel sector, which emitted over 30% of CHs in China during 2019-2024 (Fig. 3), exhibited an increase in 2019
followed by a sustained decline after 2020. Over the study period, the coal mining sector remains the largest emission source

in China, averaging 18.6 Tg yr’!, substantially higher than 1.6 Tg yr'! from the oil and gas sector. However, the emission rise
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in oil and gas of +0.6 Tg offset the coal emission reduction of -0.4 Tg. Coal emissions increased by 1.0 Tg between 2019 and
2020, and declined steadily by -0.3 + 0.2 Tg yr? after 2020, achieving a cumulative reduction of 1.4 Tg over the 20202024
period (Fig. S4). Although coal mine CH4 emission control started in the 2000s (Emission Standard of Coalbed
Methane/Coal Mine Gas (on Trial) (Gb 21522—2008), 2008), some key coal CH4 sources still demand stricter regulatory
measures, illustrated by emissions increase in 2019 (Figs. S2 and S4). From 2020 onward, the intensification of emission
reduction ultimately outpaced the residual emissions growth, driving a sustained decline in coal CHs4 emissions. Notably,
alongside this emission decline, coal production continuously expanded at an average annual rate of 3.8% yr' (National
Bureau of Statistics of China, 2024), indicating a decoupling between coal mining CH4 emissions and coal production. This
decoupling is achieved by multiple synergistic factors, including energy policies on closing down small coal mines and
consolidation of large, efficient mines, and the shifts of coal production from high-emitting regions to low-emitting regions,
along with the technology advancements in coal mine extraction and CHy utilization and recovery (Zhang et al., 2022; Sheng

Kai and Hong, 2001; Jiang Lin et al., 2025; China, 2023; Environment; and Regulation, 2024).

Meanwhile, under the ongoing energy structure transition in China, oil and natural gas infrastructures have been expanding
to meet the increasing energy demand. The oil and natural gas systems contributed only 2.4% of China’s total CH4 emissions,
yet rose by 0.6 Tg between 2019 and 2024—a 47.7% rise relative to the 2019 levels—accounting for 9.1% of the national
growth (Fig. 3). These sources mainly include exploration and production, processing, and transmission and storage
(Intergovernmental Panel on Climate Change, 2019). From 2019 to 2024, production volumes increased by 40.5% for
natural gas and 11.1% for oil (National Bureau of Statistics of China, 2024). The length of oil and gas transmission pipelines
increased by nearly 20% (National Bureau of Statistics of China, 2024), indicating that the transmission stage is an important
source for the CH4 emissions rise, particularly for natural gas (Luo et al., 2025). The estimated increasing trend in oil and gas
emissions is comparable with the emission inventories, which identify gas exploration, production, and transmission as the
major sources of emissions growth in the recent decade (Luo et al., 2025; Crippa, 2024). The ongoing energy transition in
China is expected to reduce fossil fuel use and emissions, while the growing demands for oil and gas and the infrastructure

pose challenges for China’s CH4 emissions mitigation at present.

3.3.3 Emerging potential for emissions growth from the waste sector

The waste treatment sector (i.e., landfills and wastewater) emitted 14.3 Tg yr!' of CHs in China on average over 2019-2024,
accounting for around 21.6% of total emissions and contributing 23.2% to the overall increase. Wastewater CHs emissions
rose from 8.5 Tg yr! in 2019 t0 9.2 Tg yr'!' in 2024, primarily from biological treatment processes that remove organics from
agricultural, domestic, and industrial wastewater sources (Intergovernmental Panel on Climate Change, 2019; Liu et al.,
2024; Jiang Lin et al., 2025; Moore et al., 2025). With the acceleration of social and economic development in China, the
total volume of wastewater, along with its corresponding organic content, total chemical oxygen demand (COD), has

increased substantially. Particularly in the domestic and agricultural sectors, whose COD generation has risen by 118% and
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27%, respectively (National Bureau of Statistics of China, 2024). Consequently, the demand for wastewater treatment has
expanded rapidly, which is reflected by the continuous growth of wastewater treatment plants in China from 9,322 in 2019 to
14,620 in 2023 (https://www.mee.gov.cn/hjzl/sthjzk/). Meanwhile, the total urban treatment capacity rose from 19.2 to 23.7
million m® per day over the corresponding period, concurrent with the CHs emission increase from wastewater treatment.
The independent estimates of wastewater emissions align with our trends (Liu et al., 2024; Cui et al., 2025; Chen et al., 2025;
Crippa, 2024), highlighting the growing importance of advancing treatment technologies that target wastewater sources to

control CH4 production.

Moreover, China produces a substantial amount of solid waste annually, with landfills long serving as one of the primary
disposal methods and a critical CH4 emission source. Our study observed an increase in landfill CH4 emissions from 4.9 Tg
yr'lin 2019 to 5.8 Tg yr'! in 2024. However, during this period, the volume of solid waste treated by incineration surpassed
that disposed of in landfills, with landfill treatment declining due to constraints on landfill expansion and advances in
incineration technologies (Fig. S5) (Wang et al., 2023). The inconsistent trends—declining amounts of landfilled waste but
rising CH4 emissions—could be attributed to the cumulative stock of landfills, which continues to generate and release CHy,
as well as the influences from multiple factors such as waste composition, management practices, and gas recovery. The
emission growth gradually slowed as revealed by our estimates, indicating a potential stabilization of landfill CH4 emissions

over the recent years (Fig. S2).

However, the waste-related emission trends are possibly subject to high uncertainties, arising from highly uncertain prior
emissions in both magnitude and spatial distribution due to complex mechanisms for diverse influencing factors in China’s
waste sectors. In addition, separating landfill and wastewater emission sources remains highly uncertain due to their close
geographic distribution and the coarse spatial resolution of our inversion relative to the source scales. Incorporating fine-
resolution and dynamically updated prior inputs, together with optimizing inversion techniques and emission distribution

patterns, is necessary to enhance the robustness and reliability of the estimates of waste emissions in future inversions.

3.4 Spatial distribution of China’s CH4 emissions

Given the strong spatial heterogeneity of CHs emission magnitudes and changes in China (Figs. 2c, 2d, S6, and S7),
quantifying the regional distribution and underlying local drivers is critical for characterizing emission hotspots and for
developing, implementing, and evaluating targeted mitigation strategies. We aggregated emissions into six regions (Fig. S1
and Table S1), and found that the highest emission fluxes were observed from East China (15.2 Tg yr!), followed by South
(13.8 Tg yr'!), Southwest (11.7 Tg yr'"), and North China (10.4 Tg yr'') from 2019 to 2024 (Fig. 4a).

The high emissions from East and South China are primarily due to extensive rice cultivation activity, which contributed
roughly one-third of the total emissions in each region. In East China, waste-related emissions are also crucial due to high
urbanization, socioeconomic development, and dense population. From 2019 to 2024, the CH4 emission trend in East China

has remained relatively stable, consistent with the steady activity data of major emission sources. In comparison, CHs
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emissions from South China exhibited an increase of 1.3 Tg from 2019 to 2024, driven by intensifying rice cultivation and
livestock production, highlighting the urgent need for targeted mitigation measures on agricultural emission sources in South

China.

For North and Southwest China, the coal sector is the dominant source of CH4 emissions, accounting for approximately 60%
and 40% of the regional totals, respectively. Shanxi Province is the largest CHs emitter in North China, with annual
emissions of 16.5 Tg yr'!. Coal mining in Shanxi emitted nearly 89% of its total CH4 and also contributes nearly 30% of
national coal mine CH4 emissions (Fig. 4b). Shanxi’s coal emissions increased between 2019 and 2020, stabilized thereafter,
and declined from 2023. This trend governed coal CH4 emissions across North China, and drove nearly one third of the
overall variations in the regional total CH4 emissions (Figs. 4 and S8). As for Southwest China, Guizhou and Sichuan
Provinces are major contributors to coal mining CH4 emissions. Guizhou exhibited a substantial declining trend in coal
emissions before 2022, while Sichuan began a more moderate decline thereafter. These changes collectively drive the

regional coal emission decrease and largely influence the overall regional CH4 emission trends (Figs. 4 and S9).

CH, fluxes from Northeast and Northwest China remained relatively low, with mean values of approximately 5.9 Tg yr'! and
7.6 Tg yr! between 2019 and 2024, respectively, corresponding to 9.1% and 11.8% of the national total. However, both
regions exhibited the largest increases from 2019 to 2024 (Fig. 4c). In Northwest China, emissions increased by 2.7 Tg
during this period, with approximately 60% of this growth attributed to Xinjiang Province (Figs. 4d and S7). Livestock
activity in this region has also expanded, largely driven by government policies aimed at boosting rural incomes. This
expansion, particularly in sheep and beef cattle industries, has critically shaped regional livestock emissions and the recent
continuous growth (Wang et al., 2024). In addition, Northwest China hosts major oil and natural gas fields, accounting for
nearly half of the CH4 emissions from oil and natural gas systems in China (Crippa, 2021). With the evolving energy
structure in China, a surge in oil and gas production in this region makes it the second-largest contributor to CH4 emission
growth in Northwest China. The oil and gas sector in Northwest China should therefore be prioritized for targeted mitigation

measures.

In Northeast China, CH4 emissions climbed by 1.9 Tg during the 6 years, with the most notable rise occurring before 2021
(Fig. 4c). Although extensive rice paddies are distributed in East and South China, there is a potential and ongoing shift in
national rice distribution toward the Northeast China, resulting in rice cultivation emerging as the dominant contributor to
this regional emissions increase (Shen et al., 2024). This increase is largely concentrated in Heilongjiang Province (Fig. 4d),
where CH4 emissions nearly doubled from 0.4 Tg in 2019 to 0.9 Tg in 2021, in parallel with an upward trend in rice paddy
area and production over the same period (National Bureau of Statistics of China, 2024). In addition to rice cultivation, rising

emissions from waste treatment and livestock sectors also contributed to the rise in CH4 emissions over Northeast China.
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Figure 4: Regional and provincial CH4 emissions fluxes and their changes over China from 2019 to 2024. (a) Annual CH4 fluxes by
region from 2019 to 2024. (b) Mean provincial CHy4 fluxes distributions during 2019-2024, with pie charts showing sectoral
contributions in key provinces. (¢) Regional CH4 flux anomalies relative to 2019 levels. (d) Provincial CH4 flux changes, calculated
as the difference between the 20222024 and 2019-2021 means, with pie charts illustrating sectoral contributions to the changes in
key provinces. The regional divisions follow Table S1 and Fig. S1, comprising the Northwest, Northeast, Southwest, East, South,
and North China.

3.5 Sensitivity analysis of emission inversion

To evaluate the robustness of our inversion results and quantify uncertainty, we performed sensitivity experiments by
perturbing key parameters and testing alternative configurations relative to the baseline inversion (Table 3). The estimated
average CHs fluxes for 2019-2024 across these sensitivity tests varied between -8.0% and +9.3% (Fig. 5) relative to the base
case (59.4-70.6 Tg yr''; mean 64.6 Tg yr'!).

Among the tests, the setting of boundary conditions in the GEOS-Chem simulation and prior errors in the LETKF data
assimilation exerted the most pronounced influences on the estimated emissions. We compared results using boundary
conditions scaled by a global CH4 inversion based on the CHEEREIO tool (Scaled BC) (Pendergrass et al., 2025) against
those in our base case, which corrected the bias to align well with the satellite data (Estrada et al., 2025). During the study

period, CH4 concentrations simulated in the Scaled BC test exhibit a mean discrepancy of 8.6 £ 6.5 ppb compared to satellite
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observations, substantially larger than the -0.1 £5.5 ppb discrepancy in our base case. Higher biases in the scaled boundary
conditions led to notable discrepancies in weekly emission flux estimates relative to the base case (Fig. S10), with a
particularly substantial annual mean deviation of -22.6% observed in 2023. These results underscore the importance of

accurately representing boundary concentration fields in regional-scale inversions for the long-lived CHa.

In addition, the specification of prior errors is crucial in the LETKF assimilation process, as it determines the perturbation
level and the relative weighting between the prior information and satellite observations. The sensitivity tests are conducted
in our study with initial correlated spreads of 0.05 and 0.5 to represent a range from narrow to broad uncertainties for prior
inputs (Table 3). Compared to our base setting of 0.15 based on the previous work (Pendergrass et al., 2025), annual
estimates of Spread 0.5 and Spread 0.05 tests vary from 11.2% to -6.0% (Fig. S11). Larger prior uncertainties may lead to
larger corrections driven by strong satellite signals in localized hotspots. Compared with the negative adjustments in the base
and most other tests, the annual relative corrections to the prior input of the Spread 0.5 test turned positive after 2020 and
reached up to 7.3% in 2024. Whereas overly small settings on prior errors reduce the inversion’s responsiveness to localized
satellite observation enhancements. The average relative correction to the prior input during 2019-2024 was -5.6% in the
base test, while -8.0% in Spread 0.05. The limited number of sensitivity tests on the prior setting still leaves uncertainty in

the estimated results. More careful consideration of prior error specification is required in future inversion studies.

Sensitivity tests consistently confirmed the emission increase trend after 2019 (Fig. 5a), except for the Spread 0.05 and
Scaled BC cases. The emission ratios comparing 2024 to 2019 exhibited a range of 1.06—1.15 across all tests, with livestock
emissions remaining the dominant driver of emission increases (Figs. 5b and 5c¢). These results indicate that reducing
livestock CH4 emissions is a priority initiative for CH4 mitigation in China at present. Besides, the sensitivity test using
different boundary conditions not only produced large differences in annual CH4 emission magnitudes but also led to notable
divergent trends and the associated sectoral drivers. In the Scaled BC case, a reduction of 4.1 Tg in coal mine emissions
primarily drives the overall emission decline. While livestock emissions had previously been increasing, a reversal after
2020 also contributed to the downward trend. These findings further highlight the substantial influence of boundary

conditions on the trends, spatiotemporal distributions, and sectoral attribution of regional-scale CH4 inversions.
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Figure S: Sensitivity analysis of China’s CHy inversion results on emission magnitudes and trends. (A) Mean CH4 emission fluxes
and corresponding annual trends were derived for each sensitivity experiment from 2019 to 2024. The trends are calculated by the
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4 Conclusions

Our study developed a regional atmospheric inversion framework that is integrated with the LETKF data assimilation
algorithm based on the CHEEREIO tool (Pendergrass et al., 2025; Pendergrass et al., 2023) to perform a regional-scale CHa
flux inversion. We optimized China’s CHs emissions from 2019 to 2024 at 0.5° x 0.625° spatial resolution and weekly
temporal scale by using bias-corrected TROPOMI CH4 observations. This approach enables tracking of emission changes
and drivers with high computational efficiency and supports the construction of national CH4 MRV systems. We conducted
multiple sensitivity tests and confirmed the reliability and robustness of this regional inversion system, and highlighted the
importance of selecting appropriate boundary conditions and accurately quantifying prior errors. This regional-scale
inversion system development provides valuable and detailed insights for enhancing regional inversion capability and lays a
foundation for its future application in real-time monitoring of CH4 emissions, as well as for extending the inversion to other

regions and trace gases.

China’s CH4 emissions rose steadily from 61.1 (56.2—66.7) Tg in 2019 to 66.8 (61.5-73.0) Tg in 2024. Our estimates are
broadly consistent with existing studies and strengthen the robustness of the post-2019 emissions growth tendency signal.
This growth is largely driven by anthropogenic sources, which contributed 0.6 Tg yr? of the total 0.7 Tg yr? emission
increase. Livestock emissions, which increased by 36.9% relative to 2019 levels, emerged as the dominant growth driver
with a 41.7% contribution. This increase fully offset the emission reduction in the coal mining sector resulting from energy
transition and technology improvement, underscoring livestock as a new priority for targeted CH4 mitigation in China.
Additional mitigation opportunities arise from the growing contribution of the waste sectors, which account for 23.2% of the

total increase, as well as from oil and natural gas systems contributing 9.1%.

Divergent sectoral emission trajectories drove shifts in the regional emission landscape. From 2019 to 2024, emissions
remain highest in the East (23.5% of the total), South (21.4%), Southwest (18.1%), and North China (16.1%).
However, Northwest and Northeast China—the lowest-emissions regions accounting for 9.1% and 11.8% of total
emissions—are the largest contributors, collectively responsible for 63.8% of the total national CHs emissions growth.
Therefore, beyond reinforcing emission controls in traditional high-emission regions, targeted mitigation strategies should be

developed to focus on livestock and oil-gas emissions in Northwest China, as well as the rice emissions in Northeast China.

Nevertheless, limitations remain in our CH4 inversion. Several key sectors exhibit large uncertainties in their prior inputs,
with substantial discrepancies among different datasets (e.g., rice cultivation; Fig. S12). In addition, prior inventories for
some sectors lack sufficient spatial detail, exhibit limited temporal variability, and are updated infrequently. For instance, the
GFEI fossil fuel inventory provides only annual mean emissions for a single reference year, without interannual or intra-
annual variation. The influence of prior emissions needs to be fully evaluated, particularly regarding how their magnitudes
and spatial-temporal patterns affect the posterior results. Furthermore, uncertainties in the magnitude and trends of CH4 sinks,

the choice of CTMs, and the different model settings, such as the spatial resolution and meteorological fields, can also
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introduce additional errors. In addition, sensitivity analyses of prior inputs’ influence on inversion results remain limited to
several key emission sectors and a few databases. Future work should expand these analyses to include all emission sectors

and total emissions, incorporating multiple independent datasets to quantify the associated uncertainties more robustly.

Code and data availability

The code of the CHEEREIO tool is available at https://github.com/drewpendergrass/ CHEEREIO (last access: 15 December
2025) (Pendergrass et al., 2023). GEOS-Chem version 14.3.1 source code is available at
https://zenodo.org/records/10908999 (last access: 15 December 2025) (Yantosca et al., 2024). The blended
TROPOMI+GOSAT product is available at https:/registry.opendata.aws/blended-tropomi-gosat-methane/ (last access: 15

December 2025) (Balasus et al, 2023). Weekly gridded posterior CHs4 emissions are available at
https://figshare.com/s/a47f805000eaf90bc3c7. Additional data used in the inversion and needed to evaluate the conclusions

are present in the paper and/or the Supplementary Materials.
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