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Highlights

What are the main findings?

e A machine learning-based XCH, retrieval method integrating TROPOMI spectra, multi-
source data, and GOSAT L2 XCH, correction was developed for China in 2021.

o  The retrieved XCH, captured the spatial variation in methane concentrations over
China and showed better consistency with TCCON observations than TROPOMI
L2 (R=0.84).

What are the implications of the main findings?

e Data-driven methods can identify satellite spectral channels important for methane
retrieval models and extract key spectral information for regional XCH, retrieval.

e  The east-west gradient of XCH, over China reveals regional differences driven by cli-
mate, surface conditions, and emission characteristics, supporting methane monitoring
and source-sink analysis.

Abstract

Methane is a major greenhouse gas that plays a critical role in climate change. Accurate
monitoring of methane at the regional scale is essential for understanding its spatiotem-
poral dynamics and underlying processes. Here, a machine learning-based framework
is developed to retrieve column-averaged methane (XCH,) by integrating shortwave in-
frared spectral information from TROPOMI. Spectral channels are first analyzed through
machine learning-based feature importance analysis, and normalized spectral features
are subsequently constructed. These features are then combined with auxiliary variables,
including meteorological conditions, observation geometry, and surface environmental
factors, to develop an XCH, retrieval model. The GOSAT L2 XCH, product is introduced
as a high-accuracy reference observation for correcting the retrieved XCH, results, and
independent validation is conducted using observations from the TCCON site. Among the
evaluated models, XGBoost demonstrates the best performance, achieving an R? of 0.91 and
an RMSE of 9.28 ppb under five-fold cross-validation. The model also maintains relatively
better predictive performance compared with other models under both temporal and spatial
extrapolation scenarios. Compared with the TROPOMI L2 product, the retrieved XCH,
shows improved agreement with TCCON observations, with a higher correlation (R = 0.84)
and reduced errors. Based on this approach, a daily, spatially continuous XCH, dataset
over China for 2021 is generated. Analysis of the retrieved dataset reveals pronounced
spatiotemporal patterns, characterized by higher XCH, concentrations in eastern China and
lower values in the western regions, as well as a distinct seasonal cycle.
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1. Introduction

Methane is the second most important anthropogenic greenhouse gas after carbon
dioxide and plays a critical role in the global climate system [1]. Although its atmospheric
concentration is much lower than that of carbon dioxide, methane exhibits a substan-
tially stronger warming effect per unit mass, making a significant contribution to global
warming [2]. Previous studies have estimated that methane emissions account for approxi-
mately 20% of total radiative forcing. In addition, methane has a relatively short atmospheric
lifetime of about 10 years, allowing variations in emissions to exert more rapid impacts on the
climate system [3]. Compared with carbon dioxide, which is more challenging to regulate
over long timescales, methane mitigation through accurate monitoring and emission control
is considered an effective strategy for short-term climate mitigation and for supporting
carbon neutrality goals [4-7]. China is one of the largest methane-emitting countries, char-
acterized by diverse and complex emission sources, including biogenic emissions from rice
paddies, wetlands, and livestock, as well as anthropogenic emissions from coal mining, oil
and gas production, and landfills [8,9]. Furthermore, China exhibits substantial variability
in topography and climate conditions. Atmospheric transport and dispersion processes
therefore vary considerably across regions, resulting in pronounced spatial and temporal
heterogeneity in XCH,. In this context, obtaining XCH, data with high spatiotemporal
resolution, strong spatial continuity, and high consistency is essential for characterizing
regional methane distributions, identifying emission hotspots, and supporting greenhouse
gas mitigation policies.

In recent years, ground-based observations and satellite remote sensing have become
the primary approaches for monitoring atmospheric methane concentrations. Ground-
based measurements provide high accuracy; however, their limited spatial coverage and
uneven distribution restrict their ability to support continuous monitoring at regional and
national scales [10,11]. In contrast, satellite remote sensing offers extensive spatial coverage,
high observation frequency, and strong spatial consistency, effectively overcoming the
limitations of ground-based observations. Satellite observations provide XCH, data, which
serve as a fundamental basis for analyzing methane distributions at regional scales [12].
The shortwave infrared (SWIR) spectral band is highly sensitive to near-surface methane
and is therefore well suited for capturing its spatial patterns and temporal variability.
Consequently, most greenhouse gas monitoring satellites rely on SWIR observations for
methane retrieval [13]. Satellite missions such as GOSAT and TROPOMI have played
key roles in methane monitoring at both regional and global scales. GOSAT products are
characterized by high retrieval accuracy and long-term stability, whereas TROPOMI offers
clear advantages for regional applications due to its higher spatial resolution and shorter
revisit time [14,15]. Nevertheless, differences in sensor characteristics, retrieval algorithms,
and observation conditions introduce unavoidable systematic biases in satellite-derived
XCH, products at the regional scale [16,17].

From the perspective of retrieval methodologies, current atmospheric methane re-
mote sensing predominantly relies on physical inversion approaches [18]. These methods
aim to establish physically based relationships between observed spectral signals and
atmospheric processes to quantitatively estimate methane concentrations or emissions.
For example, Chen et al. [19] combined TROPOMI observations with the GEOS-Chem
model to quantify total methane emissions and their sectoral contributions over China.
Varon et al. [20] implemented the GEOS-Chem model on a cloud computing platform to
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reduce computational costs, while Schneising et al. [21] improved the WFM-DOAS algo-
rithm by introducing higher-order polynomials in spectral fitting and integrating machine
learning classification to mitigate systematic biases arising from forward model simplifica-
tions and instrumental errors. Although these physically based approaches can effectively
represent atmospheric radiative transfer processes and achieve high retrieval accuracy,
they typically involve numerous physical parameters and iterative calculations, leading to
high computational complexity and limited efficiency. This restricts their applicability in
large-scale data processing and operational implementations [22,23].

With the rapid growth of hyperspectral remote sensing data and advances in computa-
tional capabilities, machine learning methods have been increasingly adopted in methane
retrieval studies. These approaches estimate XCH, by learning statistical relationships
between remote sensing features and methane concentrations, offering improved compu-
tational efficiency. Wan et al. [24] used GOSAT XCH, data and meteorological variables
to estimate surface methane concentrations with an XGBoost model. Masiello et al. [25]
trained a feed-forward neural network using simulated IASI spectral radiances to retrieve
atmospheric methane profiles, while Jin et al. [26] combined TROPOMI XCH, data with
meteorological, topographic, and other auxiliary variables using a Random Forest model to
reconstruct areas with missing satellite observations. These studies demonstrate the poten-
tial of machine learning for satellite-based methane retrieval and estimation. Regarding
the combined use of multi-source satellite observations, Qu et al. [27] compared methane
observations from TROPOMI and GOSAT. GOSAT showed a mean bias of —1.0 ppb and
a regional bias metric of 2.9 ppb, compared with —2.7 ppb and 6.7 ppb, respectively, for
TROPOMYI, indicating differences in the systematic biases and their spatial variations be-
tween the two products. Balasus et al. [28] further used collocated GOSAT and TROPOMI
observations to estimate and correct retrieval biases in the TROPOMI methane product us-
ing machine learning. Li et al. [29] used GOSAT XCH, as the training target and combined
it with TROPOMI spectral radiance data to retrieve global methane concentrations. These
studies provide a basis for combining complementary GOSAT and TROPOMI observations
to improve methane retrieval and correct product biases.

Building on the above considerations, this study focuses on China and uses the
TROPOMI L2 XCH, product as the initial training target. SHAP-based feature importance
analysis is used to construct normalized difference spectral features, which are combined
with meteorological variables, viewing geometry, and surface environmental variables to es-
tablish a machine learning-based retrieval model. The GOSAT XCH, product is then used to
correct the model retrieval results, and the final product is validated against ground-based
TCCON observations. Based on the validated retrievals, the spatiotemporal distribution of
XCH, across China is further analyzed.

2. Study Area and Data Sources
2.1. Study Area

This study focuses on China, covering approximately 3°N-54°N and 73°E-135°E. The
region encompasses a wide range of terrain and climate zones, extending from the Tibetan
Plateau to the eastern coastal areas. It includes diverse climate regimes, ranging from
cold temperate to subtropical zones, and exhibits substantial regional variability in climate
conditions, land cover, and human activity intensity. Topographically, the study area is
characterized by a pronounced west-east gradient, with higher elevations in the west and
lower elevations in the east. The western region is dominated by the Tibetan Plateau
and surrounding mountainous areas, where elevations are generally high and can exceed
4000 m. In contrast, the central region mainly consists of hills and basins, while the eastern
region is characterized by extensive plains and coastal lowlands, accompanied by high
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population density and intensive human activities. Such complex terrain and heterogeneous
human influences contribute to pronounced spatial variability in atmospheric methane
across China.

Figure 1 illustrates the geographic location and topographic distribution of the study
area. Elevation is represented by color, clearly highlighting the decreasing terrain from west
to east. The two TCCON sites used for validation of the retrieval results are also indicated,
including the Xianghe site (39.8°N, 116.96°E) located in the North China Plain and the
Hefei site (31.9°N, 117.17°E) located in eastern China.

S0°N

40°N 1

30°N -

20°N

Elevation (m)

70°E 80°E 90°E 100°E 110°E 120°E 130°E 140°E

Figure 1. Study area. The background colors indicate topographic elevation (m), and the inset in the
lower-right corner shows the South China Sea Islands.

2.2. TROPOMI Satellite Data

TROPOML is a tropospheric atmospheric composition monitoring instrument onboard
the ESA Sentinel-5P satellite, launched in October 2017. The instrument covers the ul-
traviolet, visible, near-infrared, and shortwave infrared spectral bands, providing global
observations of atmospheric composition [30]. Since August 2019, the spatial resolution of
its shortwave infrared (SWIR) band has been approximately 7 km x 5.5 km, an improve-
ment over the initial resolution of approximately 7 km x 7 km. This improvement enables
more detailed characterization of the spatial distribution of atmospheric methane column
concentrations at regional scales, making TROPOMI an important data source for regional
methane monitoring.

In this study, both the TROPOMI L2 XCH, product and L1B spectral radiance data are
utilized. The L2 XCH, product is retrieved by the Institute of Environmental Physics, Uni-
versity of Bremen, using the WFM-DOAS algorithm [21,31]. Based on SWIR observations,
this product provides XCH, data with high retrieval accuracy and long-term stability and
has been widely applied in both regional and global methane studies.

The TROPOMI L1B product provides radiometrically calibrated hyperspectral mea-
surements together with detailed observation geometry information. The instrument covers
the ultraviolet, visible, near-infrared, and shortwave infrared spectral ranges, comprising
eight independent spectral bands, each corresponding to a separate L1B product. In addi-
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tion to spectral radiance, the L1B data include key observation geometry parameters, such
as solar zenith angle (SZA), solar azimuth angle (SAA), viewing zenith angle (VZA), and
viewing azimuth angle (VAA). This study primarily uses SWIR Band 7 (23052345 nm)
data from 2021, which captures the main methane absorption features. These data, together
with the corresponding observation geometry parameters, provide the basis for subse-
quent XCH, retrieval and analysis. In addition, only high-quality TROPOMI data with
qa_value > 0.5 were retained.

2.3. GOSAT XCH, Product

GOSAT is the first satellite dedicated to global greenhouse gas monitoring and is
equipped with the Thermal And Near-infrared Sensor for carbon Observation-Fourier
Transform Spectrometer (TANSO-FTS). This instrument provides high-resolution spectral
observations in both the shortwave infrared and thermal infrared bands, enabling the
retrieval of column-averaged greenhouse gas concentrations, including XCH, [32,33].

The GOSAT L2 XCH, product is characterized by high retrieval accuracy and long-
term stability and has been widely used for cross-validation of satellite methane products,
background concentration estimation, and trend analysis [27,34,35]. Although its spatial
resolution is relatively coarse, its high accuracy makes it a reliable reference for evaluating
the consistency of regional methane retrievals.

2.4. TCCON Observations

The Total Carbon Column Observing Network (TCCON) is a global network of ground-
based observation sites established in 2004. It employs high-resolution Fourier transform
infrared (FTIR) spectrometers to record solar absorption spectra in the near-infrared region
after sunlight passes through the atmosphere. These spectra are used to retrieve column-
averaged concentrations of greenhouse gases, including carbon dioxide, methane, and
carbon monoxide. The resulting data are highly accurate and stable over long periods and
are widely used as reference measurements for validating satellite-based greenhouse gas
retrieval products [36,37].

The Xianghe site (39.8°N, 116.96°E), located in the central part of the North China Plain,
is characterized by intensive industrial activities and high population density. It represents
the atmospheric composition characteristics of typical human-affected regions in eastern
China [38]. The Hefei site (31.9°N, 117.17°E), located in the middle and lower reaches of
the Yangtze River region in Anhui Province, has different surface conditions and regional
atmospheric backgrounds compared with the North China Plain. In this study, TCCON
observations from both sites in 2021 are used to validate the satellite retrieval results, and
daily averages are calculated from the original measurements.

2.5. ERA5 Reanalysis Data

Considering the differences in atmospheric conditions, topography, and surface radi-
ation environments across regions, Wan et al. [24] and Jin et al. [26] incorporated auxil-
iary features such as meteorological variables, surface elevation, and solar radiation into
satellite-based methane concentration estimation to complement spectral observations.
Schneising et al. [31] also considered the effects of solar zenith angle, viewing angle, sur-
face elevation, and atmospheric temperature on radiative transfer and retrieval results in
their study of the TROPOMI methane retrieval algorithm. Based on these studies, mete-
orological variables and surface environmental data are incorporated into the model as
auxiliary inputs.

ERADS is the fifth-generation global atmospheric reanalysis dataset produced by the
European Centre for Medium-Range Weather Forecasts (ECMWF) and released in 2017.
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It provides continuous data from 1950 to the present, with an hourly temporal resolution
and a wide range of atmospheric, land, and oceanic variables. The dataset has a spatial
resolution of approximately 30 km and represents the atmosphere using 137 vertical levels
from the surface up to 80 km [39].

In this study, several ERA5 variables are used, including boundary layer height (BLH),
total precipitation (TP), 10 m u and v wind components (U10 and V10), 2 m temperature
(T2M), total column water vapor (TCWYV), surface net solar radiation (SNSR), and relative
humidity (RH). All variables are aggregated to daily averages and resampled to a spatial
resolution of 0.05° x 0.05°.

2.6. Surface Environmental Data
2.6.1. DEM

The digital elevation model (DEM) is a digital representation of surface elevation,
typically organized as a regular grid in which each cell records the elevation at a specific
location. It can be used to characterize terrain relief and surface morphology [40]. Topo-
graphic conditions can influence atmospheric structure and near-surface gas dispersion,
thereby affecting the spatial distribution of atmospheric methane. Elevation data obtained
from Google Earth are used to characterize terrain differences and assess their potential
impact on methane column concentrations.

2.6.2. Downward Shortwave Radiation Data

Downward shortwave radiation (DSR) plays a key role in surface energy balance,
vegetation activity, and evapotranspiration and can indirectly influence methane emissions
and atmospheric processes. In this study, the DSR TOPO product from the GLASS dataset
is used, with a spatial resolution of 0.05° [41,42]. This product is derived from MODIS
observations combined with topographic information and provides reliable estimates of
surface incoming shortwave radiation.

2.6.3. Vegetation Index

Vegetation conditions are represented by the normalized difference vegetation index
(NDVI). NDVI data are obtained from the MOD13C1 Level 3 product provided by the
Moderate Resolution Imaging Spectroradiometer (MODIS) onboard the Terra satellite [43].
The dataset has a spatial resolution of 0.05° and a temporal resolution of 16 days and is
used to characterize vegetation conditions and their potential relationship with biogenic
methane emissions.

2.7. Cloud Mask Data

To minimize the impact of clouds on shortwave infrared methane observations, the
Level-2 cloud mask product CLDMSK_L2_VIIRS_SNPP released by NASA is used. This
product is derived from observations of the Visible Infrared Imaging Radiometer Suite
(VIIRS) onboard the Suomi National Polar-orbiting Partnership (SNPP) satellite. It is based
on the MODIS-VIIRS cloud mask (M-VCM) algorithm framework and determines cloud
conditions and their confidence levels using multispectral threshold tests [44].

3. Methodology

This study presents a high-resolution XCH, retrieval framework over China by in-
tegrating multi-source remote sensing data with machine learning techniques, with the
overall workflow illustrated in Figure 2. TROPOMI SWIR spectral data serve as the primary
input, together with observation geometry parameters, ERA5 reanalysis data, and surface
environmental variables. Spectral channels are first selected through feature importance
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analysis, and normalized spectral features are constructed to enhance methane-related
signals. These features are then combined with auxiliary data to build the retrieval model.
To improve consistency, we further incorporate the GOSAT L2 XCH, product as a reference
dataset. The model is subsequently evaluated using TCCON observations, and the validated
results are used to analyze the spatial distribution of XCH, over China.

Spectral data

TROPOMILIB

Step 1. Data preprocessing and feature construction

Meteorological data

Preprocessing

Auxiliary satellite data

o | Feature construction

BLH. TP TROPOMI L2 : ‘
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Cloud removal XCH, retrieval
—

dataset
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Spectral channel
importance analysis

i |Temporal aggregation
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extrapolation
validation

|

|

GOSAT constraint

Optimal model: XGBoost

Retrieved XCH,

Figure 2. Overview of the proposed framework for XCH, retrieval and analysis.

3.1. Normalized Spectral Index Construction

Following the spectral channel importance analysis, the 10 channels with the highest
SHAP importance scores and the 10 channels with the lowest scores are selected as high-
and low-importance channels, respectively. The radiance values of these two groups are
then used to construct normalized difference spectral features.

The normalized spectral index is defined as:

Y = Rbl - Rul
Rbl + Rul

(1)

In the equation, R, represents the radiance of a high-importance channel, while R
represents the radiance of its corresponding low-importance channel.

The rationale for constructing these features is based on the physical principle of differ-
ential spectroscopy, which uses relative radiance differences between nearby spectral bands
to reduce the influence of common background effects. Within the SWIR region, spectrally
close channels may be similarly affected by surface reflectance and viewing conditions.
Calculating the difference between channel radiances and normalizing it can help char-
acterize the relative radiance differences between channels. Following this approach, the
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selected high- and low-importance channels are sorted by central wavelength and paired
one-to-one to construct normalized difference spectral features. The resulting normalized
difference spectral features, together with meteorological variables, surface auxiliary data,
and viewing geometry parameters, form the input feature set for the retrieval model.

3.2. Methane Retrieval Models

To capture the nonlinear relationships between multi-source remote sensing features
and XCH,, several tree-based machine learning models are employed, including XGBoost,
Random Forest, LightGBM, and Extra Trees. These models are well suited for handling
high-dimensional data, nonlinear relationships, and complex feature interactions and have
been widely applied in remote sensing retrieval studies.

3.2.1. XGBoost

XGBoost is an ensemble learning algorithm based on gradient boosting decision trees,
proposed by Chen and Guestrin [45]. It improves prediction accuracy by iteratively fitting
the residuals from previous models. For the i-th sample, the prediction can be expressed as
the sum of outputs from multiple regression trees:

=Y f) fiET (2)

where x; is the input feature vector, f; (-) denotes the k-th regression tree, and J represents
the space of regression tree functions. This structure enables the model to capture complex
nonlinear relationships between input features and the target variable.

During training, XGBoost optimizes model parameters by minimizing an objective
function with a regularization term. The overall objective function is defined as:

L=Y" 1wa)+Y_ Q%) 3)

where [(+) is the loss function that measures the difference between predicted and true values,
and Q)(f;) is the regularization term that controls model complexity. The regularization
term is defined as:

Q(f) = 9T + %AZ; w? (4)

where T is the number of leaf nodes in a regression tree, w; is the weight of the j-th leaf
node, ¢ and A are regularization parameters that control tree complexity and leaf weights,
respectively. By incorporating this regularization term, XGBoost effectively balances model
complexity and fitting accuracy, thereby reducing overfitting and improving generalization
performance.

3.2.2. Random Forest

Random Forest is a machine learning method based on ensemble learning. Its the-
oretical foundation can be traced back to the random subspace method proposed by
Ho in 1995 [46]. Breiman further developed and formalized the Random Forest algo-
rithm in 2001 [47] by combining bootstrap resampling with random feature selection. This
design improves model stability and generalization, making Random Forest a widely used
ensemble learning approach. The core idea is to build multiple independent decision trees
and aggregate their predictions to improve overall model performance, as illustrated in
Figure 3. During training, the method generates multiple subsets by sampling the original
data with replacement. At each split in a decision tree, it randomly selects a subset of
features for node partitioning, which reduces the model’s dependence on specific features
or samples.

https://doi.org/10.3390/1s18213796


https://doi.org/10.3390/rs18213796

Remote Sens. 2026, 18, 3796

9 of 29

Dataset

Decision Tree-1 Decision Tree-2 Decision Tree-N

Result-1 Result-2 Result-N

l

> | Average Result «

|

Final Result

Figure 3. Random Forest flowchart.

By introducing randomness in both samples and features, Random Forest effectively
reduces overfitting compared to a single decision tree and shows strong robustness to noisy
data. In addition, the model does not rely on strict assumptions about data distribution and
is insensitive to the scale of input features, making it well suited for high-dimensional and
multi-source remote sensing data.

3.2.3. LightGBM

LightGBM is an efficient gradient boosting decision tree algorithm proposed by
Ke et al. [48] in 2017. It represents an important improvement over traditional gradi-
ent boosting decision tree (GBDT) methods. Similar to standard GBDT, LightGBM adopts
an additive model structure and iteratively fits the residuals from previous iterations. It
combines multiple regression trees to predict the target variable. During training, LightGBM
minimizes a loss function. The objective function can be written as:

L= Z:; 1(yi, ;) (5)

where [(-) is the loss function, typically the squared loss in regression tasks. Unlike XGBoost,
LightGBM does not explicitly introduce complex regularization terms. Instead, it controls
model complexity through algorithm design and sampling strategies.

To address the high computational cost and memory consumption of traditional GBDT
under large sample sizes and high-dimensional features, LightGBM introduces two key
techniques: Gradient-based One-Side Sampling (GOSS) and Exclusive Feature Bundling
(EFB) [48]. GOSS retains samples with large gradient values and randomly samples
those with small gradients, reducing the number of training samples while maintaining the
accuracy of split gain estimation. EFB exploits the sparsity of high-dimensional feature space
by bundling mutually exclusive features, which effectively reduces feature dimensionality
and computational cost.

In addition, LightGBM uses a histogram-based feature discretization method to map
continuous features into discrete bins, reducing the complexity of split point search. It also
adopts a leaf-wise tree growth strategy and achieves lower training error under the same
depth constraint. As a result, LightGBM improves training efficiency while maintaining
high prediction accuracy.
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3.2.4. Extra Trees

Extra Trees is an ensemble decision tree method proposed by Geurts et al. [49] in 2006.
It follows a similar framework to Random Forest by combining multiple decision trees
but introduces stronger randomness during tree construction. The increased randomness
reduces the correlation between trees, improves generalization performance, and increases
training efficiency.

During training, Extra Trees not only randomly selects candidate features at each split
but also generates random split thresholds for each feature. It then selects the best split
from these randomly generated candidates [50]. Unlike Random Forest, Extra Trees does
not search for the optimal split point among candidate features. Instead, it randomizes
the split thresholds, significantly reducing the computational cost of split search and im-
proving efficiency for high-dimensional features and large datasets. Increased randomness
in the splitting process leads to greater diversity among trees, reduces ensemble variance,
and improves prediction stability. Extra randomness may introduce some bias. However,
averaging the outputs of a large number of randomized trees allows the model to achieve a
good balance between bias and variance.

3.3. GOSAT-Based Correction of XCH, Retrieval Results

Due to differences in spatial resolution, sampling strategies, observation geometries,
and retrieval algorithms among satellite sensors, XCH, products from different satellite
missions generally exhibit certain systematic discrepancies. TROPOMI provides continuous
regional-scale methane column observations with relatively high spatial coverage; however,
its retrieval results may still be affected by surface reflectance characteristics, atmospheric
state parameters, and retrieval priors. The GOSAT XCH, product, benefiting from its
relatively high retrieval accuracy and stable observation capability, provides an independent
reference for the optimization of regional-scale XCH, products.

Considering the sparse spatial coverage of GOSAT observations, which limits their
ability to independently support the continuous generation of regional methane column
concentration products at high spatial resolution, this study uses the TROPOMI L2 XCH,
product as the supervised training target for the first stage model. TROPOMI L1B spectral
features and multi-source auxiliary variables are combined to establish an initial XCH,
retrieval model. The GOSAT L2 XCH, product is then used to correct the initial retrieval
results. Specifically, the initial XCH, retrievals are matched spatiotemporally with corre-
sponding GOSAT L2 observations to construct training samples for the correction model.
The initial retrieval results serve as the primary input, together with spectral features, mete-
orological variables, surface environmental parameters, and viewing geometry information.
The machine learning model then learns the nonlinear relationships between these variables
and the matched GOSAT XCH, observations to correct biases in the initial retrieval product.

The correction stage uses the best performing model selected through the first stage
model comparison, with matched GOSAT XCH, observations serving as the reference for
establishing a mapping between the initial retrieval results and the reference observations.
The trained correction model is subsequently applied to the initial retrieval product to gen-
erate the final XCH, product. Both the initial and corrected products are validated against
ground-based TCCON observations to evaluate the effects of the correction procedure on
retrieval performance.

4. Results
4.1. Spectral Channel Importance Analysis for Methane

TROPOMI Band 7 contains 480 continuous spectral channels covering the primary
methane absorption features. However, using all channels in the retrieval introduces substan-
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tial redundancy and multicollinearity, which can reduce model stability and computational
efficiency. Meanwhile, the contributions of individual channels to me-thane retrieval vary
considerably. Therefore, spectral channel selection is necessary to reduce the dimensionality
of the spectral data and provide a basis for subsequent spectral feature construction.

First, a candidate spectral range was defined according to methane absorption features
in the SWIR region to establish the initial spectral feature set. SHAP analysis then quantified
the relative contribution of each spectral channel to model predictions. Ranking the channels
by their mean absolute SHAP values identified the top 10 as high-importance channels and
the bottom 10 as low-importance channels (Table 1).

Table 1. Spectral channel selection results based on SHAP feature importance rankings.

(a) Top 10 spectral channels ranked by model importance.

Serial Number Central Wavelength (nm) SHAP Importance
1 2321.88 5.5078
2 2341.97 5.1208
3 2316.62 2.1982
4 2328.46 1.9347
5 2329.89 1.8336
6 2316.97 1.4992
7 2341.33 1.1358
8 2314.27 1.1138
9 2317.06 1.1017
10 2339.86 1.0887
(b) Bottom 10 spectral channels ranked by model importance.

Serial Number Central Wavelength (nm) SHAP Importance
1 2308.77 0.0052
2 2327.56 0.0048
3 2326.67 0.0045
4 2315.75 0.0038
5 2309.20 0.0026
6 2324.53 0.0022
7 2332.41 0.0022
8 2308.09 0.0021
9 2332.68 0.0020
10 2320.12 0.0003

4.2. Effect of Spectral Feature Construction on XCH, Retrieval

To evaluate the constructed normalized spectral features, three comparative experi-
ments were conducted to examine the effects of different spectral input configurations on
XCH, retrieval performance while keeping the training samples and auxiliary variables
unchanged. Model 1 used the raw radiance values of the top 10 high-importance channels,
whereas Model 2 incorporated the raw radiance values of both the high- and low-importance
channels. Model 3 employed normalized difference spectral features constructed from the
high- and low-importance channels. The evaluation metrics of the three configurations
were compared to determine the spectral input representation for subsequent modeling. By
comparing the evaluation metrics across the three configurations, the most suitable spectral
input representation was selected for subsequent modeling.

As shown in Table 2, the model achieves good retrieval performance using only the
raw radiance values of the high-importance channels, with an R? of 0.906 and an RMSE of
9.436 ppb. This result suggests that the SHAP-selected high-importance channels effectively
capture spectral information related to methane absorption. However, adding the raw
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radiance values of the low-importance channels does not further improve performance;
instead, R? decreases slightly to 0.904, and RMSE increases to 9.491 ppb. In contrast, the
normalized difference spectral features constructed from the high- and low-importance
channels yield the best results, with R? increasing to 0.909 and MAE and RMSE decreasing
to 6.477 ppb and 9.281 ppb, respectively. Although the performance differences among
the three configurations are relatively small, Model 3 demonstrates a modest advantage.
Therefore, subsequent experiments use the spectral input configuration of Model 3 and fur-
ther investigate the contributions of different types of auxiliary variables through grouped
ablation experiments.

Table 2. Comparison of XCH, retrieval performance using different spectral input configurations.

Model Spectral Feature Input R? MAE RMSE
Model 1 high-importance 0.906 6.534 9.436
channels
high-importance
Model 2 channels + 0.904 6.585 9.491

low-importance channels

Model 3 normalized differential 0.909 6.477 9.281
spectral features

4.3. Model Comparison

The retrieval experiments are conducted using data from the entire year of 2021, cover-
ing diverse seasonal and regional conditions. Under five-fold cross-validation, all models
capture the nonlinear relationships between multi-source remote sensing features and XCH,.
XGBoost achieves the best overall performance, with R? = 0.909, RMSE = 9.281 ppb, and
MAE = 6.477 ppb. Moreover, the bias remains close to zero, indicating strong fitting ability
and effective control of systematic errors (Figure 4a). Random Forest achieves similar per-
formance, with R? = 0.906 and RMSE = 9.432 ppb. Its bias shows a slightly larger magnitude,
indicating slightly lower stability compared to XGBoost (Figure 4b). The scatter points
from both models align closely with the 1:1 line and form dense clusters without obvious
systematic deviation, indicating comparable fitting performance. In contrast, LightGBM
and Extra Trees exhibit lower retrieval accuracy (Figure 4c,d). Their R? values decrease to
0.891 and 0.882, respectively, with RMSE values exceeding 10 ppb and higher MAE values.
This indicates a relatively weaker ability to capture XCH, variability under the current
feature set and data conditions.

XCH, retrieval models often face temporal distribution shifts and strong spatial hetero-
geneity in practical applications, which cannot be fully captured by standard cross-validation
under identical data distributions. To better assess model generalization, two additional
validation strategies are introduced: temporal extrapolation and spatial extrapolation.
Temporal extrapolation adopts a leave-one-season-out strategy, in which data from three
seasons are used for training and the remaining season for testing. This setup evaluates
model stability and adaptability under seasonal transitions. Spatial extrapolation is imple-
mented using a spatial block cross-validation approach, where the study area is divided into
2° x 2° grids. In each iteration, approximately 30% of the blocks are used for testing, while
the remaining blocks are used for training. This strategy assesses model transferability
across spatially independent regions.
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Figure 4. Scatter plots of five-fold cross-validation results for (a) XGBoost; (b) Random Forest;
(c) LightGBM; (d) Extra Trees. (The blue line represents the fitted regression line, and the red line
represents the line of equality y = x).

Under five-fold cross-validation, XGBoost and Random Forest exhibit comparable
performance and achieve the highest overall accuracy among all models. Further evaluation
focuses on these two models using temporal and spatial extrapolation tests. As shown in
Table 3, both models maintain moderate correlations across all seasons under the leave-
one-season-out setting. However, XGBoost consistently outperforms Random Forest, with
higher correlation coefficients and lower MAE and RMSE values in most seasons, indicating
improved stability and error control. Although both models exhibit seasonal systematic
biases, the magnitude of bias is generally smaller for XGBoost. Under spatial extrapolation
(Table 4), both models show reduced accuracy compared with same-distribution validation,
reflecting the increased difficulty of spatial generalization. Nevertheless, XGBoost maintains
higher correlation and lower errors than Random Forest, while the bias for both models
remains close to zero, suggesting no evident spatial systematic bias.

Overall, although XGBoost and Random Forest perform similarly under the same dis-
tribution conditions, XGBoost demonstrates superior stability and generalization capability
under both temporal and spatial distribution shifts. It is therefore selected as the optimal
model for subsequent retrieval.
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Table 3. Comparison of temporal extrapolation results across different seasons.
MAE RMSE Bias
Season Model R
(ppb) (ppb) (ppb)
Sprin XGBoost 0.689 15.504 20.180 5.579
pring Random Forest ~ 0.677 16.257 20.829 6.946
S XGBoost 0.608 15.241 20.705 -1.778
tmer Random Forest 0.556 16.903 21.659 ~0.678
A XGBoost 0.771 15.207 19.954 —8.437
utumn Random Forest 0.746 17.560 22.540 ~12.397
Wint XGBoost 0.830 17.260 21.868 11.419
mter Random Forest 0.820 18.733 23.546 13.125
Table 4. Comparison of spatial extrapolation results.
Model R MAE (ppb) RMSE (ppb) Bias (ppb)
XGBoost 0.912 9.137 12.575 —0.249
Random Forest 0.903 9.568 13.227 -0.279

4.4. Effects of Different Auxiliary Variable Groups on Retrieval Performance

After determining the normalized difference spectral features, we further examined
the effects of different auxiliary variable groups on XCH, retrieval performance. Using the
full-feature model as the baseline, three ablation experiments were conducted by removing
the viewing geometry parameters (SAA, SZA, VAA, and VZA), meteorological variables
(BLH, RH, SNSR, TCWYV, TP, U10, V10, and T2M), and surface environmental variables
(DSR, DEM, and NDVI), respectively, while keeping the remaining features unchanged.

The auxiliary variable ablation results in Table 5 demonstrate that the full model
achieves the best retrieval performance. Among the three auxiliary variable groups, view-
ing geometry parameters have the greatest impact on model performance. Removing these
parameters reduces R? to 0.878 and increases MAE and RMSE to 7.568 ppb and 10.736
ppb, respectively. Removing meteorological variables also leads to a noticeable decline in
performance, with R? decreasing to 0.888 and RMSE increasing to 10.286 ppb. In compari-
son, surface environmental variables have a smaller but still positive contribution, as their
removal reduces R? to 0.902 and increases RMSE to 9.647 ppb. Overall, these results high-
light the importance of viewing geometry and meteorological variables in XCH, retrieval,
while surface environmental variables provide additional useful information. Therefore,
subsequent analyses retain the full feature set and use SHAP to further examine the relative
importance of individual variables.

Table 5. Comparison of XCH, retrieval performance in the auxiliary variable ablation experiments.

Model Configuration R MAE (ppb) RMSE (ppb)

Full model 0.909 6.477 9.281
Without viewing

0.878 7.568 10.736

geometry parameters
Without meteorological variables 0.888 7.347 10.286
Without surface 0902 6.738 9.647

environmental variables
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4.5. SHAP Interpretable Analysis

To better understand the retrieval mechanism of XCH,, SHAP analysis evaluates the
importance of input variables and their contributions to model predictions. SHAP originates
from the concept of Shapley values in game theory and was originally developed to measure
the contribution of individual players to the overall payoff. In model interpretation, it
quantifies the contribution of each input feature to the prediction [51,52].

Figure 5 shows the feature importance ranking and the contribution distribution of
input variables. Spectral features dominate the model, with Spec_9, T2M, SAA, Spec_6,
VAA, and Spec_8 exhibiting the highest mean absolute SHAP values. Variables associated
with observation geometry and surface conditions contribute at a moderate level, whereas
meteorological variables such as wind speed and precipitation exhibit SHAP values clus-
tered near zero, indicating a limited influence on the retrieval. In terms of contribution
direction, higher values of T2M, SAA, VAA, DEM, Spec_10, and Spec_1 generally increase
the predicted XCH,, indicating positive contributions. In contrast, Spec_9, Spec_6, Spec_8,
VZA, DSR, and NDVI show negative contributions. These results suggest that the model
primarily relies on spectral information, while temperature and observation geometry
play secondary but important roles. The relative importance of variables remains clearly
distinguishable, highlighting the interpretability of the model.
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Figure 5. Importance ranking and contribution distribution of input variables.

Figure 6 further illustrates the SHAP dependence relationships for key variables, using
color mapping to reveal interaction effects that influence XCH, retrieval. Spectral variables
exhibit a generally stable negative relationship with SHAP values, with clear transitions
near zero-contribution thresholds. For a given feature value, variations in TCWV or neigh-
boring spectral channels lead to stratified SHAP patterns, indicating strong interaction
effects among variables. Among meteorological variables, T2M shows an approximately
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linear positive relationship with SHAP values, with stronger effects at higher temperatures,
particularly under the modulation of spectral features such as Spec_2. This suggests a
synergistic interaction between temperature and spectral information. In contrast, TCWV
exhibits a nonlinear response, with rapid increases at low values followed by saturation,
indicating higher sensitivity under dry atmospheric conditions. The observation geometry
parameters exhibit pronounced nonlinear behavior. The relationship between VAA and
SHAP values may also be influenced by observations at large viewing azimuth angles. In
this study, observations with [VAA| > 60° were not excluded, and these data may include
measurements from adjacent orbits overlapping with the primary orbit, with different obser-
vation times from those of the primary orbit. In addition, large viewing angles may increase
uncertainties in the retrieved XCH, values. Future studies could exclude observations with
[VAA| > 60° to reduce the potential influence of these factors. For surface and environmental
variables, DEM shows a consistent positive relationship, whereas DSR exerts a negative
influence at higher values and varies with temperature, suggesting interactions between
surface radiation and thermal conditions.
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Figure 6. SHAP dependence plots of key variables. The colors of the scatter points represent the
values of the corresponding interacting features. The light pink shading indicates feature values
below the SHAP = 0 threshold, while the light blue shading indicates values above it. The annotated
values indicate the feature values at which the SHAP dependence curves cross zero.
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4.6. Validation with TCCON Observations
4.6.1. Validation of Retrieval Results

For site scale validation, regional means within a +2° spatial window around each TC-
CON station were extracted and temporally matched on a daily basis, ensuring a consistent
benchmark across all evaluated products. Figure 7 presents the scatter plots comparing the
TROPOMI L2 product, the uncorrected model retrievals, the directly corrected TROPOMI
L2 product, and the final corrected product against TCCON observations. The directly
corrected TROPOMI L2 product was obtained by using the original TROPOMI L2 product
as the product to be corrected and training a correction model with matched GOSAT XCH,
observations. In contrast, the final corrected product was generated using the two-stage
retrieval framework proposed in this study. Specifically, preliminary retrievals were first
performed using TROPOMI L1B spectral features and multi-source auxiliary variables, after
which the preliminary retrieval results were further corrected using GOSAT observations.
The main difference between the two approaches lies in the input product used during the
correction stage: the former directly corrects the original TROPOMI L2 product, whereas
the latter applies a further correction to the retrieval results obtained in the first stage.
The original TROPOMI L2 product yielded a correlation coefficient of 0.756, an RMSE of
15.70 ppb, and an MAE of 12.06 ppb (Figure 7a). The uncorrected model retrieval achieved a
correlation coefficient of 0.781 and reduced the RMSE to 15.02 ppb (Figure 7b). The directly
corrected L2 product yielded a correlation coefficient of 0.777 and an RMSE of 15.45 ppb
(Figure 7c). In contrast, the final corrected product achieved a correlation coefficient of 0.839,
with the RMSE and MAE decreasing to 13.89 ppb and 10.84 ppb, respectively (Figure 7d).
Compared with the original L2 product, the final corrected product reduced the RMSE and
MAE by approximately 11.6% and 10.1%, respectively, and achieved a higher correlation
with TCCON observations. It also achieved a higher correlation coefficient and lower RMSE
and MAE than the directly corrected L2 product, indicating better overall agreement with
ground-based observations. However, the final corrected product still exhibited a negative
bias of —5.27 ppb, whose absolute magnitude was greater than that of the original L2
product (—2.38 ppb). In addition, all four products had regression slopes below 1, and most
samples at the high concentration end fell below the 1:1 reference line. This pattern indicates
that the retrieved XCH, values vary less than the TCCON observations as concentrations
increase, suggesting an underestimation of high XCH, concentrations. Therefore, although
the final corrected product improves correlation and overall error metrics, its bias and
response to high-concentration variations still warrant further investigation.

4.6.2. Time Series Comparison

Figure 8 presents the comparison of daily XCH, time series between the retrieved results
and TCCON observations at the two validation sites. For the Xianghe site (Figure 8a), the
retrieval results show good consistency with the TCCON observations in terms of the overall
annual variation, with both datasets exhibiting a gradual increase from relatively low values
at the beginning of the year and reaching higher levels in late summer and early autumn. In
contrast, the time series at the Hefei site (Figure 8b) is relatively more scattered due to the
limited number of available observations. Nevertheless, the retrieval results still capture the
overall variation pattern of the TCCON observations, with both datasets showing a clear
increasing trend from mid-year to autumn. This pattern reflects a clear seasonal cycle of
methane concentration at the regional scale.
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Figure 7. Comparison of four XCH, products with TCCON observations: (a) original TROPOMI L2
product; (b) uncorrected model retrievals; (c¢) directly corrected TROPOMI L2 product; and (d) final
corrected product. (The blue line represents the regression line, and the red line represents the 1:1 line).
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At shorter time scales, the retrieval exhibits reduced variability compared with TC-
CON observations and fails to fully capture certain high-concentration events, leading
to an underestimation of extreme values, particularly in late summer and early autumn.
This discrepancy can be attributed to differences in spatial representativeness, as satel-
lite retrievals reflect spatial averages, whereas TCCON observations are more sensitive
to local and short-term concentration enhancements. Furthermore, the number of valid
observations at Hefei Station is relatively limited, which may also increase the uncertainty
of the daily average results. Despite these limitations, the retrieval remains consistent with
TCCON observations in terms of temporal trends, seasonal phase, and long-term variability,
supporting its applicability for regional-scale methane monitoring and time series analysis.

4.7. Spatiotemporal Distribution of XCH, in China
4.7.1. Spatial Distribution and Comparison with the TROPOMI L2 Product

Following XCH, retrieval and correction, a machine learning model was used to
spatially reconstruct the results, generating a daily, spatially complete gridded XCH, product
over China at a spatial resolution of 0.05°. The resulting product was then used to analyze
the spatial distribution and spatiotemporal variations in XCH,4 and to compare the results
with the TROPOMI L2 XCH, product. The retrieved XCH, distribution (Figure 9a) shows a
clear east-west spatial gradient, characterized by relatively lower values in western China
and higher values in central and eastern China. Lower XCH, concentrations are mainly
observed over the Tibetan Plateau, the arid regions of northwestern China, and high-altitude
areas, whereas relatively elevated XCH, levels are found over the North China Plain, the
middle and lower reaches of the Yangtze River, and southern China. The longitudinal
profile (Figure 9c) further demonstrates that XCH, generally increases with increasing
longitude. The concentration rises rapidly east of approximately 100°E and reaches relatively
high levels around 110.2°E, followed by a slight decrease toward eastern China while
remaining at elevated levels. Particularly, the transition region from the Tibetan Plateau
to the eastern plains exhibits an enhanced spatial gradient in both the distribution pattern
and the longitudinal variation curve. The Sichuan Basin presents a local high-value region
at the annual scale, contrasting with its surrounding areas. In comparison, most regions of
northeastern and northwestern China remain at intermediate XCH, levels.

The TROPOMI L2 XCH, product (Figure 9b) also exhibits a pronounced east-west
gradient, and its high- and low-concentration regions generally agree well with those
identified by the model retrievals. Both datasets show similar spatial patterns over the
Tibetan Plateau, northwestern China, and the high-concentration regions in central and
eastern China. However, the difference map (Figure 9d) indicates that the discrepancies
between the retrieved XCH, and TROPOMI L2 vary spatially and do not exhibit a consistent
systematic bias. Most regions show differences close to zero. Negative biases are mainly
distributed over parts of central-western and northern China, represented by blue areas,
indicating that the retrieved XCH, values are slightly lower than those from the TROPOMI
L2 product. In contrast, positive biases are more frequently observed in central and eastern
China, particularly over the Sichuan Basin, central China, and parts of eastern China, where
the retrieved values are relatively higher than the TROPOMI L2 observations. In addition,
localized positive biases are also found in northeastern and northern China, but with
relatively limited spatial extent and magnitude.
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Figure 9. Annual mean spatial distribution of XCH, over China in 2021 and comparison between the

model-retrieved results and the TROPOMI L2 product: (a) spatial distribution of model-retrieved

XCH,; (b) spatial distribution of TROPOMI L2 XCH,; (¢) longitudinal variation in zonal-mean XCH,;

and (d) spatial difference between the model-retrieved results and the TROPOMI L2 product (Model

— TROPOMI L2).

The monthly mean XCH, concentrations and seasonal spatial difference distributions
of the two products are shown in Figure 10. In terms of monthly means (Figure 10a), the
differences between the two products remained small from January to June, with absolute
differences below 4 ppb. Starting in July, the model results became lower than the TROPOMI
L2 values, and the difference gradually increased, reaching a maximum of —14.31 ppb in
August. The difference then narrowed, although the model results remained approximately
7 ppb lower than the L2 product at the end of the year. The seasonal difference maps
reveal clear regional variations in the discrepancies between the two products, which
also change with season. In spring, negative differences dominate most of central and
western China, whereas positive differences appear in the northeast and parts of central
and eastern China (Figure 10b). In summer, negative differences are mainly distributed
across southwestern and south-central China, while more pronounced positive differences
occur in the northeast (Figure 10c). In autumn, negative differences are widespread across
western, central, and parts of northern China, while localized positive differences persist
in the northeast (Figure 10d). In winter, the spatial contrasts become more pronounced,
with negative differences prevailing in northern and northwestern China and more evident
positive differences across southern and southwestern China (Figure 10e).

To further examine seasonal variations, Figure 11 presents the spatial distribution of
XCHy across spring, summer, autumn, and winter. While the overall spatial pattern remains
consistent with the annual mean, notable differences are observed in both spatial extent and
intensity. In spring, relatively high concentrations are evident in central and eastern China,
whereas the Tibetan Plateau and its surrounding areas maintain lower levels, resulting in
pronounced regional contrasts. In summer, XCH, concentrations increase across most of
China, and high-concentration areas expand, particularly in eastern and southern China,
where the spatial distribution becomes more continuous. The autumn pattern is similar to that
in summer, but high-concentration areas become more concentrated in central and eastern
China. In winter, XCH, concentrations decline noticeably in western China and the plateau
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regions, while eastern China maintains relatively high levels, further accentuating the east-west
contrast. These seasonal differences may be associated with seasonal variations in methane
emissions and changes in temperature, precipitation, and atmospheric transport conditions.
Meteorological conditions and emission activities jointly influence the regional distribution of
XCHy, resulting in distinct spatial patterns across seasons.

(a) —s&— TROPOMI L2 XCHy
1920 —&— Model-retrieved XCH,4
8. 1900F
5
=
3 1880
>
1860+
Jan Feb Mar Apr May Jun Jul Aug  Sep Oct  Nov  Dec
40
b) Sprin, 3 ¢) Summer
soon| (B) Spring >\ (©) 20
e - &~ -y :
5 ; ) 20 -
40°N ’ / f 10 &
< o 2
. \ jan
30°N . / \%@‘\ b 103
Z <
,0/ . . -20
20°N , “ 0
AY 1 A\ |
-40
40
— (d) Autumn f\\ -
& 20
40°N 0 &
0
30°N —10(>)<
4
-20
20°N % -30
\ 1 . X ]

70°E_80°E 90°E 100°E 110°E 120°E 130°E 70°E_80°E 90°E 100°E 110°E 120°E 130°E 140°E

Figure 10. Monthly variations and seasonal spatial differences between model-retrieved XCH, and
the TROPOMI L2 product over China in 2021. (a) Monthly mean XCH, concentrations from the two
products; (b) spring, (¢) summer, (d) autumn, and (e) winter spatial differences between the model
retrievals and the TROPOMI L2 product (Model — TROPOMI L2).

4.7.2. Temporal Variation Characteristics

Figure 12 presents the monthly variation in the national mean XCH, in 2021, together
with the corresponding monthly maximum, minimum, and spatial standard deviation.
The national mean XCH, exhibits a clear intra-annual variation pattern. The mean value
reaches 1865.38 ppb in January and slightly decreases to 1862.80 ppb in February, marking
the lowest level of the year. From March onward, XCH, increases gradually, with a more
pronounced rise after June, and peaks at 1903.56 ppb in August, approximately 40 ppb
higher than the February minimum. Thereafter, it declines progressively toward the end
of the year. Overall, XCH, exhibits a single-peak seasonal pattern, characterized by ele-
vated concentrations in summer and lower levels in winter. The monthly maximum and
minimum values follow trends consistent with the mean, indicating coherent variability
across different statistical metrics. Spatial variability also shows pronounced seasonal de-
pendence. The spatial standard deviation decreases significantly during summer, reaching

https://doi.org/10.3390/rs18213796


https://doi.org/10.3390/rs18213796

Remote Sens. 2026, 18, 3796

22 0f 29

a minimum of approximately 14 ppb in July and August, whereas it increases during winter
and early spring, exceeding 26 ppb at its maximum. This seasonal contrast suggests that
methane concentrations become more spatially homogeneous during summer, likely due to
widespread emission enhancement and stronger atmospheric mixing. In contrast, winter is
characterized by enhanced spatial heterogeneity, with larger differences between eastern
and western regions. This pattern can be attributed to the combined effects of reduced

biological emissions, regionally variable anthropogenic sources, and weaker atmospheric

mixing, which together amplify regional contrasts in XCH,.
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Figure 11. Seasonal distribution of XCH, over China in 2021: (a) spring; (b) summer; (c¢) autumn;

(d) winter.
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Figure 12. Monthly mean variation in XCH, over China in 2021.
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To further investigate regional differences, Figure 13 compares monthly XCH, vari-
ations across provinces in eastern, central, western, and northeastern China. Across all
regions, XCH, exhibits a consistent seasonal cycle, increasing from winter and spring, peak-
ing in late summer to early autumn, and subsequently declining. Eastern China maintains
the highest overall XCH, levels, with provinces such as Jiangsu, Shanghai, and Guangdong
showing pronounced summer and autumn peaks (Figure 13a). This pattern reflects the
combined influence of dense population, intensive energy consumption, and strong agri-
cultural activity. In central China, temporal variations are relatively stable, although Shanxi
exhibits slightly lower concentrations and reduced variability (Figure 13b). Western China
shows the strongest spatial heterogeneity, with substantial differences among provinces
(Figure 13c). Sichuan, Chongging, and Shaanxi maintain relatively high XCH, levels,
whereas Qinghai and Tibet remain at much lower levels. In Tibet, XCH, stays low during
winter and spring, increases rapidly in summer, and peaks around August, indicating a
large seasonal amplitude. This variation may be associated with seasonal temperature
changes at high elevations and atmospheric transport conditions. The Sichuan Basin and
its surrounding areas may be affected by factors such as regional emissions, topography
and atmospheric dispersion conditions, maintaining relatively high concentration levels. In
northeastern China, XCH, remains at moderate levels, with Liaoning, Jilin, and Heilongjiang
showing similar temporal patterns and moderate seasonal variability (Figure 13d).
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Figure 13. Monthly variation in XCH, across provinces in different regions of China: (a) eastern
China; (b) central China; (c¢) western China; (d) northeastern China.

5. Discussion

Existing studies of XCH, over China have mainly focused on analyzing spatiotempo-
ral distributions using existing satellite products, ground-based observations, or derived
datasets [53-55]. Ground-based observations provide high accuracy, but the limited num-
ber of stations makes it difficult to fully characterize spatial variations at the regional scale.
Satellite products offer broader spatial coverage, but observation conditions can prevent
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them from consistently providing continuous gridded data. In this study, machine learning-
based retrieval and spatial reconstruction were used to generate a daily XCH, product over
China at a spatial resolution of 0.05°, providing a basis for analyzing concentration gradients
and seasonal variations across the country. Comparison with the TROPOMI L2 product also
reveals broadly similar spatial distributions and intra-annual variation patterns, although
differences remain across regions and time periods.

TCCON validation further indicates that the overall retrieval accuracy has improved,
with the correlation coefficient increasing from 0.756 to 0.839, the RMSE decreasing from
15.701 to 13.886 ppb, and the MAE decreasing from 12.056 to 10.842 ppb. However, these
overall metrics do not fully capture model performance under different concentration
conditions. To examine this performance in greater detail, the matched samples were sorted
in ascending order according to the XCH, concentrations observed by TCCON and divided
into four equal-sized groups, referred to as quartiles (Q1-Q4). Q1 represents the lowest-
concentration quartile, whereas Q4 represents the highest-concentration quartile. The
validation results for the four concentration groups are summarized in Table 6. The RMSE
of the retrieved product in Q1, Q2, and Q3 was 10.614, 9.518, and 11.772 ppb, respectively,
all lower than that of the original L2 product. However, in Q4, the RMSE increased from
19.953 ppb for the original L2 product to 20.724 ppb for the retrieved product, while the
bias changed from —10.551 to —16.947 ppb. Meanwhile, the bias of the retrieved product
shifted from a positive value of 5.690 ppb in Q1 to negative values in Q2, Q3, and Q4, with
increasingly pronounced negative bias at higher concentrations. These results indicate that
although the model improves overall retrieval accuracy, it remains less effective at estimating
high XCH, concentrations. Consequently, overall evaluation metrics alone cannot fully
reflect retrieval performance across different concentration ranges.

Table 6. Validation results for the TROPOMI L2 and corrected XCH, products across different TCCON
concentration groups.

Mean Mean Product
Group Product TCCON Bias (ppb) RMSE (ppb) MAE (ppb)
b (ppb)
(ppb)

o TROPOMI L2 1875199 1882.206 7.006 15.557 12.072
Retrieved XCH, : 1880.889 5.690 10.614 8.413
TROPOMI L2 1894.750 _1.642 12432 9.819
Q2 Retrieved XCH, 1896.391 1894.050 2341 9.518 8.037
TROPOMI L2 1907.086 4325 13.834 10.719
Q3 Retrieved XCH, 1911411 1903.915 —7.496 11.772 9.596
TROPOMI L2 1923.405 10551 19.953 15.613
Q4 Retrieved XCH, 1933.956 1917.009 —16.947 20.724 17.324

This underestimation of high concentrations also needs to be considered in subsequent
spatiotemporal analyses. Because the bias varies across concentration ranges, underestima-
tion of high XCH, values may reduce the apparent concentration contrast between local
hotspots and their surrounding areas, affecting the assessment of regional concentration
gradients and hotspot intensity. At the temporal scale, if high concentrations occur mainly
in certain months or seasons, this bias may also suppress the corresponding peaks, causing
the actual magnitude of concentration variations to be underestimated. Therefore, the
spatial patterns and seasonal trends identified in this study remain informative, but quanti-
tative assessments of concentrations in high-value regions, local extremes, and seasonal
amplitudes should not rely solely on the retrieval results. In particular, when compar-
ing concentration differences between regions or seasons, the validation results should
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also be considered to distinguish actual concentration variations from potential effects of
model errors.

These limitations are partly related to the data-driven nature of the retrieval approach.
Machine learning models primarily learn statistical relationships between input features
and XCH, concentrations from training samples, without explicitly incorporating physical
constraints associated with atmospheric transport and other processes. As a result, they may
not fully capture complex variations under high-concentration conditions [28,56]. Future
research could improve the representation of high-concentration samples and incorporate
independent observations and atmospheric chemical transport models to constrain and
validate retrievals under these conditions. In addition, radiative transfer simulations could
support a more physically grounded analysis of spectral sensitivity by quantitatively as-
sessing how changes in methane concentration, surface reflectance, water vapor content,
and viewing geometry affect the radiance responses of different spectral channels. Build-
ing on these improvements, sustained retrievals using multi-year satellite observations
could extend the study period and expand the geographical coverage, ultimately producing
XCH, datasets with broader spatial coverage and longer time series to support a more
comprehensive analysis of long-term methane variations and regional differences.

6. Conclusions

This study develops an XCH, retrieval framework for China by integrating TROPOMI
shortwave infrared spectral information, machine learning methods, and multi-source
auxiliary data. The framework generates spatially continuous XCH, distribution data over
China for 2021. The main conclusions are as follows:

(1) Feature importance analysis of TROPOMI SWIR spectral channels identifies chan-
nels with high importance to model predictions, and normalized spectral features are
constructed by combining high- and low-importance channels. Comparative experi-
ments show that the normalized difference spectral features yield a modest improve-
ment in retrieval performance compared with using the raw radiance values of the
top 10 channels ranked by importance.

(2) By integrating spectral features, observation geometry parameters, meteorological
reanalysis data, and surface environmental variables, multiple tree-based models are
developed for XCH, retrieval. Among them, XGBoost achieves the best performance,
with R? = 0.91, RMSE = 9.28 ppb, and MAE = 6.48 ppb under five-fold cross-validation.
Moreover, compared with the Random Forest model, XGBoost achieves higher correla-
tion coefficients and lower error levels under both temporal and spatial extrapolation
tests, indicating its better overall retrieval performance under the current study area
and validation conditions.

(3) Compared with the original TROPOMI L2 product, the final corrected product shows
improved agreement with the combined TCCON observations from the Xianghe and
Hefei sites. The correlation coefficient increases from 0.76 to 0.84, while the RMSE and
MAE decrease from 15.70 ppb to 13.89 ppb and from 12.06 ppb to 10.84 ppb, respectively.
The time series comparison further confirms that the retrieval effectively captures intra-
annual variability and seasonal patterns, although some underestimation of short-term
extreme values remains. At the regional scale over China, the retrieved results showed
a consistent spatial distribution pattern with the TROPOMI L2 product. The differences
between the two datasets were generally small, with no apparent overall positive or
negative bias. Negative biases were mainly observed in western China and parts of
northern China, whereas positive biases were found in some regions of central and
eastern China.
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(4) Theretrieved XCH, dataset reveals pronounced spatiotemporal variability across China.
A clear east-west gradient is observed, with XCH, concentrations generally increasing
with longitude, showing elevated values in eastern China and lower values in the
west. High-value regions are mainly distributed in the North China Plain, the middle
and lower reaches of the Yangtze River, and southern China, whereas the Tibetan
Plateau and its surrounding areas form prominent low-value regions. This spatial
pattern may be associated with the combined effects of regional emission activities,
ecological conditions, and meteorological factors. At the temporal scale, XCH, exhibits
a well-defined seasonal cycle, with minimum levels in winter and early spring and a
gradual increase toward summer, peaking in late summer, indicating the combined
effects of emission intensity and seasonal atmospheric processes.

Overall, the proposed framework provides an effective approach for generating high-
resolution and continuous XCH, data at the regional scale. The resulting dataset offers a
valuable basis for investigating methane spatiotemporal variability over China. Future work
could incorporate additional high-concentration samples and independent observations
and integrate atmospheric chemical transport models or radiative transfer simulations to
impose physical constraints on the retrieval results, thereby enhancing the framework’s
potential for methane emission attribution and process-oriented analysis.
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