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Atmospheric carbon dioxide (CO,), a long-lived and well-mixed greenhouse gas, is a key Accepted 1 February 2026

driver of global warming. Accurate, long-term monitoring of its spatiotemporal variability is
essential for understanding carbon dynamics. While the Orbiting Carbon Observatory-2 KEYWORDS

(OCO-2) satellite provides one of the most precise column-averaged CO, (XCO,) measure- Carbon dioxide; 0CO-2;
ments, its limited spatial coverage and short record since 2014 constrain long-term global machine learning; high
analysis. Many studies thus highly rely on chemical transport models (e.g. Copernicus resolution; global
Atmosphere Monitoring Service (CAMS) and CarbonTracker) when applying machine

learning (ML) approaches. However, their coarse resolutions often lead to spatial smooth-

ing. In this context, we present a novel ML-based framework based on residual learning

with the Light Gradient Boosting Machine (LGBM) to reconstruct global, gap-free XCO, at

0.1° resolution for the period 2003-2019. By explicitly modeling the residuals between high

precision OCO-2 observations and the coarse resolution CAMS-EGG4 reanalysis, the pro-

posed framework mitigates spatial smoothing effects and enables the extension of XCO,

estimates beyond the temporal coverage of the OCO-2 mission. The resulting product was

strictly validated through internal cross-validation (random, spatial, and temporal) and

external in situ validation, showing strong agreement with OCO-2 satellite observations

(R*=0.93-0.96, RMSE=0.80-1.11 ppm) and ground-based measurements (R*>=0.98,

RMSE = 1.17 ppm), respectively. Compared to CAMS-EGG4, the LGBM-based XCO, product

also outperforms by offering higher accuracy and resolving the spatial smoothing limita-

tions caused by its coarse resolution. By bridging gaps in satellite data across space and

time, this high-resolution XCO, product enhances applications in climate research, emission

source attribution, and greenhouse gas policy assessment.

1. Introduction

Recently, there has been a significant increase in the public’s awareness of greenhouse gases (GHGs) due to
climate change, which has led many countries to implement regulatory policies aimed at reducing emissions
(Lee et al. 2023). Atmospheric carbon dioxide (CO,) is one of the most important GHGs in the Earth's
atmosphere (Hong et al. 2023). For decades, industrial development and the combustion of fossil fuels have
been the primary drivers of anthropogenic CO, emissions, resulting in a long-term annual increase in
atmospheric CO, concentrations (Friedlingstein et al. 2022). According to the latest annual report released by
the National Oceanic and Atmospheric Administration (NOAA), the global average atmospheric CO, concentra-
tion reached a new record high of 422.8 parts per million (ppm) in 2024 (https://www.climate.gov/news-
features/understanding-climate/climate-change-atmospheric-carbon-dioxide, last accessed: 30 October 2025).
This implies that atmospheric CO, is now 50% higher than it was before the Industrial Revolution, at about
280 ppm (He et al. 2023). Additionally, as a long-lived GHG, CO, intensifies the greenhouse effect to become
more pronounced and contributes to the increasing frequency of extreme climate events (Jin et al. 2022).
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Recognizing that terrestrial ecosystems are major sources of anthropogenic CO, emissions while oceans act as
crucial carbon sinks (Jung et al. 2024; Zhang et al. 2025), comprehensive monitoring of both land and ocean is
essential to capture the full dynamics of the global carbon cycle (Zhu et al. 2024). Therefore, sustained and
accurate monitoring of atmospheric CO, across space and time is crucial for understanding its environmental
impacts at the global scale.

XCO,, the column-averaged dry-air mole fraction of CO,, is the primary variable used for atmo-
spheric CO, monitoring. Monitoring XCO, can be achieved through multiple approaches, including
ground-based measurements, aircraft-based gas collection, chemical transport models (CTMs), and
satellite observations. Ground-based monitoring involves direct measurements of XCO, concentra-
tions at specific locations (Sha et al. 2019). Various organizations around the globe maintain ground
networks that provide highly precise GHG measurements, with the Total Carbon Column Observing
Network (TCCON) as a representative example. In addition, aircraft-based gas collection provides
vertical profiles of atmospheric CO, and is widely used for inversion analyses (Pitt et al. 2022).
However, both ground- and aircraft-based measurements are constrained by limited spatial distribu-
tion and irregular temporal intervals, making global monitoring challenging. CTM offers spatially and
temporally continuous products by combining various observational inputs with atmospheric trans-
port and chemistry models. The Copernicus Atmosphere Monitoring Service (CAMS) generates the
EGG4 global XCO, reanalysis product by incorporating satellite retrievals into a chemical transport
model (Inness et al. 2019). While offering global coverage, their coarse spatial resolution and time-
dependent biases arising from the change in the assimilated satellite instrument constrain the
detection of accurate XCO, variations (Agusti-Panareda et al. 2023). Lastly, satellite remote sensing
enables high-resolution global monitoring of XCO, concentrations with broad spatial coverage and
regular temporal frequency (Zhu et al. 2025). Satellite missions such as the Scanning Imaging
Absorption SpectroMeter for Atmospheric ChartographY (SCIAMACHY), the Greenhouse Gases
Observing Satellite (GOSAT) series, and the Orbiting Carbon Observatory (OCO) satellite series
retrieve XCO, by measuring the absorption of sunlight at specific wavelengths reflected from the
Earth's surface (Heymann et al. 2015). This technique provides consistent, large-scale observations,
overcoming the limitations of ground-based stations and reanalysis data, and is broadly adopted in
recent studies (Wang et al. 2023).

The OCO-2 XCO, product is widely known for its high accuracy when validated with ground-based
TCCON data, outperforming earlier satellites such as GOSAT and SCIAMACHY and even its successor
OCO-3 (Jin et al. 2022; Yang et al. 2025). Despite the highest accuracy, a common limitation of current
satellite-based XCO, monitoring is the large observation gaps in both space and time. These gaps make
it difficult to comprehensively observe the spatiotemporal variation of XCO,, especially when analyzing
long-term and large-scale events (Sheng et al. 2021). For instance, Cusworth et al. (2023) attempted to
quantify annual XCO, emissions from power-plant emissions using OCO-series data, but the narrow
spatial coverage and short observation period led to high-uncertainty results. Likewise, Guan et al.
(2024b) tried to figure out the oceanic contribution to interannual XCO, variability with OCO-2, but it
was challenging owing to satellite-based products’ small magnitude of the ocean imprint. To address
this issue, considerable research has been conducted to fill these gaps using geostatistical modeling,
multi-source ensemble, and machine learning (ML) techniques (Jin et al. 2022; Zhang and Liu 2023). In
particular, ML has recently proven its efficiency and feasibility in producing gap-filled outputs by
leveraging the seamless characteristics of CTM-based data (He et al. 2022; Zhang and Liu 2023; Park,
Lee, and Park 2025).

While ML-based efforts have contributed to filling the observation gaps in satellite-based XCO,, several
challenges remain. These include limited applicability due to a focus on regional-scale implementations,
insufficient spatiotemporal validation despite the goal of reconstructing substantial missing values, and the
reliance on computationally intensive data processing. Although global, seamless XCO, products are now
available, a common and persistent limitation remains. In particular, most existing approaches are based on
direct XCO, estimation frameworks in which coarse resolution CTM products are used as dominant input
features (Zhang et al. 2023; Guan et al. 2024a). Under such conditions, the derived estimates tend to inherit
the spatially smoothed characteristics of the CTMs, thereby limiting their suitability for fine-scale regional
analyses.
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Therefore, in this study, we aim to (1) reconstruct a long-term global XCO, product with OCO-2 level
accuracy using a residual-based ML approach, (2) ensure strict validation methods across diverse spatial and
temporal domains, (3) demonstrate improved accuracy and spatial resolution over existing data, and (4)
enable long-term (2003-2019), and high-resolution (0.1°) analysis of XCO, trends at regional to global
scales comprehensively.

2. Study area and data
2.1. Study area

The study area covers the global domain (70°N-70°S, 180°W-180°E), including both land and ocean
(Figure 1). This broad coverage can support a comprehensive assessment of XCO, variability across
space and time, enabling integrated monitoring of the global carbon cycle. Polar regions above 70°
north and south latitude were excluded due to the low quality of satellite products in these regions
(Trishchenko, Garand, and Trichtchenko 2019). In terms of the temporal domain, we focus on generating
long-term monthly global seamless XCO, from January 2003 to December 2019, which extends about
eleven years prior to the launch of OCO-2 satellite. This period was also selected considering the availability
of CAMS-EGG4 reanalysis that will be used for the ML-based XCO, reconstruction framework.

2.2. Data

Table 1 provides an overview of datasets, including their sources, variables, abbreviations, and spatio-
temporal resolution. In the following sections, the abbreviations listed here will be used to describe
the data.

2.2.1. OCO-2 satellite data

The OCO-2 satellite, launched in July 2014, is the National Aeronautics and Space Administration’s (NASA)
first Earth remote sensing satellite. Its primary objective is to provide precise and accurate measurements to
improve our understanding of the carbon cycle. OCO-2 operates in a sun-synchronous orbit and measures
XCO, using high-resolution imaging grating spectrometers in the near-infrared (NIR) and shortwave

50°N

A
20°N |1

10°S I\

40°S

70°S
180° 135°E

15
0OCO-2 Data Coverage (%)

Figure 1. Study area with total carbon column observing network (TCCON) stations (blue circles) and world data centre
for greenhouse gases (WDCGG) stations (red crosses). The background image represents the monthly pixel-wise Orbiting
Carbon Observatory-2 (OCO-2) data coverage (%) after quality control, accumulated over its operational period
(September 2014 to December 2019) within the overall study period. Darker shades indicate regions with frequent
satellite observations, while white areas correspond to regions with persistent data gaps.



4 S. HWANG ET AL.

Table 1. Summary of data used in this study. For ECMWF variables, superscripts a, b, and c denote the data source and
spatial resolution: a indicates ERA5-Land (0.1°), b represents ERA5 (0.25°), and c refers to the use of ERA5-Land over land
and ERA5 over ocean.

Source Variables Abbreviation Spatial resolution Temporal resolution
0C0-2 XCO, 0C0-2 XCO, 2.25 km x 1.29 km Daily
CAMS-EGG4 XCO, CAMS-EGG4 XCO, 0.75° x 0.75° 3-hourly
ECMWF ERA5 Total evaporation® TE 0.25° x 0.25°/0.1° x 0.1° Monthly
Sea surface temperature® SST
Boundary layer height® BLH
Mean sea level pressure® MSL
Total column water® TCcW
Wind speed® S
2 m dewpoint temperature® D2M
2 m temperature® M
Surface pressure® SP
Auxiliary Fossil Fuel Emission FFE 1 km Monthly
Road density RoadDens 5 arc min -
(~8 % 8 km)
Population density PopDens Vector data 2.5 min 5 years
(~5 km)
Land-ocean ratio mask LOratio - -
Sinusoidal seasonal cycle mmsine - -
TCCON XCO, TCCON XCO, Point Various
WDCGG Surface CO, WDCGG CO, Point Various

infrared (SWIR) spectral bands, employing nadir and glint observation modes to optimize data quality over
land and ocean. In these operating modes, the provided XCO, data is recorded in eight adjacent cross-track
footprints, each approximately 2.25 km (along-track) x 1.29 km (cross-track), resulting in a total swath width
of about 10 km (Kira and Sun 2020). The satellite revisits the same location every 16 days, with measure-
ments collected during the ascending orbit phase at approximately 13:30 local transit time. For this study,
we utilized the OCO-2 version 10 Level 2 Full Physics (OCO2_L2_Lite_FP_10r) products from September
2014 to December 2019 during the accessible service period. Note that there are missing values in the OCO-
2 data from July 31, 2017, to September 18, 2017, due to a temporary instrument anomaly (He, Wang, and
Wang 2024).

2.2.2. CAMS-EGG4 reanalysis

The CAMS reanalysis is the latest global reanalysis dataset of atmospheric composition, such as pollution gases
and GHGs, supported by the European Centre for Medium-Range Weather Forecasts (ECMWF) (Inness et al.
2019). CAMS global GHG reanalysis (CAMS-EGG4) focuses on GHGs, including CO, and methane (CH,), which
generally have longer lifetimes compared to other air pollutants. It applies the 4D-Var assimilation method to
integrate the forecasts from the Integrated Forecasting System with multiple satellite products (i.e., Envisat,
Metop-A/B, and GOSAT) (Agusti-Panareda et al. 2023). Notably, OCO-2 XCO, observations are not assimilated in
the CAMS-EGG4 reanalysis system, allowing CAMS-EGG4 and OCO-2 to be treated as independent information
sources for column CO,. CAMS-EGG4 can produce long-term, gridded, seamless data from 2003 to 2020 with
spatial and temporal resolutions of 0.75° X 0.75° and 3 hours, respectively. The CO, column-mean molar fraction
(unit: ppm) variable from CAMS-EGG4 single-level chemical vertical integrals was downloaded from the CAMS
Atmosphere Data Store (ADS) (https://ads.atmosphere.copernicus.eu/cdsapp#!/dataset/cams-global-ghg-
reanalysis-egg4?tab=overview, last accessed: 30 October 2025). However, CAMS-EGG4 data have several well-
known issues. The main problem is that the anthropogenic emissions used were not adjusted for any
Coronavirus Disease 2019 (COVID-19) lockdowns in 2020. Therefore, 2020 was excluded from the study period
due to its inherent uncertainty.

2.2.3. ECMWF ERA5

The meteorological variables were obtained from the ECMWF Reanalysis 5th Generation (ERA5) data
(https://cds.climate.copernicus.eu/, last accessed: 30 October 2025). ERA5 is a global atmospheric reanalysis
product that integrates model outputs with diverse observations worldwide to produce a physically
consistent and spatially complete dataset (Hersbach et al. 2023). To facilitate various climate applications,
monthly mean averages have been pre-calculated and provided by ECMWF. We utilized the monthly single-
level data following the target temporal resolution. The horizontal resolution of ERA5 is 0.25° x 0.25°.
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However, for land areas, the ERA5-Land data with 0.1° X 0.1° resolution was utilized to provide more
detailed meteorological conditions (Mufoz-Sabater et al. 2021). While all other meteorological variables
were used as provided, wind speed (WS) was calculated using the formula provided by ECMWF
(Equation (1)).

WS = U? + V2 (M

where U is a 10 m u-component of wind (m/s) and V is a 10 m v-component of wind (m/s).

2.2.4. Auxiliary data
The selection of auxiliary data is based on the understanding that human-related activities are the main
source of CO, emissions across the globe. To reflect this, we utilized data on fossil fuel emissions, road
density, and population density. The fossil fuel emission data were obtained from the Open-Data Inventory
for Anthropogenic Carbon dioxide (ODIAC, version 2023) (https://www.cger.nies.go.jp/en/, last accessed: 30
October 2025), which provides a high spatial resolution of 1 km for global CO, emissions from fossil fuel
combustion. This dataset is widely used in various research applications, such as urban emission estimation,
CO, flux inversion, and observing system design experiments (Oda and Maksyutov 2011). For road density
data, we utilized the GRIP4 vector datasets provided by the Global Roads Inventory Project (GRIP), available
on the GLObal BlOdiversity model for policy support (GLOBIO) website (https://www.globio.info/, last
accessed: 30 October 2025). These datasets include detailed global road networks, which are useful for
analyzing transportation-related emissions and understanding their impact on CO, emission levels. In terms
of population data, we used the GPW v4 (Gridded Population of the World, Version 4) datasets, which were
available from the Socioeconomic Data and Applications Centre (SEDAC; https://sedac.ciesin.columbia.edu/,
last accessed: 27 May 2025). These population density rasters offer estimated human populations at five-
year intervals beginning in the year 2000, consistent with national censuses and population registers.
Moreover, to enhance the representation of XCO, dynamics, additional variables were incorporated.
Recognizing that XCO, variations are generally less pronounced over oceans compared to land, a land-
ocean ratio mask (LOratio) was introduced to distinguish whether a pixel predominantly represents land or
ocean. This accounts for the greater regional variability observed over terrestrial areas compared to the
relatively stable conditions over oceans. Furthermore, to reflect the seasonal cycle of XCO,, with peaks in
April-May and troughs in August-September, a sinusoidal seasonal cycle variable (mmsine) was introduced
by transforming the 12 months into a sine function ranging from -1 to 1. This formulation provides a
continuous and cyclic representation of the annual seasonal pattern, rather than treating months as
independent categorical variables, consistent with the smoothly varying seasonal cycle observed in long-
term XCO, records, such as the Keeling Curve (Keeling et al. 1976).

2.2.5. TCCON measurements

The TCCON is a global network of ground-based Fourier transform spectrometers that record direct solar
spectra in the NIR spectral region. The objectives of the network are to provide precise column-averaged
dry-air mole fractions of atmospheric constituents (e.g. CO,, CH,, N,O, HF, CO, H,0, and HDO) and enhance
our comprehension of the carbon cycle (Wunch et al. 2011). TCCON has become an essential validation
source for a wide range of satellites (e.g. GOSAT, OCO-2, and TANSAT) and model simulation data (e.g.
CAMS and CarbonTracker) due to its outstanding precision (Agusti-Panareda et al. 2023). In this study, XCO,
measurements of the latest version (GGG2020; Laughner et al. 2024) from a total of 30 stations were utilized
as external validation data. The spatial distribution of TCCON stations used in this study is shown in
Figure 1, and note that the period of data availability for each station varies depending on their operation
schedule. Station details are summarized in Table S1. The TCCON data were obtained from the TCCON Data
Archive hosted by CaltechDATA at https://tccondata.org (last accessed: 30 October 2025).

2.2.6. WDCGG measurements

The World Data Centre for Greenhouse Gases (WDCGG) is a global data archive established under the Global
Atmosphere Watch (GAW) programme by the World Meteorological Organization (WMO). WDCGG focuses on
surface-based measurements, providing long-term and reliable records essential for understanding regional
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carbon dynamics. These measurements are collected using diverse sampling methods, such as in situ monitor-
ing, flask sampling, mobile platforms, and ship-based observations. A total of 178 stations were utilized in this
study. Among the available hourly, daily, and monthly products, monthly averaged products were chosen to
align with the temporal resolution of our analysis. Unlike TCCON, WDCGG offers surface CO, data, making it an
indirect validation source for satellite- and model-derived XCO, estimates. In this study, WDCGG surface CO,
measurements were used to cross-check reconstructed XCO, product. The data were obtained from the
WDCGG archive hosted at https://gaw.kishou.go.jp (last accessed: 30 October 2025).

2.2.7. Emission inventories: EDGAR and GFED

Two global emission datasets were additionally used to support the analyses in Sections 4.4 and 4.5: the
Emissions Database for Global Atmospheric Research (EDGAR) and the Global Fire Emissions Database
(GFED). The latest version of EDGAR_2024_GHG, developed by the European Commission’s Joint Research
Centre, provides global anthropogenic greenhouse gas emissions at a 0.1°x 0.1° spatial resolution. It
includes both monthly and annual gridded products with detailed sector-specific inventories, covering
1970-2023 for annual data and 2000-2023 for monthly data. Large-scale biomass burning, including
savanna and forest fires, as well as land-use, land-use change, and forestry (LULUCF) sources and sinks,
are excluded from the emission totals (Crippa et al. 2023). In this study, the monthly sector-specific grid
maps for the Transport and Power Industry sectors were used in Section 4.4. Fossil-fuel CO, emissions from
the International Energy Agency (IEA)-EDGAR CO, dataset included in the same release were employed in
Section 4.5. The data were obtained from the EDGAR repository (https://edgar.jrc.ec.europa.eu; last
accessed: 30 October 2025).

The GFED, jointly developed by NASA and the Vrije Universiteit Amsterdam, provides global gridded
estimates of fire emissions and burned areas by integrating satellite observations of fire activity and
vegetation productivity. It quantifies CO, emissions from natural fire events such as savanna burning
and forest fires. The current version, GFED5 Beta, offers 0.25° gridded products for 2002-2023. In this
study, the CO, variable from the GFED5_Beta_monthly_emissions product was used in Section 4.5. The
data were obtained from the official GFED repository (https://www.globalfiredata.org; last accessed: 30
October 2025).

3. Methods

Figure 2 illustrates the overall workflow of this study. The methodology comprises four main steps: (1) data
preprocessing, (2) modeling, (3) model evaluation, and (4) analysis. Initially, multi-source datasets were
integrated and resampled onto a unified spatiotemporal grid. A Light Gradient Boosting Machine (LGBM)
model was then trained to retrieve high-resolution monthly XCO, for the OCO-2 operational period
(hereafter, P1) and subsequently applied to reconstruct XCO, prior to the OCO-2 operational period
(hereafter, P2). The reconstructed long-term XCO, product was analyzed to evaluate its accuracy, spatial
enhancement, persistent emission hotspots, and global growth trends. A detailed description is provided in
the following sections.

3.1. Data preprocessing

Given the varying spatiotemporal resolutions of the datasets listed in Table 1, all datasets were resampled
to a uniform 0.1° x 0.1° monthly grid using bilinear interpolation. This resampling was performed to ensure
consistency across the integrated multi-source datasets; however, it may introduce interpolation-related
uncertainties, such as spatial representativeness errors and subgrid-scale smoothing effects (Pogson and
Smith 2015).

For OCO-2, only measurements with “xco,_quality_flag = 0” were used to ensure data quality, following
the guidelines outlined in the OCO-2 Algorithm Theoretical Basis Document. Daily XCO, data were
aggregated by averaging all valid OCO-2 observations within each target grid cell. To reduce the influence
of uneven or sparse orbital sampling, monthly means were computed only for grid cells containing at least
30 individual observations per month. This threshold was selected as a practical minimum for aggregating
track-based OCO-2 observations from their native footprint (1.29 km x 2.25 km) to the target grid (0.1°
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+ External validation with in situ measurements

Spatial resolution enhancement of XCO, retrievals

+ Identification of long-term high XCO, anomaly regions

+ Interannual variability and long-term trends of global XCO,

Analysis

Figure 2. Schematic overview of the proposed framework for reconstructing a global, long-term, high-resolution XCO,
product. The framework consists of four processes: data preprocessing, modeling, model evaluation, and analysis.

resolution). Sensitivity analyses using alternative thresholds (10-40 observations per month) indicate that
model performance is largely insensitive to the threshold choice, whereas spatial coverage decreases
rapidly with higher thresholds (Figures S1 and S2).

For the CAMS-EGG4 XCO,, the 3-hourly values were temporally interpolated and converted from UTC to
local time to match the OCO-2 local overpass time (i.e., 13:30). This conversion was performed using
navigational time zones derived from longitude; statutory time deviations were not considered (Figure S3).
Although this simplified approach may introduce uncertainties related to solar geometry, its potential
influence is expected to be minimal due to the exclusion of high-latitude regions (above 70°) that
experience strong seasonal variations in solar angle and day length. Regarding the auxiliary variables,
those that are static or updated at five-year intervals were temporally mapped to the monthly target
resolution using a stepwise assignment. For LOratio variable, a 50 km radius circular mask was used to
compute the ratio of land to ocean within each grid cell. Ground-based observations from the TCCON,
which have varying temporal resolutions across different stations, were aggregated to monthly averages to
ensure consistency with the temporal resolution of the reconstructed XCO, product. For each TCCON
station, LGBM-derived XCO, values were averaged within a circular area of approximately 100 km radius
centred on the station (He et al. 2022; Yang et al. 2025).
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3.2. Modeling

3.2.1. Residual learning

In this study, we define the residual as the difference between OCO-2 XCO, and CAMS-EGG4 XCO, at each
0.1°x 0.1° pixel in the global monthly map. This reflects the discrepancy between satellite observations and
reanalysis products, primarily arising from the coarse resolution and assimilation-related uncertainties in the
CAMS-EGG4 system (Custédio, Borrego, and Relvas 2022; Agusti-Panareda et al. 2023). Rather than directly
predicting OCO-2 XCO, from CTM-based XCO,, as in previous studies (Mustafa and Xu 2025; Guan et al. 2024a),
we employ a residual learning framework. This design alleviates extrapolation errors arising from the secular
increase of atmospheric CO, and lessens reliance on coarse reanalysis inputs, thereby reducing the spatial biases
inherent to CAMS-EGG4. Mathematically, the residual at each grid cell (i, j) is computed as Equation (2):

R€SidUG/(,‘,j) = OCO'ZXCOZ(,‘J) - CAMSEGG4XCOZ(”) (2)

The final Reconstructedyco, is obtained by adding the predicted residual to the original CAMS-EGG4
XCO,. Furthermore, to address the known time-dependent biases of CAMS-EGG4 reported in the official
validation report (Ramonet et al. 2021; Mustafa and Xu 2025), an additional bias correction term, &;qs, Was
applied (Equation (3)). As detailed in Equation (4), the mean bias for each period (P1 and P2) was calculated
as the average difference between CAMS-EGG4 and TCCON values across all available stations. Here, Upqs p1
and Upigs p2 denote the mean biases for P1 and P2, respectively. Accordingly, &y is set to zero for P1
because residual learning against OCO-2 observations already accounts for bias adjustment, whereas for P2,
Ubias,p2 is aligned with the ppigsp1 baseline to compensate for a time-dependent drift in CAMS-EGG4
during P2.

Reconstructedxco,(ijy = CAMS EGG4xcoy(ij) + Residualyjy + Spias @)
0 ift e Pl
Opigs = 4
bias {,Ubias,P1 — Mbias,p2:  jf t € P2 @

3.2.2. Model development

The overall modeling process is divided into two key steps based on the availability of OCO-2 satellite
products: (1) estimation during the OCO-2 operational period within our study domain, from September
2014 to December 2019 (P1), and (2) reconstruction for the period lacking OCO-2 satellite data, from
January 2003 to August 2014 (P2) (Figure 2). In Step 1, an algorithm is trained using multi-source input
features to fill spatial gaps in the global monthly OCO-2 XCO, product. Step 2 applies the trained model
developed in Step 1 to reconstruct XCO, concentrations without direct satellite measurements for P2. This
two-step approach allows the model to learn from high-quality reference data from P1 and apply the
learned patterns to extend the product backward in time.

To implement this framework, the LGBM model was chosen for its computational efficiency and high
predictive accuracy with large-scale datasets (Kang et al. 2024). It employs a leaf-wise gradient boosting
strategy that enables efficient split optimization, making it well-suited for capturing complex spatial and
temporal patterns in XCO, concentrations. LGBM also incorporates Gradient-based One-Side Sampling
(GOSS), which retains all samples with large gradients while randomly sampling those with smaller
gradients, thereby accelerating training without sacrificing accuracy. Previous studies have demonstrated
the strong performance of the LGBM model in atmospheric applications, including the estimation of XCO,
as well as air pollutants, owing to its ability to model nonlinear relationships and leverage multi-source data
(He et al. 2022; Choi et al. 2023; Meng et al. 2024). The LGBM parameters were optimized using the Python
package named “hyperopt”. This Bayesian optimization employs a probabilistic surrogate model and an
acquisition function to efficiently search the hyperparameter space (Snoek, Larochelle, and Adams 2012).
Each parameter was explored within the ranges listed in Table S2 and finalized with the following settings:
boosting type ‘goss’, learning rate 0.09, maximum depth 9, minimum child weight 2, number of estimators
800, number of leaves 300, feature fraction by tree 0.80, and subsample 0.513. These settings ensure
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computational efficiency, accurate representation of carbon dynamics, and robust performance, addressing
the challenges of global-scale data modeling.

3.3. Model evaluation

In this study, we evaluated the predictive performance of the proposed LGBM model using two validation
approaches: internal N-fold cross-validation (CV) using a training dataset and additional external validation of
reconstructed XCO, results using TCCON and WDCGG observations. Firstly, we applied various CV
methods—random (RDCV), spatial (SPCVo, and SPCV,,y), and temporal (TPCVy, and TPCVpyon)—to evaluate
how accurate and robust the LGBM model trained by targeting XCO, residual values over the period for which
OCO-2 data is available. N-fold CV is a technique for evaluating the performance of a model by dividing the
given data into N subsets, using one subset for testing and the remaining N-1 subsets for training across N
iterations. RDCV randomly splits into 10 subsets based on the sample without any other considerations. SPCV
and TPCV were applied to evaluate the reliability and robustness of the models across spatial and temporal
dimensions, respectively. SPCV,,, and SPCV,,; split the whole sample into 12 and 14 folds, respectively, by
dividing the global study area into 30° intervals of longitude and 10° intervals of latitude. TPCV,, and TPCV o,
split the sample by year and month, respectively, to identify if the model appropriately represented the
seasonality and annual increase in XCO,. Secondly, in situ XCO, observations (i.e, TCCON and WDCGG),
which were not used in the training of the LGBM model, were employed exclusively as independent data
sources for external validation to evaluate the reliability of the long-term XCO, reconstruction.

The performance of the proposed model was evaluated using five widely known accuracy metrics: slope
[unitless], square of the Pearson correlation coefficient [R% Equation (5)], mean absolute error [MAE, unit: ppm;
Equation (6)], root mean square error [RMSE, unit: ppm; Equation (7)], and relative RMSE [rRMSE, unit: %; Equation
(8)1. The rRMSE was included as a complementary metric to express errors relative to the mean XCO, concentra-
tion, thereby facilitating comparisons across different regions. The expressions for each metric are as follows:

% [ — x)(; — y)]

R? =
| (5% = 02(5y - 92"

n v

mag = 2=k = 6)
n
ST T
RMSE = \/ 2l y” 7
n

rRMSE = 100 x M (8)

y

where x; and y are predicted and actual values of the i sample respectively, x and y is the average of
the predicted and actual data and n is the total number of samples. Although the LGBM model was trained
to predict the residual between OCO-2 and CAMS-EGG4 XCO,, all evaluation metrics were calculated from
the reconstructed XCO,—that is, the sum of the predicted residuals and the CAMS-EGG4 baseline—to
directly assess the accuracy of the final product (Figure 2). The slope and R? represent the degree of linear
agreement between predicted and observed values, where the slope reflects the proportional relationship
and R? quantifies the overall goodness of fit. The MAE measures the average absolute error, while the RMSE
captures the overall error magnitude with greater sensitivity to larger deviations. The rRMSE is calculated by
normalizing RMSE with the mean of observed values, yielding a unitless metric that facilitates comparison
across different scales and mitigates misinterpretation caused by magnitude differences.

3.4. XCO, anomaly analysis

To examine patterns beyond the year-to-year increase in atmospheric XCO,, we computed two types of anomalies
from the reconstructed 17-year LGBM-based XCO, product, each tailored to specific analytical objectives. For the
long-term spatial distribution of high-emission regions (Section 4.4), the anomaly at each grid cell was calculated
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by subtracting the global median XCO, from the 17-year mean value at that cell, highlighting persistently elevated
concentrations while reducing the impact of outliers (Hakkarainen et al. 2019). For interannual variability linked to
El Nino-Southern Oscillation (ENSO) (Section 4.5), a two-step method was used at every grid-cell (x, y), as
formulated in Equation S1. We first removed long-term nonlinear trends over time (t) by fitting a third-degree
polynomial to the monthly XCO, time series at each grid cell (Figure S4b). Second, the monthly climatological
mean, which is a function of calendar month (m) was subtracted to isolate deviations from the seasonal cycle
(Figure S4c) (Thoning, Tans, and Komhyr 1989; Keppel-Aleks et al. 2014). These approaches provide a consistent
basis for hotspot detection and ENSO-related variability analysis, respectively.

4. Results and discussion
4.1. Internal validation of machine learning model using cross-validation

Table 2 and Figure S5 summarize the overall performance of the LGBM-based XCO, reconstruction model,
evaluated using different CV methods. The results demonstrated that the model consistently reconstructed
global XCO, concentrations on a monthly scale with high accuracy (R*=0.93-0.96) and low errors
(RMSE = 0.80-1.11 ppm). Among the various validation strategies, RDCV yielded the highest accuracy across
all error metrics (e.g. R =0.96, MAE = 0.60 ppm, and RMSE = 0.80 ppm), while also exhibiting a negligible
standard deviation (SD) across the folds, ensuring reliable performance. This evidence indicates that the
data-driven model achieves the most stable and reliable performance when training samples are randomly
and evenly distributed without spatiotemporal constraints, which is consistent with the findings of previous
studies (Li, Wu, and Wang 2023; Wu et al. 2024). However, as the primary objective of this study is to fill
spatial gaps in OCO-2 observations and further reconstruct historical XCO, values, rigorous spatiotemporal
validation remains essential. The results from spatial (i.e., SPCV,, and SPCV|,) and temporal (i.e., TPCV,, and
TPCVon) Validation exhibited relatively larger SDs across the folds compared to RDCV. This was particularly
evident in SPCV\,; and TPCV,,, likely reflecting the uneven distribution of observations across latitude and
year, which can amplify variability in fold-wise performance. Nevertheless, despite the larger fold-wise
variability, the overall model accuracy remained robust and comparable across different validation
schemes, with stable performance observed at both pixel- and month-wise levels as well (Figures S6 and
S7). Furthermore, as shown in Figure S8, the residuals used as the learning targets exhibited errors that
were small relative to the observed residual range (-13.97 ppm to+7.35 ppm), with MAE values of
0.60-0.84 ppm and RMSE values of 0.80-1.11 ppm. These results indicate that the model not only
reproduces the long-term growth trend of XCO, but also effectively resolves and corrects the spatio-
temporal variability of the residuals through the integrated use of multi-source data as supported by the
feature importance analysis (Figure S9). Collectively, these findings highlight the robustness of the residual
learning framework across unseen spatiotemporal domains and underscore its potential for high-fidelity,
long-term XCO, monitoring.

Table 2. Internal model validation results for P1, evaluated using different cross-validation
methods. RDCV, SPCV,y,, SPCViay, TPCVy,, and TPCV o, represent random, spatial (longitude- and
latitude-based), and temporal (yearly and monthly) cross-validation, respectively. Values in
parentheses indicate the standard deviation of accuracy across individual folds. The highest
accuracy for each metric is highlighted in bold, while the largest standard deviation across folds

is underlined.
MAE RMSE
Validation method Slope R? (ppm) (ppm) rRMSE (%)
RDCV 0.95 0.96 0.60 0.80 0.20
(0.0000) (0.0002) (0.0008) (0.0016) (0.0004)
SPCVion 0.95 0.94 0.75 0.99 0.24
(0.0100) (0.0095) (0.0862) (0.1162) (0.0290)
SPCV¢ 0.94 0.94 075 0.99 0.24
(0.0325) (0.0284) (0.2410) (0.3156) (0.0781)
TPCVy, 0.94 0.93 0.83 1.08 0.27
(0.0509) (0.0925) (0.0903) (0.1141) (0.0259)
TPCV mon 0.94 0.93 0.84 1.1 0.28

(0.0510) (0.0264) (0.1282) (0.1883) (0.0469)
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Figure 3 illustrates the spatial and temporal CV results of the XCO, reconstruction model, highlighting fold-
specific accuracy metrics. This comprehensive evaluation offers insights into the model’s performance and
variability under different spatial and temporal validation scenarios. In the spatial CV results based on the
longitudinal segmentation (Figure 3a and c), notable differences in model accuracy were observed across
regions with varying land-to-ocean proportions. The highest accuracy, characterized by the largest R* values and
lowest rRMSE, was observed over the Pacific Ocean—where the land fraction is minimal. In contrast, regions
with a higher land fraction, particularly within certain longitudinal bands, exhibited larger errors. This may reflect
the increased complexity of terrestrial ecosystems and anthropogenic influences, which possibly contributed to
higher uncertainty in XCO, retrievals over land (Guan et al. 2024a). In the SPCV|,; results (Figure 3b and d), the
model errors were also larger in the Northern Hemisphere, likely due to higher emissions and greater variability
in XCO, concentrations. Accuracy declined most notably in high-latitude regions of the Northern Hemisphere
(i.e., 60-70°N), where sparse OCO-2 coverage and land-dominated surfaces result in greater spatial heterogene-
ity. By contrast, the ocean-covered Southern Hemisphere (i.e,, 60-70°S) exhibits more uniform conditions and is
less affected by limited observational coverage. This relationship is reflected in Figure S10, which shows that
regions with greater land fractions generally correspond to lower R* and higher rRMSE across spatial CV folds.
Complementing the spatial patterns, the continent-level evaluation (Figure S11) shows that the model achieved
R? values of 0.91-0.96 and rRMSE values of 0.20-0.35%, indicating stable performance and the absence of
systematic bias even in regions with sparse training data. The TPCV,, results exhibited relatively large fold-to-fold
variations in accuracy (Table 2 and Figure 3e), with noticeably lower performance in the earliest and latest years
of the training period. This pattern may reflect the upward trend in annual XCO, concentrations due to
industrialization, leading to out-of-range issues. In contrast, the TPCV o, results showed relatively small
variations, with the highest accuracy occurring in April, when XCO, concentrations typically peak in the
Northern Hemisphere due to springtime accumulation at higher latitudes. Conversely, the lowest accuracy
was observed in August, a period characterized by minimum concentrations associated with strong photo-
synthetic uptake during the growing season.
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Figure 3. Spatial and temporal cross-validation results of the XCO, reconstruction model. (a) and (b) show spatial
validation results for SPCV,o, and SPCV|,,, respectively, using R2, while (c) and (d) display corresponding rRMSE (%) values.
(e) and (f) present temporal validation results for TPCVy, and TPCV e, With R? represented by bar graph, rRMSE (%) by
orange solid lines, and XCO, (ppm) by blue dashed lines. The bars are shaded using a grayscale gradient, where darker
colours indicate higher R? values.
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4.2. External validation with in situ measurements

Figure 4 presents the external validation results, comparing XCO, estimates from the LGBM model and
the CAMS-EGG4 reanalysis against in situ observations from TCCON and WDCGG. These ground-based
observations enabled the evaluation of reconstructed XCO, in regions and periods not covered by
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Figure 4. Scatter plots comparing observed in situ values (x-axis) with estimated XCO, values (y-axis) for validation
against (a) TCCON and (b) WDCGG stations, respectively. For each dataset, results from the Light Gradient Boosting
Machine (LGBM) model are shown in subplots 1-3 and from the Copernicus Atmosphere Monitoring Service Global
Greenhouse Gas (CAMS-EGG4) reanalysis in subplots 4-6.
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OCO-2. To evaluate the advantages of the high-resolution (0.1°) LGBM-based XCO, product, the coarser
CAMS-EGG4 XCO, data were resampled to the same spatial resolution using the nearest-neighbor
method, enabling comparison on a consistent spatial scale. As shown in Figure 4a, the LGBM model
consistently exhibited smaller errors than CAMS-EGG4 reanalysis when compared with TCCON obser-
vations, reducing RMSE by approximately 0.37 ppm (24%) over the entire period (2003-2019). Notably,
this improvement persisted across both P1 and P2, with the LGBM model substantially mitigating the
positive bias observed in CAMS-EGG4 reanalysis during P2, which corresponds to the satellite data gap
period. This result indicates that the residual learning approach effectively mitigates the out-of-range
overestimation observed during P2 when directly predicting OCO-2 XCO, (Figure S12), which stems
from the mismatch in concentration ranges between P1 and P2. These findings demonstrate the ability
of the LGBM model to generate a high-resolution XCO, products that align closely with ground-based
observations across both recent and historical timeframes. To complement the sparse coverage of
TCCON, WDCGG surface CO, data were used as an additional indirect validation source. As shown in
Figure 4b, both the LGBM model and CAMS-EGG4 reanalysis show comparable agreement with WDCGG
observations in terms of large-scale variability and temporal consistency. Although this constituted an
indirect validation, the LGBM model reconstructed XCO, at a finer resolution of 0.1°, while exhibiting
performance comparable to that of CAMS-EGG4, which operates at a coarser resolution of 0.75°. This
enhanced spatial resolution enables more precise characterization of regional variations and emission
patterns, thereby strengthening the utility of the product for high-resolution XCO, monitoring and
localized analysis.

To further evaluate the robustness of the validation beyond aggregated performance metrics, compari-
sons with TCCON were conducted at both the station and seasonal levels (Figure 5). Station-wise evaluation
over the full analysis period shows that the LGBM model achieves high agreement with TCCON across most
sites, while exhibiting smaller and more stable mean biases than CAMS-EGG4, with no evidence of
systematic degradation at specific locations (Figure 5a). Notably during P2, the application of the additional
Opias term leads to a systematic reduction in mean bias relative to CAMS-EGG4, as demonstrated by the
results in Figure S13. This behavior is also supported by the station-averaged comparison (Figure S14), in
which LGBM-based XCO, estimates remain more closely aligned with TCCON than CAMS-EGG4 even after
aggregation at the station level.

Seasonal analyses indicate that during P1, both products exhibit relatively limited seasonal biases,
whereas during P2, CAMS-EGG4 shows pronounced positive seasonal biases that are substantially reduced
in the bias-corrected LGBM estimates (Figure 5b). Overall, these station- and season-resolved results
demonstrate that the improved performance of the LGBM model is consistently maintained across sites
and seasons, thereby reinforcing the reliability of the high-resolution XCO, product beyond overall
correlation and RMSE metrics.

Figure 6 presents a comprehensive evaluation of monthly XCO, biases between the model products
and TCCON observations from 2003 to 2019. By evaluating performance at the station and monthly
levels, this analysis offers a more detailed perspective on how model accuracy varies across space and
time, complementing the aggregated assessment shown in Figure 4a. The mosaic plots reveal that the
LGBM model (Figure 6a) exhibits generally lower and more stable biases than the CAMS-EGG4
reanalysis (Figure 6b), effectively mitigating the temporal drift previously observed in CAMS-EGG4
reanalysis—namely, overestimation in earlier years and underestimation in more recent years.
Figure S15 highlights the statistical improvement achieved by the LGBM-based product over CAMS-
EGG4 reanalysis. Our reconstructed XCO, product reduced the RMSE from 1.56 ppm to 1.16 ppm, the
MAE from 1.25 to 0.90 ppm, and the standard deviation from 1.54 to 1.14 ppm. The mean bias also
improved slightly, from 0.27 ppm to 0.22 ppm, indicating a closer agreement between the LGBM model
and TCCON observations. The narrower and more centered distribution of the reconstructed XCO,
product biases around zero further confirmed a substantial reduction in both error magnitude and
variability. These overall findings demonstrate that our proposed framework offers a clear performance
advantage over existing reanalysis products by effectively reducing systematic bias and error variability
across space and time. This highlights its value as a reliable and high-resolution alternative to existing
XCO, reanalysis datasets.
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Figure 5. Station- and season-resolved validation of estimated XCO, against TCCON observations. (a) Station-wise R? and
mean bias (estimated XCO, — observed XCO,) for the proposed LGBM model and CAMS-EGG4 across the full analysis
period. Grey bars denote the number of samples at each station. (b) Seasonal mean biases for the OCO-2 period (P1) and
the pre-0CO-2 period (P2).

4.3. Spatial resolution enhancement of XCO, retrievals

To evaluate the spatial resolution improvement of the reconstructed XCO, product relative to existing
products, regional distributions were analyzed over two representative regions—the United States (July
2019) and East Asia (May 2019). These regions were selected because their relatively high XCO, concentra-
tion requires accurate monitoring, and they have a dense network of TCCON stations (Figure S16). The
selected periods reflected high OCO-2 coverage over the mid-latitudes (Zheng, Zhang, and Zhang 2023)
and increased TCCON station availability in recent years, allowing for more comprehensive validation.
Figure 7 compares the spatial XCO, patterns derived from the three sources. While OCO-2 provided high-
precision XCO, measurements, it suffered from substantial data gaps caused by cloud contamination and
unfavorable surface conditions (He et al. 2022; Li, Wu, and Wang 2023) (Figure 7a and d). On average, at our
target monthly resolution, the mean global coverage of OCO-2 was 0.55%, with a maximum of 0.75% and a
minimum of 0.17%. Although CAMS-EGG4 reanalysis could complement these gaps, its coarse resolution of
0.75° limited the ability to see localized features. CAMS-EGG4 XCO, failed to capture fine-scale gradients
and exhibits spatial oversmoothing, particularly over the ocean. This smoothing was especially evident in
the southern and northeastern United States (Figure 7c), as well as the densely populated eastern coastal
region of China, including the Shanghai area (Figure 7f). On the other hand, our reconstructed LGBM-based
XCO, product at 0.1° resolution accurately captured localized spatial variability and gradient structures,
offering improved consistency with OCO-2 data (Figure 7b and e). This is reflected in the spatial variance
values, defined as the variance of gridded XCO, within each region (Equation S2). The LGBM-based product
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Figure 6. Mosaic plot showing the monthly XCO, biases (model — TCCON) across all available TCCON stations over the
entire study period (2003-2019). The model denotes (a) LGBM model and (b) CAMS-EGG4 reanalysis, respectively. Each
row corresponds to a TCCON station, identified by its station abbreviation as listed in Table S1, ordered in descending
latitude from north to south. Colored cells indicate the bias of the model, with red (blue) colors denoting model
overestimation (underestimation). Grey cells denote months with missing or unavailable TCCON observations.

shows higher spatial variance over both the United States (5.655) and East Asia (0.379) than CAMS-EGG4
(5.097 and 0.087, respectively).

To quantitatively evaluate, we compared the modeled XCO, values with colocated TCCON observations
in each region. For the July 2019 scene over the United States (5 stations), the LGBM-based XCO, product
exhibited a mean bias of 0.181 ppm, substantially lower than the 1.332 ppm bias observed for CAMS-EGG4
XCO,. Similarly, for the May 2019 scene over East Asia (5 stations), the mean bias of the LGBM-based XCO,
product was 0.002 ppm, whereas CAMS-EGG4 XCO, showed a negative bias of 1.075 ppm. These results
confirmed that our LGBM-based XCO, product more accurately reproduced ground-based reference
observations and substantially reduced errors compared to CAMS-EGG4 XCO,. In summary, the LGBM
model addressed both space and time issues by delivering seamless, high-resolution global maps with
spatial patterns that reflect realistic atmospheric dynamics. These findings demonstrate the effectiveness of
our framework in producing spatially consistent and high-fidelity reconstructions of atmospheric XCO,.

4.4. Identification of long-term high XCO, anomaly regions

As illustrated in Figure 8, the global anomaly distribution map exhibits a clear hemispheric contrast. Positive
anomalies were concentrated in the Northern Hemisphere, while negative anomalies dominated the
Southern Hemisphere, with mean anomaly values of 1.069 ppm and -0.637 ppm, respectively. This spatial
pattern was consistent with the well-established global emission asymmetry, as the Northern Hemisphere is
home to the majority of anthropogenic CO, sources, including industrial regions and densely populated
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Figure 7. Spatial distributions of XCO, over (a—c) the United States (July 2019) and (d—f) East Asia (May 2019). For each region,
panels from left to right show XCO, from OCO-2 observations (a, d), LGBM-based product at 0.1° resolution (b, e), and CAMS-
EGG4 at 0.75° resolution (c, f). Star symbols indicate the locations of TCCON stations, with the surrounding borders representing
observed XCO, concentrations. Color similarity with the background implies stronger model-observation consistency.
Annotated values next to each station represent the TCCON measurements and the corresponding model estimate (underlined).
Due to the sparse spatial sampling and small footprint of OCO-2 observations, marker sizes have been enlarged for visualization
purposes only and do not represent areal coverage.

urban areas (Zickfeld et al. 2021). Interestingly, elevated anomalies were observed in topographically
enclosed regions such as the Amazon basin, where surrounding orographic barriers limit atmospheric
circulation. Regardless of the intensity of direct emissions, these conditions restrict horizontal mixing and
exacerbate local XCO, accumulation (Hossain 2022). These findings suggest that long-term anomaly
patterns are influenced by terrain-driven atmospheric dynamics, in addition to the strength of emissions.

To provide a detailed view of specific regions, Figure 8 (A to D) compares spatial distributions across four
high-anomaly regions using the LGBM-based XCO, product and CAMS-EGG4 XCO,. Although CAMS-EGG4
captured the general regional distribution of XCO,, the LGBM-based product delineated enhanced spatial
details, enabling more precise identification of localized emission hotspots. For example, in metropolitan
regions such as Los Angeles (Figure 8A) and Tokyo (Figure 8D), both products capture elevated XCO,
concentrations. However, the LGBM-based product further revealed localized hotspots that were not
discernible in CAMS-EGG4. Additional comparison with sector-specific emission anomalies from EDGAR
shows spatial consistency with the identified XCO, hotspots, providing correlational evidence that these
localized enhancements may be associated with anthropogenic emission sources. In Los Angeles, enhanced
anomalies were spatially co-located with the Los Angeles International Airport, suggesting a possible
linkage to aviation-related emissions. Similarly, in Tokyo, elevated XCO, concentrations were observed
near the JERA thermal power station in the Tokyo Bay area—one of the region’s major coastal energy
facilities—indicating a spatial association with large scale power generation infrastructure.

At the same time, these localized enhancements cannot be attributed solely to emission sources.
Atmospheric transport, variability in planetary boundary-layer height, and terrain-induced flow confinement
may also play important roles in shaping the observed spatial patterns. This is particularly evident in regions
such as the Punjab (Figure 8B) and the Sichuan Basin (Figure 8C), where complex topography can limit
horizontal ventilation and promote the accumulation of XCO, under atmospheric stagnant conditions (Luo
et al. 2020). While CAMS-EGG4 captured broad regional enhancements, the LGBM-based product enabled the
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Figure 8. Global long-term XCO, anomaly map (2003-2019), with black boxes marking selected high-anomaly regions in the
middle of figure: A. Los Angeles, B. Punjab, C. Sichuan Basin, and D. Tokyo. Oceanic regions are omitted here to enhance the
visualization of global land-based variations. For each region, zoom-in comparisons are shown using CAMS-EGG4, LGBM-based
product, and high-resolution Esri World Imagery basemap (0.5 m resolution for the United States and 1 m resolution for the
other regions). In addition, Emissions Database for Global Atmospheric Research (EDGAR) sector-specific CO, emission anomaly
maps are shown for regions A (Transport sector) and D (Power Industry sector) only. All regional zoom-in maps cover the same
spatial extent of 500 km x 500 km. For regions A and D, the Esri World Imagery is further zoomed in to 1 km x 1 km to highlight
specific emission facilities, with the corresponding locations marked by light-grey boxes in the EDGAR anomaly maps. Map
scales are annotated for interpretation. Note that the XCO, anomaly values are identical between global and zoom-in map; the
different colormaps are used for visual clarity.

identification of discrete urban hotspots, revealing localized sources with finer spatial detail. In Punjab, emissions
are concentrated in major cities such as Faisalabad, Lahore, and Ludhiana (Tarig and Ali 2017; Lei et al. 2021). In
the Sichuan Basin, the LGBM-based product captured distinct high-emission regions such as Chengdu,
Chongging, and Menyang (Cao and Yuan 2019; Zeng et al. 2022). In summary, these results highlight the
LGBM-based product’s capability to identify suburban-scale to facility-level emission features that may be
influenced by nearby sources, with greater spatial precision than conventional reanalysis data.

4.5. Interannual variability and long-term trends of global XCO,

Leveraging the global, gap-free, and high-resolution of our reconstructed LGBM-based XCO, product,
we investigated interannual variability and long-term regional trends from 2003 to 2019. The recon-
structed XCO, exhibits a long-term growth rate of 2.10 ppm/yr, closely comparable to the NOAA
reference value of 2.16 ppm/yr, despite the NOAA product being based on a limited set of background
stations rather than global, full coverage observations. As shown in Figure 9a, XCO, increased
consistently across all regions, with global growth rates ranging from 2.016 to 2.278 ppm/yr.
Notably, high growth rates (=2.20 ppm/yr) were identified over East Asia and Central Africa. In East
Asia, this pattern is consistent with concentrated anthropogenic emissions and limited atmospheric
transport (Williams et al. 2007; Park et al. 2024). In contrast, the high values in Central Africa are more
plausibly linked to biospheric influences such as wildfire activities, although multiple natural and
anthropogenic drivers may contribute (Figure S17). Figure 8b illustrates the regional XCO,
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Figure 9. (a) Spatial distribution of XCO, growth rates (ppm/yr) from 2003 to 2019. Pixel-wise interannual trends were
derived by fitting a linear polynomial to the monthly LGBM-based XCO, product at each 0.1° grid cell. (b) Regional mean
XCO, time series over six continents and three oceans, computed from the reconstructed LGBM-based XCO, product. The
continental and oceanic masks used for aggregation are defined in Figure S18.

concentrations aggregated over six continents and three ocean basins (Figure S18). All continents
showed a steady increase over the 17 years, with Asia, Europe, and North America showing relatively
higher concentrations due to their early industrialization and persistent emission sources
(Friedlingstein et al. 2022). In contrast, oceanic regions show more stable growth and smoother
seasonal cycles, which are attributed to the buffering capacity of oceanic CO, uptake (Gruber et al.
2019). Interestingly, the Pacific Ocean shows a stronger seasonal amplitude than some Southern
Hemisphere land regions such as Oceania and South America. This enhanced amplitude may reflect
a combination of long-range transportation from the Northern Hemisphere and strong seasonal ocean-
atmosphere fluxes in the mid-latitudes (Landschiitzer et al. 2018).

To further examine the large-scale climatic influence of oceanic XCO, variability, we analyzed the relationship
between XCO, anomalies and ENSO. ENSO modulates CO, fluxes primarily through changes in sea surface
temperature (SST), vertical mixing, and biological productivity. During the El Nifio phase, reduced equatorial
upwelling and warmer SSTs decrease oceanic outgassing, though this is often offset by increased terrestrial
emissions from droughts and fires. This is reflected in Figure 10a, where positive XCO, anomalies dominate the
equatorial central and eastern Pacific, indicating reduced oceanic uptake (Cai et al. 2018). In contrast, La Nifa
events strengthen upwelling and can promote CO, drawdown in some oceanic regions, moderating the rate of
XCO, increase (Sun, Liao, and Zhu 2025). As shown in Figure 10b, negative anomalies appear across much of the
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Figure 10. Spatial composite maps of detrended and deseasonalized oceanic XCO, anomalies during (a) El Nifio and (b)
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Sciences Laboratory (El Nifio: > + 0.5 °C; La Nifa: <—0.5 °C) over the period 2003-2019.

same region, where El Niflo-related positive anomalies had reached up to 0.3 ppm, indicating strengthened
oceanic uptake (Rédenbeck et al. 2015). Overall, the reconstructed XCO, product effectively captures both the
long-term global increase in atmospheric CO, and interannual variability associated with large-scale climate
phenomena such as ENSO. These results highlight our LGBM-based XCO, product'’s reliability in characterizing
carbon cycle dynamics and its applicability for advancing research on climate-driven variability, regional
emission attribution, and coupled ocean-atmosphere processes.

4.6. Comparison with previous Al-based XCO, studies

As shown in Table 3, many previous studies have attempted to reconstruct a gap-free XCO, product
using various artificial intelligence (Al)-based approaches. While deep learning models have demon-
strated strong performance, tree-based ML approaches also yielded comparable accuracy, despite their
simpler architecture. One notable limitation is that much of the existing literature has been geograph-
ically limited to China or East Asia and covers relatively short durations, focusing on the satellite
operation period (He et al. 2023; Li, Wu, and Wang 2023; Cai et al. 2024; He, Wang, and Wang 2024; Te
et al. 2024; Wu et al. 2024; Li et al. 2025). Some global-scale studies, such as Zhang et al. (2023), have
focused primarily on land regions, thereby excluding the oceanic domain and limiting their applicabil-
ity to global carbon cycle assessments. More recently, a few studies have aimed to produce global,
long-term XCO, products (Mustafa and Xu 2025; Guan et al. 2024a). Nonetheless, these still face
limitations. While they claim to produce high-resolution outputs, the direct use of coarse-resolution
CTM products (e.g. CAMS-EGG4 [0.75°] and CarbonTracker [3° X 2°]) as inputs to Al models imposes a
fundamental limitation on capturing true spatial detail. For example, Guan et al. (2024a) achieved high
accuracy (R?>=0.89-0.97, RMSE = 0.55-0.82 ppm) with a rigorous internal validation method, yet their
model highly depends on CAMS-EGG4 and CarbonTracker, which together contributed over 70% of the
feature importance. Similarly, while Mustafa and Xu (2025) employed a CNN-LSTM model to generate a
high-quality product; their aim is to enhance the CAMS-EGG4 reanalysis itself. Consequently, the
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spatiotemporal resolution remained unchanged, limiting the product’s applicability for analyzing fine-
scale spatial variability in XCO,.

In contrast, this study proposed a novel approach with distinct features compared to previous methods.
Our novel ML framework reconstructs global, gap-free XCO, at a monthly temporal and 0.1° spatial
resolution over 17 years (2003-2019), extending well prior to the operational period of the OCO-2 satellite.
Unlike previous approaches, our model was developed without strong dependence on CTM-dominant
predictors, enabling truly finer-scale products. Hence, the final product is publicly available, supporting
diverse research directions in carbon-climate interactions, emission source attribution, and long-term
carbon budget assessments.

5. Conclusions

This study developed a novel residual learning LGBM framework to reconstruct a long-term (2003-2019),
high-resolution (0.1°), and gap-free global monthly XCO, product. By explicitly modeling the residuals
between OCO-2 observations and CAMS-EGG4 reanalysis, the proposed framework effectively reduces
dependence on the coarse spatial resolution of CAMS-EGG4 reanalysis and mitigates out-of-range over-
estimation due to mismatches between the training and reconstruction periods. Comprehensive internal
validation using random, spatial, and temporal CV schemes demonstrated high predictive accuracy and
generalizability, confirming its stability across diverse spatiotemporal domains. External validation with
independent in situ observations from TCCON as well as WDCGG further confirmed the high quality of the
reconstructed product, even in regions and times not covered by the OCO-2 satellite. Relative to the CAMS-
EGG4 reanalysis, the LGBM-based XCO, product provides an effective enhancement in spatial resolution by
a factor of approximately 7.5, enabling improved characterization of regional-scale variability and long-term
global carbon cycle dynamics over both land and ocean.

Despite these advances, several limitations should be acknowledged. Polar regions above 70 ° latitude were
excluded due to degraded satellite retrieval quality, and sparse sampling at high latitudes may introduce
systematic uncertainties. In addition, the applied bias correction relies on a single adjustment term derived from
an unevenly distributed station network, which may restrict its geographical representativeness in certain
regions. The reconstructed XCO, product is also subject to uncertainties from multiple sources, including
satellite retrieval errors, spatiotemporal preprocessing, and the ML modeling process itself. Future work could
address these limitations by incorporating explainable or uncertainty-aware machine-learning approaches to
better quantify regional uncertainties and attribute error sources, as well as by extending the framework to finer
temporal resolutions as additional observations become available. Nevertheless, by bridging observational gaps
with reduced dependence on reanalysis data, the resulting XCO, product offers a valuable resource for emission
monitoring, carbon cycle research, and climate policy-relevant applications.
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