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ABSTRACT

Tracking human-induced CO> emissions accurately is fundamental for comprehending the carbon cycle and
formulating effective mitigation strategies for achieving carbon neutrality. Observations from satellites present a
potentially unbiased and efficient solution compared to the prevailing self-reporting approach. This study pre-
sents a novel approach for estimating anthropogenic emissions using satellite-based CO5 measurements and the
geographically and temporally weighted regression (GTWR) model. The GTWR model innovatively integrates
both spatial and temporal variations to better capture the spatial heterogeneity and temporal dynamics of CO2
emissions. Column-averaged CO2 (XCO5) measurements from the Greenhouse Gases Observing Satellite (GOSAT)
and several environmental parameters are used as predictors in this model. Validation against the Open-source
Data Inventory for Anthropogenic CO, (ODIAC) data shows high correlation (R? = 0.929), highlighting the
significant potential of direct satellite estimations in enhancing emissions tracking. Comparisons with ODIAC, the
Emission Database for Global Atmospheric Research (EDGAR), and co-emitted NOy from OMI/Aura reveal
consistent patterns and trends, demonstrating the reliability of this approach. This consistency further corrob-
orates the effectiveness of satellite-based estimations in quantifying anthropogenic CO, emissions, which is
essential for monitoring carbon cycle and developing mitigation policies. The satellite-based estimations
demonstrate high correlation and consistency, providing a robust foundation for objectively assessing global
carbon emission mitigation policies. Future enhancements in spatial resolution and reduced dependence on
existing inventories will further strengthen the reliability of these estimations.

1. Introduction

the past few decades. ‘Bottom-up’ approaches are the most widely used
and standardized techniques for estimating CO; emissions. This

Carbon dioxide (COy) is a key greenhouse gas contributing to climate
change and worldwide direct radiative forcing (Crippa et al., 2022;
Pachauri and Mayer, 2015). It is evenly mixed with other atmospheric
components and remains in the atmosphere for a prolonged period. The
amount of CO; in the atmosphere has constantly risen due to human
activities over the past few decades, especially those leading to fossil fuel
emissions (Crippa et al., 2022; Friedlingstein et al., 2019, 2021). The
Paris Agreement under the UN Framework Convention on Climate
Change (UNFCCC) suggests that governments make promises to partic-
ipate in greenhouse gas mitigation pledges to reduce carbon emissions
and foster a sustainable, low-carbon economy. To evaluate the progress
of the mitigation initiatives for different governments, a reliable moni-
toring system for anthropogenic CO2 emissions is urgently needed.

To quantify COy emissions, two primary monitoring approaches —
referred to as ‘bottom-up’ and ‘top-down’, have been established over
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approach typically involves combining pre-established emission factors
for particular sources across various activity sectors with data from
other activities like fuel use or traffic monitoring. To create high-
resolution COy emission maps, the bottom-up inventories are down-
scaled using spatial proxies such as population density (e.g. MIX, Li
et al., 2017), geographical information, including the locations of point
emission sources and road networks (e.g. EDGAR, Crippa et al., 2022),
and nighttime lights (e.g. ODIAC, Oda et al., 2018). However, it’s
difficult to ensure the precision and reliability of the estimated emissions
because of the varying capacity and quality of emission inventories both
within and between nations (Xu, 2020).

‘Top-down’ approaches provide a global perspective on CO» emis-
sions. This method functions by analyzing atmospheric CO5 concentra-
tion levels collected from satellites or ground-based stations and
working backwards to estimate the emission sources and quantities.
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Notably, observations from space-based remote sensing satellites pro-
vide additional data that complement the existing global network of
ground-based greenhouse gas monitoring systems (Cogan et al., 2012;
Crowell et al., 2019; Yang et al., 2021). The positive correlation between
CO, anomalies derived from Orbiting Carbon Observatory-2 (OCO-2)
and the emission data obtained from ODIAC underscores the viability of
using satellite data for tracking CO2 emissions (Hakkarainen et al.,
2016). Various atmospheric models are used in conjunction with satel-
lite data to estimate CO5 emissions (Nassar et al., 2011; Lauvaux et al.,
2016; Basu et al., 2018), but the accuracy of these models are heavily
dependent on empirical data and highly sensitive to initial and boundary
conditions, which significantly limit their applicability for globally
characterizing carbon emissions. Statistical models offer a more abstract
approach using traditional regression techniques and spatial analysis
methods. For instance, CO, emissions are estimated with
satellite-derived data from GOSAT using a general regression neural
network model (Yang et al., 2019), while a multiple linear regression
model is used to estimate emissions from OCO-2 XCO, data (Pan et al.,
2021). Unfortunately, the discrepancies between the modeled data and
emission inventories, along with the infrequent estimation intervals,
indicating that these approaches struggled to capture the spatial het-
erogeneity and temporal variations within the emission data.

To address the limitations inherent in earlier models, this research
introduces an innovative approach for the direct estimating global
anthropogenic emissions through the integration of the GTWR model.
Using multi-year XCO; data obtained from GOSAT, this model uniquely
combines data containing temporal information with spatial variations
using a spatial-temporal weighting approach. This approach offers a
robust global representation of carbon emissions, significantly
enhancing traditional models by capturing both local variations and
temporal dynamics. The modeled results are validated against ODIAC,
and detailed intercomparisons with EDGAR inventories are discussed.
Furthermore, the correlation with co-emitted NO; is examined to further
evaluate the accuracy of the emission estimates.

2. Data and methodology
2.1. Datasets

2.1.1. GOSAT XCO,

The XCO; retrieved from satellite-based observations represent the
total amount of CO, in the atmosphere. This research uses XCO, data
retrieved from GOSAT, launched in January 2009, for the estimation
process (Patra et al., 2021; Yokota et al., 2009). The thermal and
near-infrared sensor for carbon observation-Fourier-transform spec-
trometer (TANSO-FTS) onboard the satellite quantifies CO5 through
observing surface reflectance in the short wave infrared bands in
cloudless circumstances over the land area (Yokota et al., 2009). Several
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GOSAT XCO, products were developed using global atmospheric
transfer model with various spatial and temporal resolutions (Kuze
et al., 2016). The optimal temporal resolution to accurately capture
fluctuation trends and maintain extensive global coverage was exam-
ined by analyzing the daily mean, daily median, monthly mean, and
monthly median of XCO2 observations (Fig. 1). These observations,
recorded from January 2013 to December 2019 at the Caltech station,
revealed significant daily fluctuations but consistent seasonal variations
across all datasets. While daily data can capture immediate changes and
finer-scale variations, they’re more susceptible to noise and data gaps.
Monthly averaging provides enhanced stability and reduces transient
noise but can obscure short-term emission events. To balance the
trade-offs and ensure dense and frequent sampling for the estimation
process, we adopted the Level 3 monthly product of XCO2 (FTS_C01S_3)
for the following emission estimation process. The spatial resolution for
this product is 2.5 x 2.5° (see Fig. 2).

2.1.2. Ancillary data

Atmospheric conditions including temperature, humidity, and at-
mospheric dynamics can significantly affect the dispersion and con-
centration of atmospheric CO,, thus influencing the estimation of
satellite-derived CO, emissions. Accurate estimation on CO5 emission
requires a deep understanding and thorough consideration of both these
parameters and XCO; data. This study adopts several key atmospheric
parameters namely air temperature, total column water vapor (tcwv),
atmospheric dynamics (i.e. wind speed, and vertical velocity) for the
following investigation (see Table 1).

Understanding the intricate interactions between the atmospheric
movement and CO; concentrations is essential for developing effective
estimates of anthropogenic emissions. Wind, for example, serves as a
transport agent for CO,, resulting in a wider distribution of emission.
Previous study has suggested that high wind speeds can dilute XCO,
signals by accelerating the dispersion of CO3 (Zheng et al., 2020). In this
study, we utilized the mean values of local wind field data at 1000, 975,
and 950 hPa to represent horizontal atmospheric movement (Beirle
etal., 2011; Zheng et al., 2020). Another major component is large-scale
atmospheric circulation, which drives regional variations in character-
istics of the gas concentration (Ma et al., 2018). Strong vertical motion
promotes the dispersal of CO5 emissions throughout the troposphere.
The subsiding motion can lead to the accumulation of CO, near the
Earth’s surface by reducing vertical mixing and dispersion. Higher CO,
concentrations can influence regional climate patterns and potentially
affect biospheric CO; flux. Consequently, the large-scale circulation is
included for our analysis, and the vertical velocity at 500 hPa (w500) is
adopted to depict this factor (Bony et al., 2004; Brogniez and Pierre-
humbert, 2007). Water vapor and air temperature are also considered in
the estimation process due to their significant correlation with CO,
solubility.
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Fig. 1. Time series of the daily mean, daily median, monthly mean, and monthly median XCO, captured at the Caltech station from January 2013 to December 2019.
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Fig. 2. Flowchart on estimation of anthropogenic emissions using satellite-based observations.

Table 1
Summary of data characteristics for parameters used in estimations on satellite-
based CO, emissions. All data are collected with a monthly temporal resolution.

Data Data Spatial Description
source Resolution
GOSAT XCO; (unit: ppm) 2.5 x 2.5° Averaged CO; dry air mole
fraction
ERAS ®500 (unit: hPa/day) 0.25 x Vertical velocity at 500 hPa
0.25°
Wind speed (unit: m/ 0.25 x u-component of wind at
s) 0.25° 1000, 975, and 950 hPa
Air temperature (unit: 0.5 x 0.5° Mean monthly near-surface
°0) temperature
Total column water 0.25 x Total column of vertically
vapor (unit: kg/m?) 0.25° integrated water vapor
GFED Carbon Fire emissions 0.25 x Monthly emissions from
(unit: gC/mz/month) 0.25° biomass burning
ODIAC Anthropogenic 1x1° CO;, emissions from fossil fuel
emissions (unit: gC/ combustion, cement
m?/d) production, and gas flaring
EDGAR Anthropogenic 0.1 x 0.1° Annual total CO, emissions
emissions (unit: kg/
m?/s)

These data are collected from ERA5 in our study because it offers
accurate global atmospheric reanalysis, providing detailed insights into
the parameters (Hersbach et al., 2020). To match the resolution of the
reanalysis data with the GOSAT output that we adopted in this study, the
monthly averaged data was employed, even though ERAS also contains
datasets with hourly and daily estimations. Additionally, the datasets
obtained from multiple resources were re-grided to 2.5 x 2.5° resolution
for further estimation.

In addition to the previously mentioned parameters, the estimating
technique also incorporates the Global Fire Emissions Database (GFED).
This dataset is the carbon emission from fires derived based on burned-
area outputs from Moderate Resolution Imaging Spectroradiometer
(MODIS) (Giglio et al., 2013; Jones et al., 2020; Shi et al., 2015). Here
we selected the monthly GFED data at 0.25 x 0.25° resolution for
further analysis, and the dataset was re-grided to unify the spatial res-
olution with other datasets.

Since there is no ground truth on CO4 emissions, the ODIAC product
is used as the reference data. This product is selected because it is the
only emission inventory that satisfies the criteria of Ciais et al. (2015)
and is widely used for both global and regional atmospheric inversion (e.

g. Thompson et al. (2016)). The ODIAC product offers a high-resolution,
bottom-up inventory of global fossil fuel CO5 emissions. This emission
inventory combines individual power plant emission/location profiles
with nighttime light data observed from space to estimate worldwide
geographic extent of CO;, emissions associated to fossil fuels (Oda et al.,
2018). While we recognize that the ODIAC grided product may have
emission modeling errors and uncertainties (Oda et al., 2018, 2019), we
believe these errors and uncertainties are minor in comparison to other
gridded emission inventories. It is important to note that the validation
against ODIAC is calculated to identify potential issues in our estimation
data records.

To further assess the consistency and the reliability of the emission
estimates, intercomparisons with additional emission inventory were
conducted. Emission Database for Global Atmospheric Research
(EDGAR) is an emission dataset estimated using the bottom-up model
incorporating a wide range of data sources, including national and in-
ternational energy statistics, industrial production data, and activity
data from various sectors such as agriculture, waste, and land use
(Crippa et al., 2019, 2020). EDGAR CO, emissions dataset provides
annual reports at a 0.1° x 0.1° latitude-longitude grid, offering insights
into the patterns and trends of COz emissions. This information is crucial
for understanding the impact of human activities on climate change. To
standardize all emission datasets, the intercomparison is conducted
using annual emissions at 2.5° grid resolution.

2.2. Methodology

The goal of this research was to use the GTWR model on enhanced
XCO,, to directly estimate anthropogenic CO, emissions. The estimation
process began with background removal, where the monthly median
mean XCOs of each subregion was used as the baseline CO fluxes. By
subtracting these at each grid cell, the emission signals were then
amplified. Key atmospheric parameters such as circulation, tempera-
ture, and humidity, along with GFED emission, were included as input
parameters. To guarantee that temporal variability was adequately
represented, grid cells with fewer than 84 observations were not
included in the model training process. The GTWR model was utilized
for the estimation from satellite data. ODIAC emissions data served as a
reference for developing and validating the model. Lastly, the derived
emission estimates were verified against the ODIAC emissions, which
ensured the robustness and accuracy of the estimation process.



J. He and B. Huang

2.2.1. Parameter optimization

The measurement of anthropogenic CO2 emissions is significantly
complicated by the seasonal of variation patterns, the long atmospheric
lifespan, and substantial fluctuations in the background of the atmo-
sphere (Hakkarainen et al., 2016; Pan et al., 2021; Streets et al., 2013).
To constrain the CO5 emission from human activities, AXCO, was
computed to amplify the emissions signals. It is essential to note that the
estimation of COy emissions not only hinges on the AXCO, data
collected from satellite observations but is also intricately linked to at-
mospheric conditions. Examining the correlation between COy emis-
sions and the input parameters allows us to comprehend the various
factors affecting CO, emissions and their respective effects. This, in turn,
provides greater precision in model training, as well as the final emission
estimates.

The compositions of ODIAC emissions data were examined by
breaking down the emissions data into various intervals based on the
input parameters. The analysis of the mean of CO, emissions within each
interval showed that the evolution of CO, emissions was associated with
the atmospheric variables. As shown in (Fig. 3a), the CO; emissions were
positively correlated with AXCO», as the emissions increased as AXCO»
rose. The conflicting results for the intervals with high AXCO may be
attributed to the restricted valid data points allocated within the in-
tervals. Similar growth patterns in the mean value of CO3 emissions were
noted for both air temperature and tcwv, suggesting that CO, emissions
and these two meteorological variables are positively correlated. The
results of the decomposition based on the vertical velocity of »500
revealed that areas with high level of CO, emissions tend to experience
strong subsiding motion (w500 > 50 hPa/day). Conversely, low CO5
emissions were linked to areas with the ascending motion in the atmo-
sphere. Additionally, the results also indicate that the CO5 emissions and
fire emissions were negatively correlated.

While satellite observations provide unprecedented global coverage
for CO, observations, space-based sampling is constrained by the factors
such as cloud cover, low solar radiances at high latitudes, aerosol
interference, and the challenges in accurately characterizing surface
properties using retrieval algorithms (O'Dell et al., 2018). The first step
in the data processing was to clean the data by removing the
cloud-blocked data in the satellite observations. This step was followed
by the collection of collocated data pairs for the observation period 2010

ODIAC vs. AXCO:

ODIAC vs. w500
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to 2019. A total of 118,390 sample groups were collected through this
process (Fig. 4). illustrates the map of the valid data pairs in each grid
cell throughout the observation period, highlighting an uneven global
distributed of the dataset. Specifically, regions with frequent cloud
cover, such as tropical rainforest and high latitude regions are system-
atically undersampled, therefore leading to an incomplete picture of
CO;, variability and trends in these regions. To address this, the GTWR
model was adopted to handle the uneven distribution of the data, both
spatially and temporally. GTWR is designed to account for spatial and
temporal heterogeneity in the data, providing more accurate and
localized estimates. Additionally, to better implement the GTWR model,
the grid cells with over 84 valid measurements (accounting for more
than 70 % of the observation period) were divided using the bootstrap
resampling method into training (around 70 %, 46,341 samples) and
testing (around 30 %, 19,860 samples) subsets. These subsets were then
used to develop the estimation model and to validate the performance of
the model output, whereas the remaining data were reserved exclusively
for model validation. The purpose of the resampling step for the dataset
was to retain enough data points that could accurately capture the
spatial and temporal changes, reduce the impact of varying spatial dis-
tribution and satellite observation biases, while creating independent
training and testing subsets (Batista et al., 2004). Notably, no grid cells
in the high-latitude region had more than 84 measurements; thus
emissions from this area were excluded from this study.

2.2.2. XCO4 enhancement

As the fluctuation in the total COy column concentration may be
affected by multiple emission sources and sinks, the initial and most
important step in estimating anthropogenic CO; emission is to eliminate
the large-scale influence (referred to as the “background”), retaining
only the XCO, signatures that are generated locally (Streets et al., 2013).
A constant background XCO; over a period was often used when dealing
with satellite data (Kort et al., 2012; Hakkarainen et al., 2016; Ye et al.,
2020). To separate the anthropogenic emissions from CO5 columns, the
monthly median of the sub-region was extracted and used as the back-
ground CO; fluxes (see Fig. 5). Then the enhanced XCO;5 (AXCO3) was
calculated by subtracting the background from each grid cell
(Hakkarainen et al., 2016):

AXCO, =XCO,(individual) — XCO,(monthly median) 1)
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This process reduces the influence of any regional scale biases in the
GOSAT product while detrending the XCO; data. It is also important to
note that based on the geographic locations and climatic characteristics,
we identified seven sub-regions in this study as follows: the Tropics
(between 23 °S and 23 °N), North America (from 23 °N to 60 °N, and
from 180 °W to 60 °W), Mediterranean (from 23 °N to 60 °N, and from
0° to 60 °E), East Asia (from 23 °N to 60 °N, and from 60° to 180 °E),
South America (from 23 °S to 60 °S, and from 90 °W to 30 °W), Africa
(from 23 °S to 60 °S, and from 0° to 60 °E), and Oceania (from 23 °S to 60
°S, and from 90 °E to 180 °E).

2.2.3. GTWR model

Considering the global scale of estimation in this study, a statistical
method called the GTWR is utilized to mathematically describe the
relationship between satellite-derived AXCO, as well as several envi-
ronmental parameters and the CO, emissions (He and Huang, 2018;
Huang et al., 2010; Wu et al., 2021). Unlike traditional regression
models that assume constant relationships (Yang et al., 2019; Pan et al.,
2021), the GTWR model estimates localized parameters that can capture
local variations, providing a more detailed understanding of spatio-
temporal relationships. The physical basis of the GTWR model lies in the
assumption that the relationships between the dependent and inde-
pendent variables vary due to different local conditions, processes, and
factors that influence the variables. It employs a distance-based kernel
function (Gaussian) to weight observations based on both their spatial
and temporal proximity to the location and period being modeled. It
assigns higher weights to observations that are closer in space and time

to the target location and time point. Therefore, the GTWR model can
provide more accurate and detailed insights into emission estimation.
Since AXCO; may result from multiple factors like the natural CO5
fluxes, atmospheric transportations, and anthropogenic activities, the
anthropogenic emissions can be expressed as:

AE; = fo(py, iy &) + Py (, Vi, &) X AXCO2; + Py (5, vis 1) X ©500;
+ Ba(py, Vi, t) X WS; + P4y, i, &) X ATi + B (u;, vi, t) x TCWV;
+ Bo(u;, i, ti) X FE; + &
()

where AE; are the ODIAC CO- emissions of the sample i that located at
(4, vi) and time t;. f3, is the intercept of the relation at the place (y;,v;)
and time ;. ;—-f, denote the slopes for each input parameters at a
certain place and time, respectively. The offset is represented by ;.

To further examine the input parameters in the model, a series of
analysis were conducted with multiple combinations of input variables

Table 2

Summary of the results with different combinations of input vari-
ables in the estimation using GTWR model. The coefficient of
determination (R?) is calculated against ODIAC.

Input variables R?

AXCO, 0.769
AXCO,, WS, 0500 0.877
AXCO,, WS, 0500, WV, AT 0.971
AXCO,, WS, 0500, WV, AT, GFED 0.972
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in the tropical area (training subset), the verification results (Table 2)
prove that the model is able to accurately estimate the CO, emissions
based on the input variables, even when the variables are varied in
multiple ways.

3. Results
3.1. Validation of CO2 emissions

To analyze the differences between the newly derived satellite-based
CO, emission estimation and ODIAC inventory data records, the mean
bias (MB) can be calculated as follows:

n

1
MB= n Z (AEggimated — AEopiac) 3

i=1

where n represents the size of the dataset, AEggimqeq represents the
satellite-based estimation, and AEgpjac represents the emission obtained
from ODIAC inventory.

(Fig. 6) presents the map of the MB on CO. emissions between
satellite-based estimations and the ODIAC inventory during 2010-2019.
The spatial patterns of the satellite-based estimations closely resemble
those of the ODIAC product. However, underestimations were noted in
high-emission regions like the British Isles, Germany, South India, East
China, and the eastern United States. Even though there are discrep-
ancies observed between these two datasets, most of the MBs fell within
0.05 gC/m?/d, indicating the model’s robustness on a global scale.

To assess the newly estimated CO; emissions dataset from satellite-
based measurements, the coefficient of determination R? was
computed as:

- AE AEpredicted — AEprei
R2 —_ ( A EODIAC _ ODIAC ) ( ‘Predicted ‘Predicted )

=1 \/Z ?: 1 (AEODIAC - AEODIA C ) 2 (AEPredicted - AEPredicted ) 2

where AEopiac and AEpredicea Tepresent the mean values of ODIAC
emissions and the satellite-based estimations, respectively. (Fig. 7) il-
lustrates the verification and validation against the ODIAC inventory.
The R? were 0.951 and 0.929 for the training and testing subsets,

Mean Bias
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respectively, demonstrating that there are strong correlations between
the satellite-based estimations and the ODIAC inventory data.

The detailed validation results for the satellite-based CO5 emission
estimation in each subregion are displayed in (Fig. 8). As illustrated in
the figure, the estimation shows the highest agreement in South America
and Africa, where the Mediterranean region shows lower agreement.
Despite the minor differences in performances, the R? ranges between
0.875 and 0.999. This further indicates that the CO, emissions estimated
from the proposed new approach are robust on a global scale.

3.2. Intercomparison with EDGAR CO, emission

Due to the absence of direct physical measurements of CO, emis-
sions, it is challenging to objectively evaluate the accuracy of the esti-
mated results. To better understand the differences among various
emission estimations, an intercomparison was conducted and discussed
with additional CO; emission inventory from EDGAR (EDGAR version 5;
Crippa et al., 2019, 2020).

Scatter plots of annual CO; emissions among datasets are shown in
(Fig. 9). The results reveal a positive correlation among these three
datasets. The satellite-based CO, emission estimation shows a strong
alignment with the ODIAC product, with an R? of 0.963. However, the
correlation is weaker when compared with EDGAR. The distribution
map of the mean bias among annual CO2 emissions is displayed in
(Fig. 10). Underestimation (blue) in satellite-based estimation and
ODIAC emission compared to EDGAR is observed in central inland re-
gion of China and northern Europe, while overestimation (red) is
evident in the eastern coast of China and the southeastern United States.

Uncertainties in satellite data, including instrument errors, data
processing artifacts, atmospheric interferences, and other factors, can

4

significantly impact the accuracy of emission estimates, while ancillary
parameters such as meteorological data, land use factors, and other
environmental variables may introduce additional variability and po-
tential bias into the model. It is worth mentioning that the intercom-
parison does not account for the estimation accuracy. Discrepancies
among different emission datasets may arise from differences in data

60w
0.2 0.1 0.0 01
M8 (gC/m*/d)

60*E 120°E 180°

-0.20 -0.15 -0.10 -0.05 0.00 005 010 015 020
MB (gC/m*/d)

Fig. 6. Distribution map of the MB between satellite-derived emission estimations and the ODIAC emission inventory. The probability distribution function (PDF) of

the MB is also presented in in the lower-right of the figure.
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sources, estimation methods, and the scope of emissions considered
(Oda et al., 2019; Solazzo et al., 2021). Nevertheless, the observed
positive correlation among EDGAR, ODIAC, and satellite-based estima-
tion has implications for understanding global emission patterns.

3.3. Comparison with Co-emitted NO,

It is imperative to underscore that the satellite-based estimates of
CO4 emissions are partially dependent on inventory data, as this data is
used in the model training process. However, these estimates also adjust
based on information collected from atmospheric observations. To fully
understand the potential, benefits, and drawbacks for the proposed
satellite-based CO5 emission method, a comprehensive comparison is
made with the global characteristics of other existing emission datasets,
including the co-emitted NO, dataset. Such analysis allows for the

identification of any systematic biases or errors in different estimation
approaches. Additionally, the comparison can reveal areas where the
satellite-based method excels or falls short.

Nitrogen dioxide (NO;) and CO, emissions are interconnected, as
both gases are primarily produced from the combustion of fossil fuels.
Due to the short lifespan of NO, in the atmosphere, its vertical column
densities often far exceed background levels near emission sources,
making it an effective tracer for COy emissions (Reuter et al., 2014,
2019). As there is no direct measurement for CO, emissions, comparing
them with NO; allows for an analysis of the performance of CO; emis-
sion estimates. The level 3 daily measurement on global NO3 from the
Ozone Monitoring Instrument (OMI) onboard NASA’s Aura satellite is
employed (Lamsal et al., 2021).

A comparison was conducted to analyze the correlation between
atmospheric NOy and CO; emission estimations. The normalized
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frequencies of occurrence for the comparison are shown in (Fig. 11). The
results reveal varying correlation strengths between NO; and the three
CO4 estimations. A moderately positive relationship was observed for
NO, and ODIAC, with an R? value of 0.609. Similarly, an R? value of
0.632 was found for NO3 and the satellite-based estimation. This slightly
higher R? value can be attributed to the methodology used in the
satellite-based estimation model, which employs ODIAC data as prior
information for model development, thereby incorporating the same
base information. Moreover, the satellite-based estimation integrates
direct space-based observations to refine the results, making them more
reflective of the actual atmospheric conditions, hence results in a higher
correlation with NO; emissions. Additionally, the strongest correlation
was found between NO, and EDGAR, with an R? value of 0.848. This
high correlation is largely due to differences in the modeling approach
between EDGAR and ODIAC. EDGAR compiles emission sectors from
various data sources which are also sources of NO,, leading to a stronger
correlation.

These results demonstrate that NO, can serve as an effective tracer
for CO3 in regions where their emissions originated from shared sources,
while also underscoring the impact of methodological variations across
emission inventories. However, the applicability of using NO, as a
universal tracer is limited, especially in areas where CO; and NO2
emissions are not directly linked. Integrating NO, data with additional
tracers and high-resolution observations can improve the reliability and
precision of emission estimates.

4. Discussions
4.1. Global CO, emission trend

Each emission dataset, including EDGAR, ODIAC, and our satellite-
based estimation, represents a unique interpretation of various inputs
and assumptions, which can lead to discrepancies when compared.
EDGAR utilizes a bottom-up approach, combining activity data, sector-
specific emission factors, and spatial proxies (e.g. population density,
road network) to provide a comprehensive global emission inventory.
ODIAC, one the other hand, primarily relies on nighttime light data from
satellites as spatial proxy for fossil fuel emissions, supplemented by
point source data and national emission statistics. In contrast, the
satellite-based estimation adopts a top-down approach, deriving emis-
sions from atmospheric CO, concentrations observed by GOSAT, and the
GTWR model was adopted to extract patterns and relationships from the
data rather than simply replicate ODIAC emissions. This approach al-
lows the satellite-based estimates to reflect real-world CO5 dynamics,
which are influenced by a variety of factors beyond the ODIAC dataset.
These differences in methodology, data granularity, and underlying
assumptions lead to variations in emission estimates.

The global CO, emission trends have been observed through the time

series analysis of global annual mean CO; emissions from various
sources, including ODIAC, satellite-based estimations, and EDGAR for
the period of 2010-2019. As shown in (Fig. 12), the EDGAR (blue) data
consistently presents higher emissions compared to the other two
datasets. The reason for the disparity is that the EDGAR model includes
more sectors in the estimation process. All datasets indicate an
increasing trend in CO, emissions, yet the two bottom-up inventories,
ODIAC (black) and EDGAR, exhibit a higher increasing rate compared to
the satellite-based estimation. The satellite-based estimation, due to its
inherent limitations, may not affectively capture diffused or less
detectable emission sources from space. For instance, emissions from
small-scale industrial activities, residential heating, or agricultural
practices often lack the intensity or spatial concentration required for
clear detection by satellites. Additionally, satellite-based methods rely
on atmospheric CO, measurements, which can be influenced by factors
such as weather patterns, atmospheric transport, and background vari-
ability, complicating the attribution of emissions to specific sources. As a
result, the satellite-based estimation tends to reflect a milder increase
rate compared to inventory-based approaches like ODIAC and EDGAR,
which directly incorporate activity data and sector-specific emission
factors.

4.2. Land cover on CO2 emission

Earth’s surface varies significantly from location to location, ranging
from vegetation and water bodies to different soil types. This high het-
erogeneity makes it challenging to estimating CO; emissions, as each
surface type interacts differently with the emissions (Lei et al., 2021).
Therefore, analysis of CO, emissions must consider the variety of land
cover types. The land cover type product (MCD12Q1) is used to flag the
surface characteristics of the grid cells (https://doi.org/10.50
67/MODIS/MCD12Q1.006). More specifically, the International
Geosphere-Biosphere Programme (IGBP) legend from the dataset is used
for land type classification. This dataset distinguishes 17 classes of land
cover types using a decision tree algorithm that utilized the 8-day
MODIS Nadir BRDF-Adjusted Reflectance. The spatial resolution for
the land cover dataset is initially set at 0.05°. To best accommodate the
analysis in this research, the resolution has been downsampled, with the
dominant land cover type representing the surface type in the coarser
resolution.

The mean of the CO, emissions from three different sources including
ODIAC (represented in black), satellite-based estimation (in red), and
EDGAR (in blue), across various land cover types are shown in (Fig. 13).
For all three datasets, the urban and build-up regions have the highest
CO, emission, and the closed shrubland regions have the lowest CO5
emission. These results validate the rationality and validity of the esti-
mation, as the urban and built-up regions usually have high energy
consumption from buildings, industries, and heavy vehicular traffic, all
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and ODIAC.

of which typically rely on burning fossil fuels, while closed shrublands,
with their vegetation and limited human activity, contribute to the
lowest CO5 emissions.

Comparisons over different land cover types are summarized
(Table 3). Overall, the comparison between ODIAC and the satellite-
based estimation shows better correlations, with R? values consistently
high, indicating a close alignment. In contrast, the correlations between
EDGAR and ODIAC, as well as EDGAR and the satellite-based estima-
tion, exhibit more variability, with lower RZvalues in some regions (e.g.,
0.093 for deciduous needleleaf forest and 0.276 for closed shrubland).
These findings highlight the varying degrees of agreement across data-
sets. However, discrepancies in certain land cover types, such as
shrublands and grasslands, underscore the challenges in capturing

emissions uniformly across diverse environments.

4.3. Limitations

While this study demonstrates the significant potential of satellite-
based estimations for estimating anthropogenic CO, emissions, there
are several limitations must be acknowledged. Potential errors in the
data sources, including satellite data and ancillary parameters, could
impact the accuracy of our CO emission estimation. Additionally, the
coarse spatial resolution of our results can obscure small-scale emission
sources, particularly in heterogeneous or complex regions. Furthermore,
the reliance on emission inventories like ODIAC and EDGAR for vali-
dation introduces additional uncertainties, as these datasets may have
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inherent biases or methodological limitations. Addressing these chal-
lenges through improved data quality, higher-resolution observations,
and rigorous validating processes is essential to enhance the reliability
of satellite-based emission estimations and their applicability in carbon
monitoring and mitigation efforts.

5. Conclusions

Anthropogenic CO emissions are directly using enhanced XCO; data
derived from GOSAT along with atmospheric parameters as input

10

variables using GTWR model. This data-driven strategy provides an
innovative approach that uses a spatiotemporal weighting mechanism to
account for both temporal and geographical variations. While this
approach partially dependent on ODIAC data due to the lack of physical
measurements of CO» emissions, offers an independent measure of
carbon emissions and provides additional insights from satellite mea-
surements, leading to more comprehensive picture of emission patterns.
Also, the bootstrap resampling method is adopted to reduce any impacts
from the biases in data retrieval algorithm, data point variability, and
spatial dispersion. The high correlation between the estimated results
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Summary of the comparison results over different land cover types.
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EDGAR v.s. ODIAC

EDGAR v.s. Estimated CO» ODIAC v.s. Estimated CO»

Slope Intercept R? Slope Intercept R? Slope Intercept R?
Water (4907) 0.754 0.105 0.715 0.807 0.102 0.703 1.068 —0.003 0.979
Evergreen needleleaf forest (3731) 0.780 0.015 0.755 0.618 0.010 0.434 0.825 —-0.013 0.624
Evergreen broadleaf forest (13,992) 1.438 —0.001 0.777 1.422 —0.007 0.750 0.992 —0.004 0.972
Deciduous needleleaf forest (160) 0.115 0.024 0.093 —0.056 0.035 0.020 0.871 0.008 0.683
Deciduous broadleaf forest (7397) 0.628 0.163 0.541 0.691 0.144 0.585 1.045 0.001 0.977
Mixed forest (11,365) 0.767 0.060 0.692 0.828 0.053 0.700 1.060 —0.003 0.974
Closed shrubland (326) 1.189 0.010 0.276 1.181 0.009 0.273 0.984 —0.001 0.973
Open shrubland (13,850) 0.543 0.051 0.469 0.496 0.049 0.457 0.883 —0.001 0.911
Woody savannas (20,639) 1.029 0.087 0.808 1.046 0.065 0.806 1.010 —0.019 0.986
Savannas (30,042) 1.061 0.041 0.769 1.109 0.032 0.770 1.035 —0.007 0.984
Grasslands (74,324) 0.852 0.075 0.456 0.854 0.063 0.449 0.975 —0.010 0.933
Permanent wetland (136) 0.549 0.030 0.959 0.559 0.030 0.945 1.016 0.002 0.980
Croplands (43,522) 0.885 0.112 0.595 0.943 0.086 0.622 1.030 —0.009 0.977
Urban and build-up (308) 0.725 0.606 0.776 0.726 0.627 0.775 1.001 0.030 0.996
Cropland/natural vegetation mosaic (2052) 0.866 0.120 0.665 0.901 0.114 0.671 1.028 —0.002 0.983
Snow and ice (64) 0.164 0.025 0.911 0.162 0.022 0.807 0.925 —0.016 0.773
Barren or sparsely vegetated (15,410) 0.668 0.089 0.468 0.713 0.074 0.441 1.049 —0.019 0.910

and ODIAC data (with an R? of 0.929) shows that the proposed meth-
odology is a robust and efficient strategy for monitoring global CO,
emissions.

To further examine the consistency, variability, and reliability of the
satellite-based estimation, EDGAR, an additional emission inventory, is
included for a comprehensive intercomparison. A lower estimation in
the satellite-based estimation and OIDAC emission relative to EDGAR is
observed in the central inland region of China and northern Europe.
Conversely, an overestimation is seen along the eastern coast of China
and southeastern regions of the United States. These discrepancies may
result from various factors such as data reporting inconsistencies, sat-
ellite retrieval biases, or diffing calculation methodologies. The land use
is another factor to discuss when comparing these three emission data-
sets. Urban and build-up areas have the highest CO5 emissions due to
intense energy consumption from buildings, industries, and traffic.
While the closed-shrublands have the lowest emissions due to the
limited human activity in these regions.

Furthermore, as there are no direct measurements for CO5 emissions
to validate the estimation accuracy, comparing them with NO; allows
for an additional insight into the performance of CO2 emission estimates.
Moderate positive correlations are found between NOy and ODIAC (R?
= 0.609), and NO, and the satellite-based estimation (R% = 0.632). A
higher correlation is observed between NO, and EDGAR (R? = 0.848),
likely due to EDGAR’s approach in compiling more emission sectors
than ODIAC, particularly the traffic, which is also a significant source of
NOs. These findings corroborate the reasonableness and accuracy of the
emission estimations.

In conclusion, our study demonstrated a feasible approach to pre-
cisely estimate CO, emissions using CO, column quantities obtained
from satellite observations. The findings carry substantial implications
for applications utilizing satellite observations on CO2 to monitor
anthropogenic CO, emissions at various scales. Even while character-
izing the real-world atmospheric dynamics based solely on the input
variables of this study may appear oversimplified, the atmospheric pa-
rameters included provide a meaningful representation of atmospheric
conditions, thereby making our approach easily adaptable to a world-
wide setting. Future availability of satellite data with finer spatial and
temporal resolutions holds great promise for enhancing our under-
standing and monitoring of global CO, emissions, ultimately contrib-
uting to environmental and climate studies.

It is worth mentioning that despite the minimal impact on anthro-
pogenic emissions, high-latitude regions are critical to global climate
systems, making enhanced data collection and analysis through methods
like data fusion a key focus for future research. To further advance this
field, research should leverage high-resolution satellite data to improve
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the precision of CO5 emission estimates and enhance the detection of
localized sources. Advances in machine learning and artificial intelli-
gence modelling algorithms will help address uncertainties and better
capture complex atmospheric dynamics, refining the accuracy of emis-
sion estimates. Additionally, integrating satellite observations with
ground-based sensors and aerial platforms will provide a more
comprehensive monitoring framework, significantly advancing emis-
sion monitoring and informing effective climate policies.
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