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Abstract: The tracking of carbon and aerosol co-emissions is essential for environmental management.
Satellite-based atmospheric synoptic observation networks provide large-scale and multifaceted data
to help resolve emission behaviors. This study employs a comprehensive analysis of atmospheric
dynamics, combustion byproducts, and aerosol characteristics around power plants. Strong corre-
lations between Aerosol Optical Depth (AOD) at 500 nm and the column-averaged dry-air mole
fraction of carbon dioxide (XCO2) were observed, revealing synchronous peaks in their emission
patterns. The investigation into combustion completeness utilized metrics such as the ratio of carbon
monoxide (CO)/XCO2 and Black Carbon Extinction (BCEXT)/Total Aerosol Extinction (TOTEXT).
Discrepancies in these ratios across cases suggest variations in combustion efficiency and aerosol
characteristics. Nitrogen dioxide (NO2) distributions closely mirrored XCO2, indicating consistent
emission patterns, while variations in sulfur dioxide (SO2) distributions implied differences in sulfide
content in the coal used. The influence of coal composition on AOD/XCO2 ratios was evident,
with sulfide content contributing to variations besides combustion efficiency. This multifactorial
analysis underscores the complex interplay of combustion completeness, aerosol composition, and
coal components in shaping the air quality around power stations. The findings highlight the need
for a nuanced understanding of these factors for effective air quality management.

Keywords: pollution emission; CO2 emission; satellite monitoring; pollution mitigation; emission reduction

1. Introduction

The urgent global imperative to address climate change has spurred innovative ap-
proaches aimed at comprehensively understanding and mitigating the impact of carbon
dioxide (CO2) emissions on our environment [1–8]. Carbon peak and carbon neutrality
have risen to prominence worldwide as guiding principles for climate action [9–13]. Si-
multaneously, carbon dioxide observations have emerged as a critical enabler in achieving
these ambitious goals [14–18].

One of the primary sources of anthropogenic carbon dioxide is burning fossil fuels.
This process is also among the most important sources of anthropogenic aerosols [19–22].
The combined monitoring of carbon dioxide and aerosols plays a crucial role in verifying
the features of complex emissions [23–25]. Numerous long-term projects have been initiated
to investigate aerosol properties, yielding substantial observational findings across various
scales. However, observations of carbon dioxide exhibit discontinuities in both spatial
and temporal dimensions. The aerosol observational results could significantly enhance
our understanding of carbon dioxide observations if a more precise correlation between
carbon dioxide and aerosols is revealed [26–28]. Previous research has identified signifi-
cant correlations between carbon monoxide and aerosol [29–31]. It indicates that carbon
dioxide and aerosols should have similar correlations. The existing research investigating

Remote Sens. 2024, 16, 1609. https://doi.org/10.3390/rs16091609 https://www.mdpi.com/journal/remotesensing

https://doi.org/10.3390/rs16091609
https://doi.org/10.3390/rs16091609
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0000-0001-6067-7978
https://orcid.org/0000-0002-1165-8233
https://doi.org/10.3390/rs16091609
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com/article/10.3390/rs16091609?type=check_update&version=2


Remote Sens. 2024, 16, 1609 2 of 11

the relationship between carbon dioxide and aerosols primarily relies on ground-based
data [32]. To ensure representative assessment with wide observation coverage, multi-
satellite datasets need to be employed to make it possible to track the emission of aerosols
and carbon dioxide around the coal-fired power plants, which are the main contributors to
complex emissions and air pollution [33,34].

The purpose of this study was to compare the emissions of CO2 and aerosols around
several coal-fired power plants to reveal their potential correlation. The correlations can be
employed to establish a relationship between the column-averaged dry-air mole fraction of
carbon dioxide (XCO2) and Aerosol Optical Depth (AOD), which has been extensively ob-
served and documented. Based on Orbiting Carbon Observatory-2 (OCO-2) and Himawari-
8 satellite observations, the emission enhancements of the XCO2 and AOD around the
power plants were obtained and found to be in good agreement. Utilizing pollutant gas
emissions monitored by Tropospheric Monitoring Instrument (TROPOMI) and combining
them with carbon data from Modern-Era Retrospective Analysis for Research and Applica-
tions, version 2 (MERRA-2), we synthetically analyzed the emission discrepancies and their
potential significance. Understanding the correlation between CO2 and aerosol emissions
from the same power plant will have significant benefits in helping us resolve the emission
characteristics and promote the goals of carbon neutrality and air quality improvement [35].

2. Data and Methods
2.1. Satellite Observations

OCO-2 is a satellite mission with the goal of studying the earth’s carbon cycle to help
atmospheric scientists better understand the sources and sinks of CO2 [36]. OCO-2 is part
of the National Aeronautics and Space Administration (NASA)’s Earth System Science
Pathfinder (ESSP) program and was launched on 2 July 2014 [37,38]. The satellite carries
a high-resolution spectrometer to measure the concentration of CO2 in the earth’s atmo-
sphere [39]. By monitoring the distribution of CO2 in the atmosphere, OCO-2 contributes
to our understanding of how greenhouse gases contribute to climate change and helps us
track and mitigate the impact of human activities on the global carbon cycle [40,41].

Himawari-8, the geostationary weather satellite operated by the Japan Meteorological
Agency (JMA), was launched into space in 2014. It is part of the Himawari series of satellites
and plays a crucial role in monitoring weather, atmospheric conditions, and climate in
the Asia–Pacific region. These satellites provide high-resolution, real-time imagery of the
earth’s surface and atmosphere from a geostationary orbit, which means they stay fixed
in the same position relative to the earth, allowing continuous monitoring of a specific
region. Himawari-8 is equipped with advanced sensors, including a multi-spectral imager
and a sounder, which provide data for weather forecasting and climate monitoring [42,43].
Himawari-8 has an AOD product (at 0.5 µm) derived from full-disk observations conducted
during the daytime. AOD is retrieved from the lookup table, which represents the theoret-
ical relationships between Advanced Himawari Imager (AHI) visible and near-infrared
reflectance and aerosol properties compiled from radiative transfer simulation.

The TROPOMI was co-funded by the European Space Agency (ESA) and the Nether-
lands and is a space-borne, nadir-viewing imaging spectrometer that covers wavelength
bands between ultraviolet and shortwave infrared [44,45]. It measures a range of trace
gases, including nitrogen dioxide (NO2), sulfur dioxide (SO2), and carbon monoxide (CO),
at fine spatial resolution with daily global coverage and is onboard the Sentinel-5 Precursor
satellite [46]. Because of their high resolution, this new generation of satellite instruments,
like TROPOMI, provides enough detail to contribute to air pollution and emission monitor-
ing at the regional and local scales [47]. In this study, the TROPOMI observational results
are utilized to analyze the combustion of coal together with the CO2 emission observed
by OCO-2.
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2.2. MERRA-2 Reanalysis Product

MERRA-2 (Modern-Era Retrospective Analysis for Research and Applications, ver-
sion 2) is a reanalysis dataset created by NASA that provides a comprehensive and consis-
tent record of the earth’s climate from the surface to the top of the atmosphere [48,49]. It
includes various atmospheric variables, including aerosol concentrations, and is widely
used by researchers and scientists for climate and environmental studies. MERRA-2 pro-
vides information on aerosol concentrations at different altitudes and in various regions
of the world. The Goddard Aerosol Assimilation System (GAAS) is used in MERRA-2.
GAAS includes 15 aerosol tracers (dust, sea salt, sulfate, and black and organic carbon)
whose lifetime is driven by prescribed sea-surface temperature and sea ice, daily volcanic
and biomass burning emissions, as well as high-resolution inventories of anthropogenic
emission sources [50,51].

2.3. Power Plant and Data Matching

According to the matching pattern between multiple sources of data, we identified
four examples to organize the analysis, corresponding to four coal-fired power plants.
The geolocation information of four coal-fired power plants in China is obtained from the
Global Power Plant Database (GPPD) [52], as listed in Table 1. The power plant selection
criteria are as follows: (1) Coal is the primary fuel. (2) The power plants are located less
than 10 km from the nearest OCO-2 orbits. Since the primary fuel of these four power
plants is coal, there will be many daily aerosols due to the complete combustion (organic
carbon aerosol) or incomplete combustion (black carbon aerosol) and carbon emissions
from these sites. They are ideal targets for studying the correlation between XCO2 and
aerosol emissions from individual power plants.

Table 1. The locations of the power plant cases in this study.

Number Name Location Primary Fuel

Case 1 (20 July 2020) Zouping Huineng
Thermal Power Co., Ltd. 117.86°E, 36.90°N Coal

Case 2 (22 May 2019) Datang Wuan Power
Generation Co., Ltd. 114.19°E, 36.82°N Coal

Case 3 (21 January 2019) Huaneng Baotou No. 1
power station Co., Ltd. 109.66°E, 40.66°N Coal

Case 4 (16 October 2021) Shanxi Shentou power
station Co., Ltd. 112.49°E, 39.55°N Coal

By analyzing the OCO-2 and Himawari-8 products, the orbit of OCO-2 can pass the
power plants occasionally. It is expected to simultaneously obtain the AOD retrievals from
Himawari-8 and the retrieved XCO2 located near the power plants. Thus, when the track of
OCO-2 was close to the power plant, we matched the time of the Himawari-8 with the time
of OCO-2 passing the power plant, and then matched the grid data of the Himawari-8 with
the latitude and longitude data of OCO-2. OCO-2 only has one orbit at a specific time and
location. Therefore, it cannot observe the same location continuously. Unlike the OCO-2,
Himawari-8 observations are continuous at specific points because it is a geostationary
satellite. Similarly, we matched the TROPOMI data for OCO-2. For the surface wind and
MERRA-2 data, we used the time at which OCO-2 passes the power plant as a matching
criterion, and it is worth noting that for the MERRA-2 data, no OCO-2 latitude/longitude
matching was performed. Instead, the data around the power plant were utilized for the
analysis. The data products mentioned above are shown in Table 2. In order to capture the
incremental portion of the data generated by the power plant, it is necessary to identify
the background baseline and then obtain the increments based on striking changes along
the baseline. We present a schematic representation of the background and increment
in Figure 1c. The distinct enhancement variation on the baseline allows us to identify
the location of the striking change and to identify the background and increment parts.
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The increment of MERRA data, including Black Carbon Extinction (BCEXT@550nm) and
Total Aerosol Extinction (TOTEXT@550 nm), is derived from the nine-point grid data
surrounding the power plant by subtracting the nine-point grid average from the center
grid data of the area in which the power plant is located.

Table 2. Observation and model products used for this study.

Satellite/Model Product Temporal Resolution Spatial Resolution (lon×lat) Quality Control

OCO-2 XCO2 / 1.29◦ × 2.25◦ quality_flag = 1
Himawari-8 AOD@500nm 10 min 0.05◦ × 0.05◦ confidence ≥ good
TROPOMI NO2, SO2 / 3.5× 5.5 km2 (3.5× 7 km2 before August 2019) qa_value > 0.5
TROPOMI CO / 7 × 5.5 km2 (7 × 7 km2 before August 2019) qa_value > 0.5
MERRA-2 BCEXT@550nm,

TOTEXT@550nm
60 min 0.625◦ × 0.5◦ /

ERA5 Wind@1000hPa 60 min 0.25◦ × 0.25◦ /

Figure 1. XCO2 (the column-averaged dry-air mole fraction of carbon dioxide) and AOD (aerosol
optical depth) at 500 nm over four different power stations: (a) Case 1: Zouping Huineng Thermo
Power Co., Ltd. (b) Case 2: Datang Wuan Power Generation Co., Ltd. (c) Case 3: Huaneng Baotou
No. 1 power station Co., Ltd. (d) Case 4: Shanxi Shentou power station Co., Ltd. Wind speed and
direction are overplotted to indicate the meteorological conditions around the power stations. Each
exact location of the power station is marked in yellow and centered on the color maps. The dotted
line represents the latitude position of the power plant. A schematic of the background and increment
is illustrated in Case 3.

3. Results and Discussion

Figure 1 illustrates the XCO2 and AOD at 500 nm across four distinct power stations,
as outlined in Table 1. The selected orbits of the OCO-2 closely align with the locations of
these power stations, enabling the accurate depiction of CO2 emitted from these facilities.
Notably, AODs at 500 nm exhibit strong correlations with XCO2 in all four instances.
The correlation coefficient is 0.73, 0.78, 0.63, and 0.71, respectively, from Figure 1a–d.

The influence of surrounding wind fields becomes apparent in the displacement of
areas with the highest XCO2 from the power stations. As depicted in Figure 1a, along the
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orbit, the pixels exhibiting the highest XCO2 are situated north of the power station due to
the prevailing south wind direction, guiding emitted CO2 in that direction. Intriguingly,
the scatter plot reveals a synchronous peak between AOD and XCO2. In cases 2 and 3,
the locations with the highest XCO2 are in closer proximity to the power stations. Case 2
experiences lower wind speeds and a more erratic wind direction compared to Case 1,
potentially impeding the transportation of CO2 and aerosols. In Case 3, despite high
wind speeds, the power station’s location in a valley constrains the dispersion of CO2
and aerosols.

The observed correlation between XCO2 and AOD is likely attributed to the varied
nature of coal combustion, encompassing both complete and incomplete processes. Distinct
combustion characteristics and coal components can contribute to divergent connections
between AOD and XCO2. In Figure 2, the backdrop of AOD and XCO2 has been subtracted
to scrutinize the association between the incremental changes in AOD and XCO2. This
deduction aims to isolate the specific relationship between the increase in AOD and the
corresponding rise in XCO2, providing a clearer understanding of their interdependence.

Figure 2. Increments of AOD (aerosol optical depth) and XCO2 (the column-averaged dry-air mole
fraction of carbon dioxide) for the four cases, as introduced in Figure 1. Colored lines indicate linear
fitting results.

In Figure 2, the correlation between the increase in AOD and the corresponding rise
in XCO2 is illustrated for the four power station cases. The increment is determined by
calculating the peak value around each power station and subtracting the background.
The background is determined by referencing values at the tails of the XCO2, as depicted in
Figure 1. Notably, for AOD, the observations are aligned with the OCO-2 orbits before the
background is computed. This approach ensures a precise calculation of the background
against which the AOD increments are assessed.

The ratio between the increment of AOD and the increment of XCO2 varies across
different cases, suggesting distinct post-combustion components. Drawing inspiration
from the study findings presented in [46], in which emission factors (EFs) of nitrogen oxides
(NOx) and CO served as indicators of combustion efficiency, our research aligns with this
approach. As depicted in Figure 2, case 3 exhibits the lowest AOD/XCO2 ratio, while case
4 has the highest. Notably, case 2’s ratio surpasses that of case 1. A higher ratio indicates a
greater increase in AOD relative to XCO2, implying more complete combustion. Conversely,
a lower ratio indicates reduced AOD alongside elevated CO2 emissions, suggesting either a
lack of aerosols from combustion or aerosol components with lower extinction coefficients.

The increase in AOD can be attributed to two primary factors: a rise in aerosol concen-
tration and alterations in the morphology and components of aerosols, represented by the
extinction coefficient of aerosols. Both scenarios can occur when combustion is incomplete.
However, tracking specific aerosol components or the distribution of extinction coefficients
in the column proves challenging. To investigate the completeness of combustion, the rela-
tionship between the increment of CO and the increment of XCO2 in Figure 3 is explored.
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The assumption here is that if combustion is complete, there will be minimal CO emitted
into the atmosphere. Consequently, the ratio of CO/XCO2 will be lower, and vice versa,
providing insights into the degree of combustion completeness.

Figure 3. Increments of CO (carbon monoxide) and XCO2 (the column-averaged dry-air mole fraction
of carbon dioxide) for the four cases. Colored lines indicate linear fitting results.

In Figure 3, case 4 has the lowest CO/XCO2 ratio and case 2 has the highest. We expect
to see that the CO/XCO2 ratios of the cases are proportional to the AOD/XCO2 ratios. How-
ever, the results are not aligned with the expectations. For example, case 4 has the largest
AOD/XCO2 ratio but has the least CO/XCO2 ratio. This indicates that the completeness of
combustion may not be the main reason for the different AOD/XCO2 ratios.

In Figure 4, the ratio between BCEXT and TOTEXT is presented, as calculated from the
MERRA-2 dataset. Interestingly, the cases with high (low) CO/XCO2 ratios do not align
consistently with those that have high (low) BCEXT/TOTEXT ratios. Case 2 stands out
with the highest BCEXT/TOTEXT ratio, and also with the highest CO/XCO2 ratio. Case
1 surpasses case 3 in BCEXT/TOTEXT and in CO/XCO2. The exception is case 4, which,
based on the CO/XCO2 ratio metric, indicates the most complete combustion. However,
according to the BCEXT/TOTEXT ratio metric, case 4’s result is higher than that of cases 1
and 3.

Figure 4. The ratio of BCEXT (black carbon extinction) to TOTEXT (total extinction) for the four cases.

In Figure 5, the distributions of two additional components, namely NO2 and SO2,
are presented alongside CO and CO2. This comprehensive view acknowledges that the
components emitted as a result of combustion extend beyond CO2 and CO. Analyzing the
presence of these additional components helps elucidate the potential composition of coal
used in the four power stations and provides insights into the reasons behind variations
in AOD changes and combustion completeness. The distributions of NO2 closely mirror
those of XCO2, suggesting a consistent emission pattern. However, the distributions of
SO2 exhibit considerable variation. While the peaks of SO2 roughly coincide with XCO2,
except for case 4, the remaining portions of the distributions display some discrepancies.
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This variation implies differences in the sulfide content of the coal used in the power
stations. Given the significance of SO2 in the formation of secondary organic aerosol (SOA),
this diversity in coal composition contributes to the observed differences in AOD/XCO2
ratios, underscoring the multifaceted factors influencing combustion outcomes.

Figure 5. Comparisons of the typical chemical compositions, XCO2 (the column-averaged dry-air
mole fraction of carbon dioxide), NO2 (nitrogen dioxide), SO2 (sulfur dioxide), and CO (carbon
monoxide) emitted by the four power plants. The dotted line represents the latitude position of the
power plant.

In Table 3, we calculated the Pearson correlation coefficients of the three gases with
XCO2 according to Figure 5. Our findings were consistent with Figure 5, indicating that
XCO2 and CO have the highest correlation coefficient, while XCO2 and SO2 exhibit the
most variation. One of the possible reasons for this is the existence of wavelength sensitivity
for ozone (O3). The SO2 absorption signature suffers from interference with the ozone
absorption spectrum [53]. The coal-fired power stations emit large amounts of nitrogen
oxides, contributing to rising ozone levels. Thus, the challenge of accurately monitoring
the SO2 around the coal-fired power stations has arisen.
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Table 3. Correlation coefficients between XCO2 (the column-averaged dry-air mole fraction of
carbon dioxide) and the three gases of NO2 (nitrogen dioxide), SO2 (sulfur dioxide) and CO (carbon
monoxide) profiled in Figure 5.

Case Number XCO2 − NO2 XCO2 − SO2 XCO2 − CO

Case 1 0.36 * 0.48 * 0.70 *
Case 2 0.71 * 0.82 * 0.84 *
Case 3 0.89 * 0.20 * 0.79 *
Case 4 0.84 * 0.18 * 0.83 *

* p < 0.05.

4. Conclusions

In this paper, we analyze the XCO2 derived from OCO-2 and AOD retrieved from
Himawari-8 around four coal-based power plants to explore the correlation between XCO2
and AOD. The results have unveiled a complex interplay of factors that influence air quality.
The robust correlation observed between AOD and XCO2 underlines the significance of
aerosol optical properties in understanding CO2 emissions.

Metrics such as the CO/XCO2 and BCEXT/TOTEXT ratios provided valuable insights
into combustion completeness. However, discrepancies in these ratios across cases indicated
that factors beyond combustion efficiency play a role, prompting a closer examination of
aerosol composition. The consistent distribution of NO2 with XCO2 suggested uniform
emission patterns, while variations in SO2 distributions indicated potential differences in
sulfide content within coal sources.

The intricate relationship between coal composition and AOD/XCO2 ratios further em-
phasized the need for a nuanced understanding of aerosol characteristics. Sulfide content,
which has implications for secondary organic aerosol formation, emerged as a significant
contributor to the observed variations. This multifactorial analysis underscores the com-
plex nature of air quality dynamics around power stations, necessitating a comprehensive
approach to effective management and mitigation strategies.

Aerosol optical depth observations have been globally deployed for approximately
two decades, encompassing both in situ and satellite data. The precision and coverage
of aerosol observations significantly surpass those of CO2. This study underscores the
potential to derive XCO2 from the obtained aerosol data:

AOD/XCO2 = f (degree of combustion, components of combustion emission)
XCO2 = AOD/f (degree of combustion, components of combustion emission).

where f represents a function intricately linked to both the degree of combustion and
the components constituting aerosols. The degree of combustion is quantifiable through
metrics such as CO/XCO2, providing a measurable indicator of combustion efficiency.
Simultaneously, discerning the components within combustion emissions involves a com-
prehensive analysis of the coal composition utilized in power stations. The intricate
interplay of these variables within function f enables a holistic understanding of the aerosol
dynamics and combustion characteristics under consideration.

The limitations of this study are as follows: (1) The number of power stations is
limited, so it is unable to reveal more details about how the degree of combustion and
the components of combustion emission affect the AOD/XCO2 ratios. (2) There is a lack
of black carbon extinction observations close to the chosen power plants. MERRA-2 data
are available, however, there are still large uncertainties associated with MERRA-2 data in
aerosol simulation [54–57].

In future studies, more power stations will be analyzed. Our research will contribute
to the growing body of knowledge on the intricate interactions that shape air quality,
providing valuable insights for policymakers and researchers engaged in the pursuit of
sustainable and efficient energy practices. More in situ observations will be incorporated
for comparison with the remote sensing results. The final functions linking the degree of
combustion and the components constituting aerosols are expected to be built for each
coal-fired power plant.
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