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Abstract

There is an urgent need to accurately detect the effects of climate change, which
causes a significant threat to human life. As climate change progresses,
transboundary air pollution pathways are expected to change globally. However,
observational evidence to support this remains limited. In this study, we analyzed long-
term satellite observations of aerosols, using anthropogenic aerosols as traces to
capture long-term changes in transboundary air pollution pathways associated with
climate change. The analysis focused on the Pacific region in the downwind area of
China, which is a major source of aerosol emissions. To offset the temporal changes
in China’s emissions, we proposed a new metric named Raop, which is defined as the
normalization of Aerosol Optical Depth (AOD) data by the AOD over coastal regions
of China. Our analysis revealed a clear exponential decrease in Raop values from
China towards the Pacific Ocean. Furthermore, the seasonal variations in atmospheric
transport fields are consistent with the slope of Raop. These findings indicate that it is
possible to detect long-term changes in the atmospheric transport fields by utilizing
anthropogenic aerosols as tracers. Additionally, we found the eastward transport
distance of aerosols has been shortened in recent decades. This trend can be
explained by a slight northward shift in transboundary air pollution pathways as climate
change progresses. Based on these findings, to enhance the detectability of variations
in transboundary air pollution pathways associated with climate change, we proposed
the continued use of long-term satellite observations and the Raop data derived from
those observations.
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Chapter 1. Introduction

Climate change is one of the most significant environmental challenges that
profoundly impact on our lives and leads to the severity of abnormal weather
events such as heatwaves, droughts, hurricanes, forest fires and floods.
According to the Sixth Assessment Report (AR6G) of the Intergovernmental
Panel on Climate Change (IPCC), there is unequivocal evidence that human

activities are the primary driver of climate change (IPCC, 2021).

Climate change is leading to an increase in extreme weather events, including
more frequent and severe heatwaves, storms, and irregular precipitation
patterns. Heatwaves are becoming more intense and longer, posing increasing
health risks. Heavy rainfall leads to floods that can devastate communities,
destroy infrastructure, and disrupt local economies. Conversely, areas with
reduced rainfall face prolonged drought conditions that threaten agriculture,
water supplies, and biodiversity. Patz et al. (2014) also discussed how climate
change directly affects health through increased frequency of heat waves and
extremes in the global hydrologic cycle, such as droughts (Douville et al., 2015),
floods, and heavy rainfalls. The IPCC ARG (IPCC, 2021) reports that human-
caused climate change has driven detectable changes in the global water cycle
since the mid-20th century, increasing precipitation intensity and

evapotranspiration, which contribute to drought conditions (Douville et al., 2015).

Aerosols, tiny particles suspended in the atmosphere, play a crucial role in
climate systems by influencing cloud formation, weather patterns (Ramanathan
and Carmichael, 2008), and the Earth's radiation balance. Meanwhile, many
studies focused not only on the effects of aerosols on human health, but also

1



on the effects on the Earth's climate through the absorbing and scattering of

sunlight and changes in cloud properties in atmospheric chemistry.

The interaction between aerosols and atmospheric transport is complex, as
climate change can modify both the sources of aerosols and the mechanisms
that transport them. For example, increased frequency and intensity of wildfires
due to higher temperatures can elevate aerosol concentrations, while changing
wind patterns can redistribute these particles over vast regions. Investigating
these interactions through satellite remote sensing and other observational
tools provides valuable insights into the broader impacts of climate change and
informs strategies for adaptation and mitigation. Among these, changes in
temperature, precipitation, and wind patterns alter the distribution and
movement of aerosols in the atmosphere, which in turn affects air quality,
weather patterns, and climate feedback mechanisms (Boucher, 2015).
Understanding how climate change influences these dynamics is essential for
predicting future environmental conditions and mitigating adverse effects on

human health and ecosystems (Mushtaq et al., 2022).

As climate change increases the frequency and intensity of extreme weather
events such as heatwaves, floods, and droughts, monitoring and analyzing
these changes not only helps assess threats to ecosystems and human health
but also reveals the complex roles of atmospheric components like aerosols in
the climate system. Therefore, there is an urgent need to detect the effects of

climate change quickly and accurately.



1.1. Scientific background

1.1.1. Climate change and global warming

Climate change refers to long-term changes in temperatures and weather
patterns. While these changes can occur naturally, influenced by factors such
as solar activity or major volcanic eruptions, human activities have become the
dominant cause since the 19th century. This is largely attributed to the extensive
use of fossil fuels, including coal, oil, and gases. According to the IPCC ARG,
the global average surface temperature has increased by an estimated 0.8°C
to 1.3°C, with a best estimate of 1.07°C, since the pre-industrial period (1850
1900) illustrated in Fig. 1.1(c) (IPCC, 2021). This warming is predominantly
driven by human activities, particularly the emission of well-mixed greenhouse
gases (GHGs), which alone contributed approximately 1.0°C to 2.0°C of
warming. About other human drivers, such as aerosol emissions, contributing
to a cooling effect of 0.0°C to 0.8°C. In contrast, natural drivers and internal
variability had comparatively minor effects to changed global surface

temperature, ranging from -0.1°C to +0.2°C.

If human activities and greenhouse gas emissions continue to rise at current
rates, global warming is projected to reach 1.5°C above pre-industrial levels
between 2030 and 2052. Such an increase would likely result in more severe
climate impacts, including heightened heatwaves, more frequent and intense
extreme precipitation events, and accelerated sea level rise, further

exacerbating the risks to ecosystems and human societies.

In this study, we discuss climate change as significant alterations in the global
climate resulting from the progression of global warming. Unlike natural
fluctuations, it is a phenomenon driven by human activities, leading to a rise in

the average temperature near the Earth's surface.
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fluorinated gases (HFCs, PFCs, SFe, NF3) (light blue). These emissions have
led to increases in the atmospheric concentrations of several GHGs including
the three major well-mixed GHGs CO2, CH4 and N2O (panel (b), annual values).
To indicate their relative importance each subpanel’s vertical extent for CO,
CHs and N2O is scaled to match the assessed individual direct effect (and, in
the case of CHi4 indirect effect via atmospheric chemistry impacts on
tropospheric ozone) of historical emissions on temperature change from 1850—
1900 to 2010-2019. This estimate arises from an assessment of effective
radiative forcing and climate sensitivity. The global surface temperature (shown
as annual anomalies from a 1850-1900 baseline) has increased by around
1.1°C since 1850-1900 (panel (c)). The vertical bar on the right shows the
estimated temperature (very likely range) during the warmest multi-century
period in at least the last 100,000 years, which occurred around 6500 years ago
during the current interglacial period (Holocene). Prior to that, the next most
recent warm period was about 125,000 years ago, when the assessed multi-
century temperature range [0.5°C—1.5°C] overlaps the observations of the most
recent decade. These past warm periods were caused by slow (multi-millennial)
orbital variations. Formal detection and attribution studies synthesise
information from climate models and observations and show that the best
estimate is that all the warming observed between 1850—-1900 and 2010-2019
is caused by humans (panel (d)). The panel shows temperature change
attributed to: total human influence; its decomposition into changes in GHG
concentrations and other human drivers (aerosols, ozone and land-use change
(land-use reflectance)); solar and volcanic drivers; and internal climate
variability. Whiskers show likely ranges. Cited from IPCC (2021a, 2021b): {WGI
SPMA.2.2, WGI Figure SPM.1, WGI Figure SPM.2, WGI TS2.2, WGI 2.1; WGIII
Figure SPM.1, WGIII A.ll1.11.2.5.1}



1.1.2. Climate change and aerosols

Aerosols, microscopic particles suspended in the atmosphere, play a
significant role in both weather and climate systems. These particles can
originate from natural sources such as volcanic eruptions, sea sprays, and dust
storms, or from human activities, referred to as anthropogenic sources,
including industrial emissions and vehicle exhausts (Li et al., 2017). Aerosols
vary widely in size, composition, and origin, influencing their interaction with
sunlight and their lifespan in the atmosphere. Aerosols are a key component of
the atmospheric system, influencing both weather and climate. The study of
aerosols and their effects on atmospheric radiation and climate is crucial for
understanding and predicting changes in the Earth's system. Research into
anthropogenic aerosols and their management is particularly important in the
context of global climate change and environmental sustainability (Satheesh &
Moorthy, 2005), highlighting the need for continued and detailed investigation

into these complex interactions.

Aerosols directly affect the climate by scattering and absorbing sunlight,
which can either cool or warm Earth's surface depending on their properties.
Indirectly, they influence the formation and properties of clouds. Aerosols act as
cloud condensation nuclei around which water vapor can condense to form
cloud droplets (Yu et al., 2013). This relationship between aerosols and clouds
alters cloud reflectivity, stability, and lifetime, impacting precipitation patterns
and climate (Lohmann, 2017). Understanding atmospheric radiation is another
essential aspect of studying aerosols. Atmospheric radiation involves
absorption, emission, and scattering of electromagnetic radiation by gases,
aerosols, and clouds in the atmosphere (Kushta et al., 2014). The radiation
balance is a critical component in climate models, as it involves the calculation
of incoming solar radiation and outgoing infrared radiation. This balance

determines the Earth’s temperature and climate. Aerosols complicate this



balance by affecting both the scattering of incoming solar radiation back into
space and the absorption of heat within the atmosphere (Che et al., 2022). Fig.
1.2 presents a depiction of Earth's radiation budget, expressed as percentages
of the solar constant (342 W m?2) at the atmosphere's upper boundary.
Approximately half of the incoming solar radiation manages to pass through
clouds and greenhouse gases to reach the Earth's surface. These same gases
and clouds then re-radiate a significant portion (equivalent to 88 units) of this
absorbed energy back towards the surface, which is a fundamental component
of the greenhouse effect mechanism. The extent of the greenhouse effect is
often gauged by the difference between the blackbody radiation emitted from
the Earth’s surface, which at an average temperature of 288 K amounts to 390
W m2, and the longwave radiation leaving the top of the atmosphere, here

depicted as 70 units or 239 W m2. Consequently, this difference is 151 W m2.

\ Incoming Solar Reflected Solar . *| Outgoing

Radiation (100) $\§ Radiation (30) Infrared

Total Energy Absorbed il Radiation (70)
and Infrared Re-emitted /- A
by Atmosphere (66) / "
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Fig. 1.2 Schematic of the Earth’s energy budget. Units are expressed as a
percentage of the total incident solar radiation, which is 342 W m. Cited
from SH Schneider et al. (1992) and McGuffie & Henderson-Sellers (2001).



1.1.3. Impacts of climate change on atmosphere, land, and oceans
Climate change has profound impacts on atmospheric dynamics and weather
patterns. It intensifies extreme weather events such as heavy rainfall,
hurricanes, and prolonged droughts, causing severe economic and social
disruptions. Increased greenhouse gas emissions trap more heat in the
atmosphere, leading to global warming, which enhances evaporation rates and
alters precipitation patterns (Nica et al., 2019). Observations show that globally
average precipitation over land has increased since the 1950s, with a sharper
rise since the 1980s due to human influence (IPCC, 2021). Mid-latitude storm
tracks have likely shifted poleward, altering weather systems and impacting
pollutant transport (Zheng et al., 2024). These changes affect relative humidity,
wind patterns, and precipitation variability, influencing aerosol distribution and

atmospheric chemistry (Liu et al., 2020).

Climate change significantly impacts terrestrial ecosystems and land-use
dynamics. Rising temperatures exacerbate soil dryness, intensify droughts, and
reduce agricultural productivity (Trenberth, 2005). Altered precipitation patterns
further stress water supplies, threatening food security and biodiversity.
Deforestation, a drive of increased carbon dioxide levels, limits the Earth’s
capacity to sequester greenhouse gases, accelerating warming (IPCC, 2021).
The poleward shift of climate zones, influenced by atmospheric circulation
changes, redefines habitats and alters vegetation patterns, affecting
ecosystems and human livelihoods (Mori et al., 2024). Land degradation,
combined with rising temperatures, contributes to desertification in vulnerable

regions and amplifies risks to human populations.

Climate change affects the ocean through increased temperatures, altered
salinity, and rising sea levels. Warming oceans contribute to stronger and more
frequent hurricanes and tropical storms, which devastate coastal areas and

marine ecosystems (IPCC, 2021). Human influence has likely contributed to
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observed changes in ocean salinity, with increased evaporation and altered
precipitation redistributing water masses (IPCC, 2021). Coral reefs and
mangroves, crucial for coastal protection and biodiversity, are at risk due to
rising temperatures and acidification, reducing their ability to buffer storm
surges (Guannel et al., 2016). Changes in ocean currents, driven by interactions
with atmospheric processes, further disrupt marine ecosystems and fisheries,

threatening food supplies for millions.

1.1.4. Variations in atmospheric transport fields under climate change
The atmospheric transport fields refer to the movement and redistribution of
substances such as aerosols, water vapor, and pollutants within the
atmosphere. Climate change significantly impacts the atmospheric transport
fields through its influence on atmospheric circulation patterns. While
atmospheric circulation refers to the large-scale patterns of air movement driven
by differential heating, the Earth's rotation, and dynamic atmospheric processes
(Lorenz et al., 1955), the atmospheric transport fields focus on how these
movements govern the distribution and flow of substances. Climate changes
directly impact on the transport of energy, moisture, and pollutants by altering
key circulation features, such as wind speed, direction, and pressure gradients.
Forinstance, wind patterns can dramatically influence the transport of pollutants
across continents and oceans (Liu et al., 2020; Damiani et al., 2020). Shifts in
jet streams or the weakening of polar vortices due to global warming (Holton et
al., 2004) can significantly alter pollutant dispersion, long-range aerosol

transport, and the frequency of transboundary pollution events.

Two key studies have explored how climate change influences atmospheric
transport fields. Firstly, the shifting of mid-latitude storm tracks is a notable
impact of climate change on atmospheric circulation patterns. The IPCC ARG
reports that since the mid-20th century, extratropical storm tracks have been

9



shifting poleward, particularly in both hemispheres since the 1980s, largely
driven by human activities such as greenhouse gas emissions and ozone
depletion (Shaw et al., 2016; Allan et al., 2020). For example, the Southern
Annular Mode is closely related to these shifts in the Southern Hemisphere, with
stratospheric ozone depletion and greenhouse gas increases being key
contributors (Shaw et al., 2016). Fig. 1.3 shows a clear poleward shift in zonal
wind speeds in the mid-latitudes (approximately 30° to 60°), indicating that the
extratropical jets, which are high-speed wind bands, are progressively moving
towards the poles. This shift is observed across different seasons in both the
Northern and Southern Hemispheres, indicating a global trend. Additionally,
previous studies by Manney et al. (2014) suggest a poleward shift of the
tropospheric extratropical jets in all seasons (Fig. 1.4). This poleward shift of
the Northern Hemispheres (NH) subtropical jet is broadly apparent over a wide
longitude range but is weakly evident in the zonal mean. In the NH, over the
eastern Pacific, the subtropical jet shifted equatorward in winter. Changes in
NH high-latitude jet frequency are largely consistent with an equatorward shift
of the polar jet. The NH subtropical jet shifts poleward in winter over Asia and
in fall over the western Pacific, while a strong equatorward shift is observed in

winter over the eastern Pacific.

Secondly, atmosphere-ocean coupling plays a significant role in amplifying
atmospheric variability in mid to high-latitude regions which amplifies the
meandering of the westerly jet stream in mid- to high-latitude regions. Fig. 1.5
shows that the interaction between the atmosphere and ocean intensifies
wintertime variability, particularly in the Northern Hemisphere’s key regions,
such as the North Pacific, North Atlantic, and northern Eurasia. Mori et al. (2024)
found that atmosphere-ocean coupling selectively enhances certain large-scale
teleconnection patterns, such as the Pacific-North American pattern and the

North Atlantic Oscillation, thereby amplifying their influence on atmospheric

10



variability. A

large-scale numerical

climate simulation

revealed that

atmosphere-ocean coupling explains approximately 13%, 11%, and 10% of the

variability in the Pacific-North American pattern, the North Atlantic Oscillation,

and the Arctic warming-midlatitude cooling pattern, respectively.
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Fig. 1.3 Trends in ERA5 zonal-mean zonal wind speed. Shown are (a) DJF

(December—January—February);
(June—July—August);

and (d)

SON

(b) MAM (March—April-May); (c) JJA
(September—October—November).

Climatological zonal winds during the data period are shown in solid contour
lines for westerly winds and in dashed lines for easterly. Trends are
calculated using OLS regression with significance assessed following AR (1)
adjustment after Santer et al. (2008) (‘x’ marks denote non-significant

trends). Cited from IPCC (2021a), Chapter 2, Figure 2.18.
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Fig. 1.4 Climatological jet frequency distributions are presented as
percentages, with maps on the left and cross sections on the right.
Differences between distributions in the first and last 10 years of the record
are shown at the bottom of the figures, expressed in percentage points from
the MERRA-2 reanalysis for DJF. Overlaid black contours indicate
climatological frequency levels of 15%, 30%, and 45% on the maps, and
2%, 3%, and 4% on the cross sections. Cited from Manney et al. (2014).
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Fig. 1.5 Variance of DJF-mean anomalies for Z500 (a, in m?) and SLP (b, in
hPa?) from the C-run. Panels (c) and (d) show the variance difference in
Z500 and SLP between the C- and A-runs (C-run minus A-run), with hatched
areas indicating statistical confidence exceeding the 95% level, based on a
two-sided F-test. Panels (e) and (f) display the same differences as in (c)
and (d) but reconstructed from the three leading EOT modes of Z500
variability, with color shading applied only where statistical confidence
surpasses the 95% threshold according to a two-sided F-test. Cited from
Mori et al. (2024).
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1.1.5. Changes in transboundary air pollution pathway associated with
climate change

1.1.5.1. Transboundary air pollution

Transboundary air pollution is a process where airborne pollutants cross
national borders and impact distant regions (Narita et al.,, 2019; Keeley &
Yisheng, 2011; Gu et al., 2024). This issue is a growing concern globally, with
profound health and environmental effects. East Asia is a classic example,
where pollutants from China are transported by winds to nearby nations,
including Japan (Lu et al., 2011; Jion et al., 2023). Oanh et al. (2012) have

confirmed the transboundary air pollution to Japan through trajectory analysis.

Japan, especially the city Fukuoka which located in western Japan regularly
encounters transboundary pollution chiefly due to its closeness to China, a
major source of industrial pollutants (Hosono et al., 2022; Jafari et al., 2021;
Yim et al., 2019; Yoshino et al., 2021). Fig. 1.6 shows the variation of NO2 and
Os over time, distinguishing between local pollution levels in Fukuoka and
contributions from transboundary pollution. The study examined the impact of
transboundary air pollution and local air pollution on Fukuoka's air quality during
the winter of 2018. During the period of transboundary air pollution,
concentrations of most pollutants, including NOx and particulate matter, were
elevated, while during the period of local air pollution, these pollutants were
lower. However, ozone levels were higher during the transboundary air pollution
period, suggesting that it was transported from outside the city, primarily from

the Asian continent.

Several factors contribute to the significant transboundary pollution from China
to Japan. The East Asian monsoon and prevailing westerlies are crucial in
carrying pollutants across the region (Hosono et al., 2022; Zhong et al., 2013).
The prevailing westerlies from the China continent towards Japan, most

prominently from late winter to early spring (Hosono et al., 2022). The Pacific
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region between China and Japan serves as a unique open-source pathway for
transboundary pollution, providing insight into using anthropogenic aerosols as
tracers to detect changes in atmospheric transport patterns associated with

climate change.
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Fig. 1.6 Transboundary air pollution impacts on Fukuoka, Japan. Cited from
Yoshino et al. (2021).
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1.1.5.2. Air pollution and China’s emission

Air pollution is the introduction of harmful substances into the atmosphere that
are detrimental to living organisms and the environment (Li et al., 2023; Xu et
al., 2023). This issue has become more prevalent with the rise of industrial
activities and increased numbers of vehicles on the road (Epstein et al., 2011).
Key pollutants include particulate matter, nitrogen oxides, sulfur dioxide, volatile
organic compounds, and carbon monoxide, arising from multiple sources
including industrial activities, vehicle emissions, burning fossil fuels, and
farming practices. The consequences of air pollution are widespread and
significant. It can harm human health, leading to respiratory problems,
cardiovascular disease, and early mortality (Babu and Aravinth, 2022).
Ecologically, it may result in acid rain, nutrient overload in water systems, and
damage to wildlife habitats (Sutton et al., 2019; Pereira et al., 2021).
Economically, the health impacts of pollution lead to greater medical expenses
and reduced worker productivity (Zhou et al., 2024). Air pollution levels in
major cities worldwide for the year 2022. The average concentration of PMa s,
which serves as an indicator of air quality, in comparison to the World Health
Organization (WHO)'s guidelines. Cities such as Cairo, Dubai, and Mumbai are
highlighted for their notably high PM. s levels, which surpass WHO guidelines

several times.

In East Asia, China is a major contributor to air pollution, a consequence of its
swift industrial expansion and urbanization. Large Chinese cities frequently
endure heavy smog incidents that present significant health hazards to their
populous (Vennemo et al., 2009). Many research efforts have been undertaken
to analyze the air quality in China, exploring pollutant sources, how economic
growth influences air quality, and how pollution moves between countries
(Gardner, 2018). Studies on air pollution in China have prompted various

initiatives and changes in policy, aiming to enhance air quality. These include
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enacting more rigorous emission regulations, encouraging the adoption of

renewable energy, and investing in technologies to control pollution.

China is a major contributor of air pollution over East Asian, primarily driven by
rapid economic growth and anthropogenic activities, including fossil fuel
combustion and long-range transboundary of air pollutants, including sulfur
dioxide (SO.), nitrogen oxides (NOx), and particulate matter (PM25), adversely
affecting air quality both within the country and in neighboring regions (Shi et
al., 2022; Huang et al., 2020; Jyethi, 2016). Recognizing the serve situation of
air pollution, the Chinese government implemented the Clean Air Action in 2013,
aimed at drastically reducing pollutant emissions. Anthropogenic emissions
from China were reduced by 62 % for SO2, 17 % for NOx, and 35 % for PM2s
from 2010 to 2017. These rates of emission reduction significantly accelerated
after 2013, largely due to China's Clean Air Action (Zheng et al., 2018).

These substantial reductions in aerosol emissions have notable climatic
implications. According to a study by Samset et al. (2018), globally and in three
selected aerosol emission regions (Europe, East Asia, and the U.S.), the
temperature change over land due to GHG warming is 30% stronger than the
global mean. However, aerosol emission reductions result in a 50% stronger
land temperature increase than the global average, consistent with previous
findings (Shindell, 2014). The major aerosol emission regions exhibit even
higher ratios under aerosol removal, primarily due to significant reductions in
local sulfate-induced cooling. East Asia shows a much stronger response to
aerosol reductions. The study found that precipitation in East Asia increases by
15% per °C of warming due to aerosol reductions (Samset et al., 2018). This
indicates that East Asia is a region where extreme precipitation is particularly
sensitive to reductions in aerosol emissions. Given the substantial reduction in

anthropogenic emissions from China, our study focuses on anthropogenic
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aerosols from China to further investigate this phenomenon and its climatic

impacts.

Although air quality in China has improved since 2013, the country remains a
significant source of anthropogenic emissions in East Asia. Japan, located
downwind of China, frequently experiences air pollution that originate from its
neighbor (Ryu et al., 2024). These transboundary pollution events are
influenced by specific atmospheric conditions such as prevailing westerlies over
the Pacific Ocean, which efficiently carry pollutants from China to Japan and
other countries in East Asia (Li et al., 2016; Yamashita et al., 2017). The
pathways of transboundary air pollution are particularly pronounced downwind
of the Pacific from China. This region has been selected as our study area due
to its unique open ocean area, which can effectively capture the transport

phenomenon with minimal influence from human activities.

1.1.5.3. Impacts of climate change on transboundary air pollution
pathway

Climate change is closely connected to the variation in transboundary air
pollution. The atmosphere's ability to retain pollutants, such as aerosols, for
extended periods increases due to global warming. Increased atmospheric
stability allows pollutants to travel further before settling, worsening
transboundary air pollution issues. The IPCC notes that this process is expected
to intensify with continued global warming, facilitating the long-range transport
of pollutants across borders and over vast regions (IPCC, 2021). Regions
situated downwind of major pollution sources, especially industrial zones, are
particularly vulnerable to the resulting air quality deterioration. Chakraborty et
al. (2021) documented significant air quality decline in areas downwind from
industrial emissions, where pollutants originating far away heighten local
environmental health risks. This situation is becoming more common as
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emissions from rapidly industrializing nations combine with those from
established industrial regions (Abas et al., 2019), creating complex

transboundary air pollution patterns.

Fig. 1.7 from the study provides an insightful visualization of the climatological
distribution of column tracer mass during both winter (DJF) and summer (JJA)
across different regions, including East Asia, Europe, and North America. The
figure indicated the critical role of midlatitude jet stream variations in modulating
the long-range transport of air pollutants into the Arctic. For example, panels (b)
and (c) highlight the significant transport from East Asia (EA) and Europe (EUR)
during winter. The white arrows in the DJF plots show that strong eastward
winds and a southward shift of the jet stream facilitate the poleward transport of
pollutants. The high tracer concentrations in the Arctic during winter (seen in
panels a—g) are directly influenced by the position of the midlatitude jet stream.
It has been revealed that the variability of the mid-latitude jet stream significantly
affects the year-to-year fluctuations in the long-range transport of atmospheric

pollutants to the Arctic, thereby impacting the Arctic climate.

As climate change progresses, the distribution of aerosols indirectly reflects
the impact of climate change by affecting local and global air quality dynamics.
Therefore, the study of aerosols is indispensable when studying the effect of

climate change.
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Fig. 1.7 Climatological distribution of column tracer mass (in kg m2) for both
winter (a—g) and summer (h—n) across various regions: Global (GLB), East Asia
(EA), Europe (EUR), North America (NAM), Tibetan Plateau & South Asia
(TPSA), Middle East (ME), and Central Asia & Siberia (CAS). White arrows
indicate the climatological wind patterns at the 500 hPa level, with the arrow
scaling provided in the bottom right of panels (g) and (n) (units: m/s). The purple
circle marks the Arctic boundary at 70°N latitude. Cited from Zheng et al. (2024).
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1.2. Research challenges

Previous studies have shown that climate change impacts atmospheric
circulation patterns. For instance, Fig. 1.3 from the IPCC ARG analyzes westerly
wind speed trends, with contour lines representing wind speed and the color
bar indicating decadal trends. The horizontal axis represents latitude. The figure
suggests that as climate change progresses, the mid-latitude jet stream is
shifting poleward. Other research has shown that westerly meanders are
amplified by air-sea interactions in mid-to-high latitudes (Fig. 1.5) and that
changes in the mid-latitude jet stream significantly affect long-range transport
of air pollutants to the Arctic (Fig. 1.7). As climate change progresses further, it
is suggested that changes in atmospheric circulation patterns will alter
atmospheric transport fields, consequently affecting the distribution of aerosols

and transboundary air pollution.

By considering aerosols as tracers and observing changes in their distribution,
we might be able to capture changes in atmospheric transport fields associated
with climate change. This insight suggests that long-term aerosol data, such as
AOD, could potentially be used as a tracer for observing the meteorological

conditions.

However, previous studies have mainly relied on reanalysis data or models,
with limited use of observation-based methods to evaluate the effects of climate
change. While model simulations have been predominantly used, they have
proven insufficient for understanding the complex interactions between
aerosols and climate change (Wang et al., 2003; Wu et al., 2020). Observational
data is vital for validating and improving these model outputs. Studies by Cao
et al. (2023) and Park et al. (2023) have highlighted the critical role of
observational data, including satellite-derived AOD measurements, in
confirming and refining model predictions. Gao et al. (2022) similarly noted that

models may fail to accurately capture the climate effects of aerosol mixing
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states without integrating observational data. These studies highlight the
necessity of observational data showing the impact of climate change on

atmospheric phenomena clearly.

Due to the current lack of sufficient observational evidence showing the effects
of climate change, this study aims to detect the transboundary air pollution
variation associated with climate change using observational aerosol data as a

tracer.

1.3. Purpose

Climate change is causing extreme weather events and posing serious threats
to human life. According to the ARG of the IPCC, there is unequivocal evidence
that human activities are the primary driver of climate change, underscoring the
urgent need for accurate detection of its impacts. The ARG further reports that
as climate change progresses, the mid-latitude temperate jet streams are
shifting poleward. As climate change progresses, changes in atmospheric
transport fields in the mid-latitude regions have been reported. Variations in
atmospheric transport fields influence the distribution of aerosols and are
expected to change transboundary air pollution pathways globally. Although
future climate change predictions have been made, there is a possibility that
climate change will become more severe than predicted, so it is essential to
detect climate change quickly and accurately. However, observational evidence

to support this remains limited.

In this study, we aim to clarify the detectability of transboundary air pollution
pathway variations associated with climate change using anthropogenic

aerosols.
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1.4. Paper structure

Chapter 1 provides an introduction, highlighting the challenges caused by
climate change and the purpose of the study, which aims to clarify the possibility
of detecting climate change impacts using aerosol satellite remote sensing.
Chapter 2 reviews the principles and methods of aerosol satellite observations,
including satellite observations of aerosols, especially MODIS, and their
limitations. It provides a comprehensive overview of AOD retrieval methods, the
MODIS DT-ocean algorithm, and discusses future perspectives in satellite
observation technologies. Chapter 3 describes the reanalysis and climate
model datasets used in this study, focusing on MERRA-2 and SPRINTARS.
Also, the algorithms applied to aerosol transport and AOD calculations in each
dataset have been introduced. Chapters 4 to 6 of this thesis are based on the
paper of Cai et al. (2024). These chapters include an analysis of AOD trends in
East Asia, the proposal of a new metric, and an evaluation of atmospheric
transport variability over 19 years. Chapter 7 examines the transboundary air

pollution pathway variations in recent decades.
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Chapter 2. Satellite observations of aerosols

This chapter introduces satellite-based aerosol monitoring, with a particular
focus on Moderate Resolution Imaging Spectroradiometer (MODIS) onboard
NASA'’s Terra and Aqua satellites. Additionally, the theory of Aerosol Optical
Depth (AOD) is presented. The chapter highlights the MODIS aerosol retrieval
methods, emphasizing the Dark Target (DT) algorithm for ocean observations.
This algorithm utilizes spectral reflectance data to distinguish aerosols from
surface and atmospheric signals. Key advancements include improved cloud
masking, and a wind speed-dependent adjustment introduced in Collection 6
(C6).

2.1. Satellite observations of aerosols

Aerosol monitoring has greatly benefited from a range of satellite missions,
each offering unique perspectives and techniques to observe aerosols in the
atmosphere. Among these, NASA's Terra and Aqua satellites equipped with the
MODIS are particularly notable for their contributions to long-term aerosol
monitoring. MODIS provides AOD data, a dimensionless parameter that
measures the extent to which aerosol particles in the atmosphere absorb or
scatter solar radiation. This metric quantifies the attenuation of sunlight as it
passes through the atmosphere and is essential for understanding the global

distribution, variability, and trends in aerosol concentrations (Hao et al., 2023).

In addition to MODIS, several other satellite missions have advanced aerosol
research. The European Space Agency's Sentinel-5P, equipped with the
TROPOspheric Monitoring Instrument (TROPOMI), provides high-resolution
data on aerosols and trace gases, enhancing our understanding of air quality

and pollution sources. Similarly, NASA's Multi-angle Imaging
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SpectroRadiometer (MISR) onboard the Terra satellite offers multi-angle
observations, enabling detailed characterization of aerosol properties and
vertical distributions (Hao et al., 2023).

The Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observation
(CALIPSO), a joint mission by NASA and the French space agency CNES,
employs lidar technology to provide vertical profiles of aerosols and clouds.
Furthermore, CALIPSQO’s vertical profiling capabilities have enabled detailed
studies of aerosol transport mechanisms, such as how pollution from Asia can
be transported across the Pacific Ocean, affecting air quality and climate in
North America (Kondragunta & Zhu, 2024). It also helps elucidate the
interactions between aerosols and clouds. Similarly, MISR's multi-angle data
has offered insights into aerosol size distribution and composition, enhancing
the ability to distinguish between types of aerosols such as dust, smoke, and
urban pollution (Schumacher et al., 2024; Zeydan & Yildirim, 2024).

Among the diverse satellite missions, MODIS stands out for its longevity and
data consistency. Since 2003, MODIS AOD data from the Terra and Aqua
satellites have provided an unparalleled long-term record of aerosol
observations. This extensive dataset allows for comprehensive analyses of the
spatial and temporal variations in aerosol concentrations over the past two
decades. It is particularly valuable for identifying trends linked to natural and
anthropogenic factors, such as wildfires, dust storms, industrial emissions, and

biomass burning (Hao et al., 2023).

Another major advantage of MODIS is its broad spatial coverage, offering
near-daily global observations of aerosol distributions. The application of
MODIS data in aerosol research has proven critical for climate modeling and air
quality assessments. For example, researchers have used MODIS data to
explore the impacts of aerosols on radiative forcing, cloud interactions, and

climate feedback mechanisms (Hao et al., 2023).
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Compared to other satellite missions, such as TROPOMI and MISR, which
provide high-resolution or multi-angle observations, MODIS remains a
cornerstone for long-term global aerosol monitoring due to its robust data
continuity, wide spatial coverage, and well-documented data quality (Xia et al.,
2023). These features make MODIS the preferred choice for studies requiring
consistent, long-term datasets, particularly those focused on trends in aerosol

concentrations and their effects on climate and air quality.

Given the long-term availability and consistency of MODIS AOD data, this
study mainly used MODIS AOD data to detect the impacts of aerosols on
climate change. By considering aerosols as tracers, this study aims to detect
the impacts of climate change from observational data, providing crucial insights

into climate variability and its broader environmental implications.

2.2. MODIS

MODIS is an instrument mounted on NASA's Terra and Aqua satellites. It plays
a vital role in monitoring the Earth’s surface and atmosphere, delivering
comprehensive data with global coverage. Specifically designed to capture the
intensity of solar radiation that is reflected and emitted by the Earth, MODIS
operates across a broad spectral range, from 410 nm to 14385 nm, divided into
36 bands (Table 2.1) and covering a vast 2330 km swath (Justice et al., 2002).

For aerosol monitoring, MODIS uses its capabilities to measure AOD at 550
nm with a spatial resolution of 10 x10 km. The MODIS AOD 550 nm data for
band 4 (Table 2.1) used in this study were obtained from the Level-2 monthly
Atmospheric Aerosol Product, specifically the MOD04 L2 and MYDO04_L2
collections, updated to Collection 6.1 for improved data processing and
algorithm refinement. Each MODO04_L2 product file covers a five-minute time

interval. These Level-2 AOD products were retrieved using the Dark Target (DT)
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and Deep Blue (DB) algorithms (Hsu et al., 2004; Levy et al., 2013). In this study,
we used only oceanic Level-2 AOD data retrieved with the DT algorithm. More
details about the MODIS AOD retrieval method are provided in Section 2.3.2.

The long-term data collection from 2003 to 2021 by MODIS has indeed
provided a rich dataset extensively utilized by researchers to analyze
atmospheric aerosol concentrations and their effects on climate change,
metrological fields condition. These studies reveal how human activities, and
natural phenomena influence global atmospheric conditions. For instance,
research has highlighted the influence of aerosols on climate change and their
role in air quality degradation, impacting human health and the environment
across regions like Australia (Yang et al., 2021) and Asia (Jin et al., 2023). By
utilizing the value of MODIS data can enhance understanding of the spatial
distribution and temporal evolution of aerosols, offering essential insights into

the pattern of aerosol variation on a global scale.
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Table 2.1 The main wavelength bands of the MODIS sensor. Cited from Remer
et al. (2002).

Band Primary use Wavelength (nm) Spatial
resolution
1 Land / Cloud / 620-670 (Visible spectrum, red) 50m
2 Aerosol Boundaries 841-876 (Near-infrared)
3 459-479 (Visible spectrum, blue)
4 545-565 (Visible spectrum,
green)
~ Land/Cloud/ 1230-1250 (Short-wavelength
> Aerosol infrared) 500m
" Properties 16281652 (Short-wavelength
° infrared)
- 2105-2155 (Short-wavelength
! infrared)
8~36 Below, omitted 1000m

2.3. Aerosol retrieval methods

MODIS employs advanced algorithms to retrieve aerosol properties over
diverse surfaces. The fundamental assumption is that in a clear-sky (cloud-free)
scenario, the solar radiation backscattered by aerosols exhibits distinct spectral
characteristics compared to the Earth's surface or atmospheric molecules. By
analyzing multiple wavelength bands in the visible (VIS), near-infrared (NIR),
and shortwave-infrared (SWIR) regions, it is possible to retrieve the aerosol

signature and deduce their physical properties within the scene.

The MODIS AOD retrieval algorithm relies on the instrument's multi-spectral

capabilities and precomputed lookup tables (LUTs) to infer aerosol properties
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from top-of-atmosphere (TOA) reflectance measurements. Using data collected
in clear-sky conditions, MODIS distinguishes aerosol signals based on spectral
differences between the Earth’s surface, atmospheric molecules, and aerosols.
Two retrieval methods are implemented depending on surface types: the DT
and DB algorithm. There are two DT algorithms for retrieving (1) over ocean
(dark in visible and longer wavelengths) and (2) over vegetated/ dark-soiled
land (dark in the visible). The DB algorithm is designed for bright surfaces, such
as deserts and arid land. In this study, we only used the open ocean MODIS
AQOD data, so the DT-ocean algorithm will be introduced in detail. This section
discusses the theory of AOD and DT-ocean algorithm of MODIS aerosol
retrieval based on Levy et al. (2009b, 2013), Remer et al. (2005, 2008, 2012)
and Martins et al. (2002).

2.3.1. AOD

AQOD is a crucial physical parameter for characterizing aerosols and a key
factor in evaluating transboundary air pollution and climatic change. Aerosols
play a significant role in atmospheric science as they affect the earth's energy
balance and can influence weather patterns and climate (Wang, J. 2003; Gu et
al., 2018; Che et al., 2019).

Meteorological conditions, such as temperature, wind patterns, and humidity,
are crucial in determining the distribution of aerosols within the atmosphere.
Studies like those by Ratnam et al. (2021) have shown that these
meteorological parameters significantly impact AOD variability. Moreover,
research by Che et al. (2019) demonstrated that meteorological parameters
accounted for a larger fraction of AOD variability (20.4%—72.8%) compared to
emissions from human activities (0%—56%) during 1980-2014 (Fig. 2.1).
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Horizontal gradients of aerosols significantly affect cloud formation and
precipitation in the atmosphere. These gradients can lead to changes in
weather patterns across different scales, from local to global. According to
Leung et al. (2023), thermal circulation, driven by temperature differences, can
further enhance the transportation of aerosols, altering their spatial distribution

and movement.

Understanding the influence of aerosols on climate and weather is particularly
important for studying horizontal AOD gradients, which can offer insights into
how climate change is altering meteorological fields and affecting
transboundary air pollution pathways. However, our current understanding of
the impact of climate change on these meteorological fields is still limited.
Future climate phenomena, such as El Nifio, could significantly affect global

weather patterns and, consequently, aerosol distributions (Gan et al., 2023).
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Fig. 2.1 The (Lindeman, Merenda and Gold) LMG method estimated the
relative contributions (%) of total variances in a stepwise multiple linear
regression model, comparing local emission factors (left bars) and
meteorological variables (right bars) across 12 regions during three
periods: (a) 1980-1997, (b) 1998-2014, and (c) 1980-2014.
Meteorological parameters were grouped by temperature, geopotential
height, relative humidity, vertical velocity, and wind speed. Cited from Che
et al. (2019).
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2.3.1.1. Extinction coefficient

To understand the theory of AOD, it is necessary to first introduce the concept
of the extinction coefficient, which requires a clear understanding of the

definitions of absorption and scattering cross-sections. The aerosol absorption
coefficient (o, ,,) and the scattering cross-sections (b;,;,) can be calculated

as follow, according to (Bohren et al., 2008):

N

Oagar = Zi=B1 niba,a,i,/'L (21 )
N

Osal = Zi=B1 nibs,a,i,/'L (22)

where o,,, is aerosol absorption coefficient, o;,, is aerosol scattering
coefficient, n; is the number concentration of aerosol of given size (particles

cm ), Nz is number of aerosol sizes, b,,;, is effective absorption cross

section of a single aerosol particle, and by, ;, is effective scattering cross
section of a single aerosol particle.
The absorption and scattering coefficients are defined for spherical aerosol

particles. The optical properties are integrated over the size distribution n(r),

and without normalization by the total volume or mass of particles, the scattering

and absorption cross-sections are combined to obtain the scattering («*“*) and

absorption coefficients («??) (unit m™") as follows (Boucher, 2015):

05¢% = fooo nr2Q5*(r)n(r)dr
(2.3)
oS — fooo mr2Qs(rn(r)dr

where o5 s scattering coefficients, o%’*
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size distribution, Q¢ is scattering cross-sections, and Q%S is absorption
cross-sections. Moreover, the extinction coefficient (o) is defined to
encompass both absorption and scattering phenomena, thereby providing a
comprehensive measure of the total attenuation of light by aerosol particles in

the atmosphere as follow:

o.ext — O.sca + O.abs (24)

2.3.1.2. Lambert-Beer Law

Aerosols released into the atmosphere from both human activities (such as
vehicles and industry) and natural events (like fires and sandstorms) impact
human health, decrease visibility, and alter the Earth's radiation budget. AOD
serves as a crucial parameter for assessing the impact of aerosols on the
Earth's radiation balance and climate. Research indicates that atmospheric
aerosols play a significant role in the Earth's radiative balance, both directly by
scattering and absorbing solar radiation and indirectly by affecting cloud
properties (Li et al., 2022). Additionally, aerosols influence global climate
systems and are considered important in climate modeling and prediction due
to their role in radiative forcing (IPCC, 2021). The radiative impact of aerosols
in the atmosphere is indeed significant, as they alter the Earth's energy balance
by scattering and absorbing sunlight. This scattering typically cools the climate
by reflecting sunlight back into space, while absorption tends to warm it by
retaining heat within the atmosphere. These interactions influence both the local
and global climatic conditions and are crucial in the study of climate change.
For instance, the scattering and absorbing properties of aerosols are crucial for
understanding their direct radiative effects, which can directly change Earth’s

surface and atmospheric temperature. These changes may lead to local
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circulation alterations and influence convective activity (Myhre et al., 2013).
Additionally, the aerosol scattering, absorption, and extinction coefficients,
which describe these optical properties, are essential metrics in atmospheric
science. The relationship between aerosol concentrations and their optical
properties is often described by the Beer-Lambert Law. This law establishes a
linear correlation between the concentration of a solution, its molar absorption
coefficient, and the optical path length, which together determine the
absorbance. This principle enables the determination of a solution’s
concentration by measuring its absorbance, highlighting a direct correlation
between the amount of light absorbed and the properties of the solution through
which it passes (Mamouei et al., 2021). For monochromatic light transmitted
through a medium, with an incident intensity of I, and transmitted intensity of
I (Fig. 2.2). The integral of the extinction coefficient (6¢**) over the vertical

column defines the AOD (t,,;), following from the Lambert-Beer law:

nli=-— [y oo = —Tox (2.5)

Iy

where [ is transmitted light, I, is incident light, a¢** is extinction coefficient,
and 7., is AOD.
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Fig. 2.2 Attenuation of the incident radiance I, due to absorption and
scattering by a particle. I, is the initial light intensity, and I is the light intensity
after transmission when passes through the particle at wavelength A. The
aerosol scattering and absorption are shown in orange arrows and blue circles,

denoted by 6@ (scattering coefficients) and %’ (absorption coefficients).

2.3.2. MODIS DT-ocean algorithm

The original MODIS file, called Level 0 (LO), represents raw sensor counts,
which are organized into scans as Level 1A (L1A). Level 1B (L1B) contains
calibrated data that provides geolocated radiances or reflectance. These L1B
data identified as product MOD02 and MODO3 for Terra and MYDO02 and
MYDO3 for Aqua (Levy et al., 2009). These L1B data serve as inputs for the DT
algorithm, corrected for gaseous absorption and molecular scattering (Levy et
al.,, 2013). Level 2 (L2) includes derived geophysical products in 5-minute
granules, while Level 3 (L3) provides aggregated daily or monthly statistics on
a 1°x1° latitude/longitude grid. Data processing follows a linear sequence (LO
— L1A — L1B — L2 — L3), with some L2 products used as inputs for others.
All MODIS data are stored in HDF format and are labeled as MODXX (Terra) or
MYDXX (Aqua).
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The DT algorithm was designed to utilize the distinctive reflectance properties
of aerosols and their interaction with "dark" surfaces in the blue channel (470
nm) and red channel (670 nm) of visible and NIR spectral range (2100 nm).
Over oceans, the surface reflectance is minimal in these wavelengths, providing
strong contrast for aerosol detection. The core assumptions of the DT algorithm
include surface reflectance and aerosol signals have distinct spectral patterns,
enabling differentiation and aerosol optical properties and size distributions are

modeled within predefined LUTSs.

2.3.2.1. Input data

The DT-ocean algorithm is a robust method for retrieving aerosol properties
over ocean surfaces, utilizing the unique optical characteristics of aerosols and
the inherently low reflectance of ocean surfaces in visible and SWIR
wavelengths. The process begins with the preparation of input data, where
MODIS L1B radiances are calibrated and geolocated to derive reflectance (Levy

et al., 2013). These reflectance (pA1) are computed as follow (Levy et al., 2007)

pr=—T02 (2.6)

~ Fgzcos(8))

where L, represents the measured spectral radiance, F,, is the solar

irradiance, and 6, is the solar zenith angle. To improve the signal-to-noise ratio
and reduce variability, the data are spatially aggregated from their
native 1x1 km resolution into 10x10 km grids, which consist of 20x20 pixels.
This aggregation not only ensures statistical robustness but also balances

spatial coverage and retrieval precision. Ancillary data, such as atmospheric
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profiles of water vapor and ozone from the National Centers for Environmental
Prediction (NCEP) GDAS and MODIS cloud masks (MOD35 L2), are

integrated to support the retrieval process.

2.3.2.2. Cloud masking

Cloud masking is implemented using a spatial variability approach, where the
algorithm distinguishes clouds from aerosols based on their differences in
spatial reflectance patterns. Clouds typically exhibit higher spatial variability in
reflectance over small scales compared to the more uniform reflectance of
aerosols. This distinction is quantified by calculating the standard deviation of
reflectance over 3x3-pixel blocks (3x3-STD) and applying a threshold in VIS

and SWIR channels (Martins et al.,2002) to separate clouds from aerosols.

For each 500 m resolution pixel, the algorithm evaluates two tests to determine
its cloud status. One is VIS test (Levy et al., 2013), which include the reflectance

at 0.47 um (p, 47) the standard deviation of reflectance across a 3x3-pixel box

Po.47

at 0.55 ym (0, 55), and the reflectance ratio of 0.47 ym to 0.65 pm (—=). A pixel

Po.65

is classified as “cloudy” if it exhibits high reflectance (p,,4; > 0.4), significant

spatial variability (o, > 0.0025), or does not display the spectral signature of

brown dust (% < 0.75).
0

.65

To detect high-altitude cirrus clouds, the algorithm applies SWIR tests (Levy et
al., 2013) using data at 1 km resolution. These tests analyze the absolute
reflectance at 1.38 ym (p, 3g) and its ratio to the reflectance at 1.24 uym (p, 35
Ip1,4) to identify cirrus-specific spectral features, as described by Gao et al.

(2002). The 1 km pixel (four 500m pixels) is considered as “cloudy” if p; 35 >
0.03). If (0.005 < p;35 < 0.03), ratio test is applied. If (? > 0.30), the pixel is
1.24

also considered cloudy. If the pixel is determined to be "not cloudy," the
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algorithm performs an additional check for potential residual cirrus. Specifically,

if ( 0.005 < p;35 <0.03 and 22138 < 030 and pyes > 1.5pn 29" the

P1.24

presence of cirrus is classified as ambiguous. In this situation, the pixel is
retained, but the quality assurance confidence (QAC) value for the entire

MODIS retrieval box is reduced.

Due to high water vapor levels over tropical oceans, the internal SWIR cirrus
detection algorithm may fail to mask high and thin cirrus clouds. Thermal
infrared (IR) tests (Levy et al., 2013) from the upstream MODIS cloud mask file
(MxD35_L2) are utilized: the "Thin Cirrus (IR) Test" (Bit 11), the "High Cloud
(6.7 um) Test" (Bit 15), and the "IR Temperature Difference Test" (Bit 18). If any
of these IR tests indicate cloud presence, a 2x2 grid of 500-meter pixels
(corresponding to one 1-km MxD35 pixel) is marked as "cloudy," excluding it
from aerosol retrieval. However, during the C6 of MODIS, the Bit 18 test was
relaxed to reduce false cirrus detections. While this approach aimed to avoid
targeting ambiguous cirrus clouds for cloud retrieval, it also led to increased

cirrus contamination in aerosol retrieval.

The combined effect of a weakened MxD35 test and a strengthened internal
NIR test is a slight reduction in aerosol coverage over mid-latitude oceans
compared to Collection 5 (C5). As shown in a granule observed over the Pacific
by Aqua on January 1, 2010 (Fig. 2.3), the AOD magnitude decreases slightly
over the western tropical Pacific. Conversely, AOD increases slightly in regions
with heavy aerosol plumes, such as dust from the Sahara, off Siberia's coast,

and volcanic emissions from Hawaii.
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Fig. 2.3 Granule observed over the Pacific Ocean by MODIS/Aqua on January
1, 2010, at 22:25 UTC. The top left panel shows a true-color (RGB) image of
the scene, sourced from modis-atmos.gsfc.nasa.gov. Panels (b) and (c) present
the retrieved high-quality AOD at 0.55 pm (QAC = 1 over ocean) without and
with the updated 1.38 um cloud mask test, respectively. Panel (d) highlights
cirrus-contaminated pixels removed over the ocean. Cited from Levy et. (2013).
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2.3.2.3. Sediment masking

For sediment masking, the algorithm uses reflectance thresholds to exclude
shallow water regions and areas influenced by bottom sediments. These
thresholds are informed by the distinctive optical properties of sediments, which
typically exhibit higher reflectance than clear water. In addition, the process
incorporates geographic land/sea masks to differentiate between oceanic and
terrestrial regions. Supplementary tests, such as verifying the spectral

consistency of aerosol signals, further refine the sediment masking process.

The integration of these methods ensures that only pixels representing clear
atmospheric and surface conditions are used in the aerosol retrieval process.
The selected pixels are then subjected to corrections for atmospheric gas
absorption (e.g., water vapor, ozone), ensuring that the final reflectance values
accurately represent the conditions required for reliable AOD inversion. By
minimizing residual contamination from clouds and sediments, the algorithm

achieves a robust framework for global aerosol monitoring.

2.3.2.4. Spectral reflectance fitting
The next phase involves comparing observed TOA reflectance with modeled
reflectance stored in LUTs. These LUTs contain precomputed radiative transfer
solutions that simulate atmospheric and surface optical properties under
various conditions of aerosol types, concentrations, and viewing geometries.

The modeled TOA reflectance (Levy et al., 2007) is expressed as:

Pmodr = Patma T+ T/lpsurf,/'l (27)

where is the atmospheric path reflectance, T, is total transmittance, and

psurra 1S the surface reflectance. Nine aerosol models are employed, each
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representing a distinct aerosol type and size distribution, categorized into fine
and coarse modes. Observed reflectance at six wavelengths (0.55, 0.65, 0.86,
1.24, 1.63, and 2.11 ym) are matched to these LUTs, and the retrieval process
involves an inversion of the spectral fitting. The algorithm iteratively adjusts
AQOD and fine mode fraction (FMF) to minimize the residual error (Remer et al.,
2005 and Levy et al., 2007), defined as:

€ = Zl(pobs,l - pmod,ﬂ)z (28)

where € is squares spectral fitting error, p,,s; is spectral reflectance of

observations, and p,,,4, is modeled TOA reflectance. This process identifies

the optimal combination of aerosol models and parameters that best represent
the observed reflectance. The retrieved parameters include the total AOD at
0.55 uym, which quantifies the column-integrated aerosol extinction, and the

FMF, indicating the proportion of AOD attributable to fine-mode aerosols.

2.3.2.5. Quality control and validation

The algorithm incorporates a rigorous quality control mechanism to assess the
reliability of each retrieval. Quality Assurance (QA) confidence flags are
assigned based on the residual error and consistency of the spectral fitting. The
accuracy of the retrievals is validated against ground-based AERONET
observations, ensuring that the retrieved AOD typically falls within the expected
uncertainty of A7 = +£0.03 + 0.057 over ocean (Remer et al., 2005). Validated
products are then output at resolutions of 10x10 km for standard global

coverage and 3x3 km for areas requiring higher spatial detail.

The DT algorithm has been refined over successive MODIS Collection 6, with

improvements in cloud masking, aerosol modeling, and resolution. Its strengths
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include high accuracy in retrieving AOD, with an uncertainty of +(0.03 + 5%t)
over oceans and +(0.05 + 15%7t) over land (Levy et al., 2013). Global daily
coverage, supporting applications in climate research, air quality monitoring,

and atmospheric correction for other remote sensing products.

2.3.2.6. Wind speed dependence over ocean

This section highlights improvements in aerosol retrieval accuracy over
oceans by incorporating wind speed dependence into the MODIS DT-ocean
algorithm. Previously, the C5 algorithm assumed a constant wind speed of 6
m/s, which led to systematic biases globally, particularly in regions with
significant wind variability. Studies, such as those by Zhang and Reid (2010)
and Kleidman et al. (2012), identified errors related to incorrect wind speed
assumptions, especially near glint regions where the surface reflects sunlight

directly to the sensor.

To address these issues, the C6 algorithm introduced wind speed variability
into the retrieval process. It uses wind speed data from NCEP analyses and
incorporates a dynamic interpolation step in the LUT to account for actual wind
speeds ranging from 2 m/s to 14 m/s. The updates help capture the effects of
wind-driven surface roughness, foam, and glint patterns. The new approach
significantly reduces global AOD biases over oceans, particularly in high-wind
regions like the Southern Ocean and near glint zones. By diffusing glitter
patterns and adapting to local wind conditions, the C6 algorithm improves the

accuracy and robustness of MODIS oceanic aerosol retrievals.
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2.4. Future satellite observation plans

Future satellite observation plans aim to enhance our understanding of
aerosols and their impact on the Earth system. Japan’s major Earth observation
satellites, such as the Global Change Observation Mission (GCOM) series,
GOSAT series, Himawari series, and Advanced Land Observing Satellite
(ALOS) series, will play a pivotal role in continuing Earth observations. Notably,
the successful launch of the ALOS-4 satellite on July 1, 2024, represents a
significant advancement in Earth monitoring. ALOS-4, equipped with advanced
synthetic aperture radar (SAR) technology, provides high-resolution data on
land deformation, vegetation, and disaster monitoring, further enriching the
global satellite observation network. These satellites collectively contribute
critical data on atmospheric composition, climate variability, and land-ocean

interactions, aiding both scientific research and societal applications.

Complementing satellite observations, advanced methodologies like
numerical simulations and data science techniques will be utilized to analyze
and integrate diverse datasets. These approaches will enable a more
comprehensive understanding of aerosol behavior and their interactions with
climate and air quality. For example, integrating high-resolution satellite data
with climate models can improve predictions of aerosol transport and their

effects on regional weather patterns.

Additionally, future missions are expected to incorporate advanced
instruments for higher-resolution and multi-dimensional observations. Such
developments will further improve the detection and characterization of
aerosols, including their vertical distribution, optical properties, and sources. By
leveraging these advancements, including the enhanced capabilities of
satellites like ALOS-4, researchers aim to address pressing environmental

challenges and contribute to a safer and more sustainable Earth.
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Chapter 3. Reanalysis and climate model data

This chapter provides a comprehensive overview of the reanalysis dataset
Modern-Era Retrospective analysis for Research and Applications, Version 2
(MERRA-2) and the climate model dataset The Spectral Radiation-Transport
Model for Aerosol Species, version 6.1.0 (SPRINTARS) utilized in this study. It
introduces the theoretical foundations of AOD, including the Beer-Lambert Law,
based on key texts by Bohren et al. (2008) and Boucher et al. (2015). The
chapter further introduced the methodologies of AOD retrieval in each dataset
in section 3.1.3 and section 3.2.3. And data sources, and processing techniques
applied in the reanalysis and climate model, with specific focus on aerosol

transport, assimilation processes, and AOD calculations.

3.1. Reanalysis datasets (MERRA-2)
MERRA-2, developed by NASA's Global Modeling and Assimilation Office

(GMAO), combines observational data from various sources into a global
atmospheric reanalysis that provides a comprehensive and consistent record of
Earth's atmosphere. This MERRA-2 dataset was created using the Goddard
Earth Observing System Model, Version 5 (GEOS-5), and enhanced by the
Goddard Chemistry Aerosol Radiation and Transport model (GOCART),
effectively simulates complex atmospheric processes (Chin et al., 2002; Gelaro
et al., 2017). The spatial resolution of MERRA-2 is 0.625°x0.5° (Bosilovich et
al., 2016).

The MERRA-2 system generates 3-hourly analyses and structured data
outputs, including both directly observable parameters and complex aerosol
diagnostics that are challenging to observe on a global scale. These outputs

have a wide range of applications, from air quality predictions to research on
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interactions between aerosols and climate or weather (Bocquet et al., 2015).
The system utilizes an analysis splitting technique (Randles et al., 2017) for
assimilating AOD at 550 nm, beginning with a two-dimensional analysis based
on error covariances from innovation data. Subsequently, these horizontal
increments are extended vertically and across different species using an
ensemble approach. AOD data are derived from several platforms: 1)
reflectance from AVHRR (Advanced Very High-Resolution Radiometer)
covering ocean-only regions from 1979-2002 (Heidinger et al., 2002), 2)
reflectance from MODIS on the Terra (since 2000) and Aqua (since 2002)
(Table 3.1) satellites (Remer et al., 2005; Levy et al., 2007), 3) AOD retrievals
from MISR for bright, desert regions from 2000-2014 (Kahn et al., 2005), and
4) direct AOD measurements from the ground-based AERONET from 1999-
2014 (Holben et al., 1998). Particularly after 2002, MODIS contributes the
majority of AOD observations used in MERRA-2, complemented by AVHRR
reflectance prior to 2000. Both MODIS and AVHRR derive AOD from cloud-
cleared reflectance, employing a neural net process trained with AERONET
(Aerosol Robotics Network) data (Randles et al., 2017).

Since MERRA-2 incorporates observation data from various platforms,
including MODIS sensors aboard the Terra and Aqua satellites starting from
2003 (Fig. 3.1), a well correspondence between MERRA-2 and MODIS AODs
is expected (Che et al., 2019). MODIS provides clear-sky data and filters certain
values (such as clouds) when retrieving AOD. Considering limitations in the
amount of data and continuity, the AOD data from the MERRA-2 dataset was
utilized in this study. Specifically, MERRA-2 AOD data for various components,
including sea salt AOD, sulfate AOD, BC (Black Carbon) AOD, OC (Organic
Carbon) AOD, and dust AOD were also utilized in this study. Additionally, to
examine the spatial distribution and trend of AOD data, we adjusted the MODIS
AOD data resolution to match the resolution of MERRA-2, which is 0.625°x0.5°
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by using the "nearest neighbor method". Fig. 3.2 shows the time series of
analyzed AOD from the MERRA-2 area averaged over (a) South and East Asia,
(b) northern Africa, and (c) the Amazon basin in South America. The
contribution of each aerosol species to the total AOD is indicated by the colored
shading. The seasonal cycles of dust and biomass burning (carbonaceous)
AOD are apparent. Large increases in sulfate aerosol occur in all regions after
the ElI Chichén (1982) and Mount Pinatubo (1991) volcanic eruptions. The
analysis captures high carbonaceous aerosol associated with the 2003 Siberian

fires and the increasing trend in AOD between the late 1990s and the present
(Fig. 3.2 (a)).

The MERRA-2 data were acquired from the Giovanni NASA website
(https://giovanni.gsfc.nasa.gov/giovanni/). Monthly data on AOD at 550 nm, sea
salt AOD at 550 nm, wind speed (m/s), and direction at 500 hPa were analyzed
for the period 2003 to 2023 in this study.
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Table 3.1 MERRA-2 AOD Observing System. Cited from Randles et al. (2016).

Sensor Temporal Coverage Description
PATMOS-x radiances
AVHRR NNR? 1980 — August 2002 over ocean only (PM
orbit)
AERONET®® Station dependent AQD from land station

Multi-angle Imaging
Spectro Radiometer
(MISR)®

MODIS Terra NNR?

MODIS Aqua NNR?

(1999 — October 2014)

February 2000 — June
2014

March 2000 — onwards
(NRTY)

August 2002 — onwards
(NRTY)

network

AOD over bright land
surfaces only (albedo >
0.15)

Collection 5 “Dark
Target” land and ocean
radiances (AM orbit)

Collection 5 “Dark
Target” land and ocean
radiances (PM orbit)

aNNR refers to Neural Net Retrieval algorithm that computes AERONET-

calibrated AOD from radiances.
PAERONET AOD is converted to 550 nm using an Angstrom-based.

interpolation and AOD reported at adjacent channels (500 and 675, typically).

“We do not bias-correct AERONET or MISR AOD.
dMODIS data is available in Near Real Time (NRT).
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Global Number of Observations per Month by Sensor

W AVHRR
25/ 11 MODO
s MODL
201 mmm MISR
1 AERONET
MYDO
== MYDL

# Obs [Millions]

|
il ik g
U

~
oooooooooooooooooooooooooooooo
R - E S+ ol AT Ay () A Sy e ., SO . S oL L) CO S S oy . Er R R S
~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~

Fig. 3.1 The total global monthly number of observations from various sources,
where NNR denotes the bias-corrected neural net retrieved Aerosol Optical
Depth (AOD). It includes data from AVHRR NNR, MODIS Terra over land
(MODL NNR) and ocean (MODO NNR), MODIS Aqua over land (MYDL NNR)
and ocean (MYDO NNR), MISR over bright surfaces such as deserts, and
AERONET. Cited from Randles et al. (2016).
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Fig. 3.2 Time series of area-weighted AOD from the MERRA-2 over major
aerosol source regions: (a) South and East Asia (5°-55°N, 65°-160°W), (b)
northern Africa (2.5°S-30°N, 45°W-15°E), and (c) the Amazon basin in South
America (20°S-7.5°N, 80°-30°W). The total AOD (thick black line) is the
contributions from sea salt (blue), dust (yellow), carbonaceous (black), organic

1981 1985 1989 1993 1997 2001 2005 2009 2013

carbon (green), and sulfate (gray) AOD. Cited from Gelaro et al. (2017).
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3.1.1. Aerosol module

The GOCART (Chin et al., 2002; Colarco et al., 2010) aerosol module in
MERRA-2 serves as a critical component for simulating aerosols and their
interactions within the Earth system. GOCART treats several types of aerosols,
including dust, sea salt, sulfate, black carbon, and organic carbon, with sources
ranging from wind-driven emissions and fossil fuel combustion to biomass
burning and volcanic activity. Secondary aerosols, such as sulfate, are
produced through chemical processes like the oxidation of sulfur dioxide. The
module divides the particle size distributions of dust and sea salt into five distinct
bins (Colarco et al., 2010) and tracks other species in both hydrophobic and
hydrophilic modes. Aerosol removal mechanisms include dry deposition, wet
scavenging, and convective processes, while hygroscopic growth, driven by
ambient humidity, is incorporated into calculations of particle deposition and
optical properties. As radiatively active particles, these aerosols influence
energy balance, with their optical properties derived from Mie-theory. GOCART
uses observationally constrained emissions datasets, such as AeroCom and
QFED, integrated seamlessly into the GEOS-5 system for online aerosol
simulations. It has been widely applied in Observing System Simulation
Experiments (OSSEs), field campaign support (e.g., ARCTAS and SEAC4RS),
and studies of aerosol-climate interactions and environmental feedback,
providing a robust framework for understanding aerosol processes and their

global impacts.

3.1.2. Emission datasets
MERRA-2 incorporates numerous satellite observation datasets. Table 3.2
summarizes the full set of input observations assimilated in MERRA-2, with

detailed descriptions available in McCarty et al. (2016).

Table 3.3 provides an overview of the emission sources for various aerosol
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types modeled by the GOCART aerosol module in MERRA-2. Temporal
variations in emissions, both annual and monthly, are handled through linear
interpolation, while the datasets are adjusted to match the native model grid

using conservative re-gridding techniques.

Emissions are categorized into natural sources, biomass burning, and
anthropogenic activities. Natural emissions include dust and sea salt, both
driven by wind speed, and volcanic sulfur dioxide (SO2), which is injected at
varying altitudes depending on eruption intensity (Diehl et al., 2012). Since
MERRA-2 does not include eruptive volcanic activity after 2010, this study does
not account for the impact of volcanic eruptions when using MERRA-2 data.
Biogenic emissions, such as organic aerosols from vegetation and marine
dimethyl sulfide (DMS), contribute to organic carbon and sulfate aerosols.
Biomass burning emissions are time-resolved differently across periods, with
monthly means used before 2010 and daily variations, thereafter, capturing

intense vertical mixing within the planetary boundary layer.

Anthropogenic emissions, derived from datasets like EDGAR and AeroCom,
include SO, primary sulfate, black carbon, and organic carbon from industrial,
residential, and transportation sectors. Following 2008, anthropogenic SO>
emissions are assumed to remain constant, with 2008 emission levels being
reused (European Comission, 2011). These emissions are spatially and
temporally detailed, with processes such as linear interpolation ensuring
compatibility with the model's native grid. This section highlights the integration
of comprehensive datasets and methodologies to accurately represent aerosol

emissions and their variability over time and space in the MERRA-2 system.
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Tabel. 3.2 Observation data and sources assimilated in MERRA-2. Bold font
indicates observation types that were not absorbed by MERRA but were used
in MERRA-2. Cited from Gelaro et al. (2017).

Data type

MERRA-2 dates

Source

Raob, pibal, and dropsonde

AIREP, PIREP, ASDAR,
and MDCRS aircraft

PAOB

Surface land

Surface ship and buoy

Wind profiler
NEXRAD VAD wind

GMS, MTSAT, and Himawari
atmospheric motion vector

Meteosat atmospheric motion vector

GOES atmospheric motion vector

AVHRR atmospheric motion vector

SSM/T surface wind speed

ERS-1 surface wind vector

ERS-2 surface wind vector

QuikSCAT surface wind vector

MODIS atmospheric motion vector

SSMIS surface wind speed

WindSat surface wind vector

ASCAT surface wind vector

SBUV and SBUV/2 ozone
SSM/T rain rate

TMI rain rate

MLS temperature

MLS ozone

OMI total column ozone

GPSRO bending angle

TOVS

SSM/T

ATOVS (NOAA-15, NOAA-16, NOAA-17,
and NOAA-18)

GOES sounder (GOES-8, GOES-10, GOES-11,
and GOES-12 low resolution)

AMSU-A (Aqua)

AIRS

GOES sounder (GOES-11, GOES-12, GOES-13,
and GOES-15 full resolution)

ATOVS (NOAA-19, MetOp-A, and MetOp-B)

TASI

ATMS

SEVIRI

CrIS

Conventional
1 Jan 1980—-present
1 Jan 1980—-present

1 Jan 1980-17 Aug 2010
1 Jan 1980-present
1 Jan 1980-present

Ground-based remotely sensed

14 May 1992-present
16 Jun 1997—-present

Satellite-derived wind

1 Jan 1980-present

1 Jan 1980-present

1 Jan 1980-present

1 Oct 1982—-present

9 Jul 19874 Nov 2009

5 Aug 1991-21 May 1996
19 Mar 1996-29 Mar 2011
19 Jul 1999-22 Nov 2009

2 Jul 2002—-present

23 Oct 2003-29 Oct 2013

13 Aug 20074 Aug 2012
15 Sep 2008-present

Satellite retrieved

1 Jan 1980-31 Sep 2004
9 Jul 1987-16 Sep 2009
1 Jan 1998-8 Apr 2015
13 Aug 2004-present

1 Oct 2004-present

1 Oct 2004-present

Radio occultation

14 July 2004-present

Satellite radiance

1 Jan 1980-10 Oct 2006
9 Jul 1987-4 Nov 2009
21 Jul 1998-present

24 Apr 2001-31 Mar 2007

1 Sep 2002-present
1 Sep 2002—present
1 Apr 2007—-present

21 May 2007-present
17 Sep 2008-present
16 Nov 2011-present
15 Feb 2012-present
7 Apr 2012-present

See Rienecker et al. (2011)
NCEP, ECMWF, and IMA

BoM
NCEP
ICOADS

UCAR and NCEP
NCEP

NCEP and IMA

NCEP and EUMETSAT
NCEP

CIMSS

RSS

ESA

ESA

JPL

CIMSS and NCEP
RSS

NCEP

NCEP

NASA GES DISC
NASA GES DISC
NASA GES DISC
NASA GES DISC
NASA GES DISC
NASA GES DISC

NCAR and NCEP

NCAR and NESDIS
RSS
NESDIS

NCEP and NESDIS

NASA GES DISC
NASA GES DISC
NESDIS

NESDIS
NESDIS
NESDIS
NESDIS
NESDIS
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Tabel. 3.3 Emissions dataset used in MERRA-2. Cited from Randles et al.
(2016).

Aerosol Type Source Temporal Resolution Spatial Resolution®#

Dust Wind-driven emissions w/Ginoux et al. (2001) Model 0.3125°% 0.25°¢
static topographic depression map

Sea Salt Wind-driven emissions Model Model

Volcanic (SO,) AeroCom Phase IT (HCAO v2; Diehl et al., 2012) Daily degassing (1980 — onwards) Point-sources

and daily eruptive (1980 — 2010)

Biogenic terpene Guenther et al. (1995) Monthly-mean climatology 2°% 2.5

Di-Methyl Sulfide (DMS) Lana et al. (2011) Monthly-mean climatology 1°% 1°

Biomass Burning (SO,, SO4, POM, and BC) scaled RETROv2 (Duncan et al., 2003) Monthly-varying (1980 — 1996) 0.3125°x 0.25
scaled GFEDv3.1 (Randerson et al., 2006) Monthly-varying (1997 — 2010) 0.3125%x 0.25
QFED 2.4-r6 (Darmenov and da Silva, 2015) Daily-varying (2010 — onwards) 0.3125°x 0.25

Anthropogenic SO, EDGARv4.2 (Energy + Non-Energy) Annually-varying (1980 — 2008) 0.1°% 0.1°
(European Comission, 2011)

Anthropogenic SO, POM, and BC AeroCom Phase II (HCAO v1; Diehl et al., 2012)  Annually-varying (1980 — 2006) 1°x 1°

International Ships SO, EDGARv4.1 (European Commission, 2010) Annually-varying (1980 — 2005) 1% 1°

International Ships SO4, POM, and BC AeroCom Phase II (HCAO v1; Diehl et al., 2012) Annually-varying (1980 — 2007) 1°% 1°

Aircraft SO, AeroCom Phase 11 (HCAO v1; Diehl et al., 2012) Monthly-varying (1980 — 2006) 1 1.25%% 72-levels

* Model = MERRA-2 time-step of 30 minutes with spatial resolution of 0.5 latitude x 0.625° longitude.

b Jatitude x longitude
¢ Resolution is for source map (Ginoux et al., 2001); wind-driven emissions at model time-step and grid.

3.1.3. Aerosol assimilation

The aerosol assimilation in MERRA-2 integrates observations and modeling
to improve aerosol representations in the reanalysis system. This process is
carried out using the Goddard Aerosol Assimilation System (GAAS), which
constrains simulated AOD based on observed data (Randles et al., 2016).
Observations from various sources, including MODIS, MISR, AVHRR, and
AERONET, are assimilated after bias correction using a neural net retrieval
method. The assimilation operates on a cubed-sphere grid at eight synoptic
times per day, utilizing a two-step process: a two-dimensional AOD analysis
and subsequent three-dimensional aerosol mass mixing ratio adjustment. Local
Displacement Ensembles (LDEs) are used to address errors in aerosol plume

locations, enhancing the vertical and spatial distribution of aerosol species.

The system accounts for observation and model errors, with quality checks to
ensure data consistency. Observations are processed to reduce biases and
standardize retrievals across multiple sensors. Innovation statistics, such as

observation minus forecast (O-F) and observation minus analysis (O-A), are
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evaluated to assess the assimilation's performance, showing improvements in

aerosol representation after assimilation

In the GEOS-5/GOCART model, AOD is calculated as a column-integrated

property using the following formula:
AOD =3, xi X boy ;(RH) X 0, (3.1)

where xi represents the concentration of 15 aerosol species, including dust (in

5 size bins), sea salt (in 5 size bins), hydrophobic and hydrophilic BC, OC, and
S03~. The extinction coefficient b,,.;(RH) is species-specific and derived from

Mie theory, varying with relative humidity (RH), which affects the optical
properties of aerosols. d, is the vertical layer thickness, ensuring proper
integration of aerosol concentrations and extinction coefficients throughout the
atmospheric column. The assimilation in MERRA-2 constrains the simulated
AOD based on the forecasted aerosol speciation and vertical distribution.

However, LDEs may slightly affect the strict validity of the calculation.

Firstly, the AOD analysis in GEOS-5 is conducted using analysis splitting.
Every 3 hours, a 2-D analysis of AOD is performed, utilizing error covariances
derived from innovation data based on the maximum-likelihood method of Dee
and da Silva (1999). This process combines observational data with model
forecasts to adjust the forecasted AOD by incorporating observed AOD and
their associated uncertainties through a two-dimensional analysis algorithm. It

is expressed as:
1 =Hx*=H/ + 6x*) = 1/ + 61¢

= ¢/ + HPTHT (HP'HT + R)™'(z° — Hx/) (3.2)

54



where 1% is the analyzed AOD, t/ is the forecast AOD, and t° is the
observed AOD. The observation operator H translates aerosol mass into AOD,
while P and R represent the background and observation error covariance
matrices, respectively.

Secondly, to project the analyzed 2D AOD increments (67¢) into 3D aerosol

concentration increments ( 6x® ), the algorithm uses background error

covariance relationships. The relationship is expressed as:

5x* = P'HT (HP/HT )~ 6¢¢ (3.3)

where §x¢ is the adjustment made to the aerosol species concentrations. This
method ensures that the increments are consistent with the vertical and
species-specific distribution of aerosols in the model. By incorporating
covariance operators, the approach effectively distributes the horizontal AOD
increments into vertical layers and across different aerosol species, accounting

for their modeled relationships.

Finally, the LDE (Buchard et al., 2015) further simplifies the computational
demands of error covariance modeling. It generates realistic vertical and
horizontal error structures by using ensemble perturbations of aerosol
concentrations (X) and AOD (Y). These perturbations are weighted by a

diagonal matrix DD, and the analysis increment is calculated as:
5x% = XDYT(YDYT )1 §t¢ (3.4)
X = (xl, X wuann XE)

Y =HX = (TliTl ""'TE)
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where X represents a matrix of dimensions n,xng. n, is the product of the

number of aerosol concentration tracers and the vertical levels, and n; denotes
the total number of ensemble perturbations for a given column. This ensemble-
based approach models aerosol forecast errors as local displacements of
aerosol plumes, ensuring computational efficiency while maintaining physical
plausibility. The LDE method is particularly valuable in assimilating complex,

spatially variable aerosol distributions in the MERRA-2 system.

3.1.4. Assimilation errors
The primary errors in MERRA-2's AOD assimilation arise from observational

biases, forecast errors, and vertical distribution uncertainties.

Satellite-derived AOD products from sensors like AVHRR, MODIS, and
AERONET exhibit systematic biases due to cloud contamination, surface
reflectance uncertainties, and calibration issues. While Neural Net Retrievals
(NNR) reduce these biases, residual errors persist, particularly in regions with
complex aerosol sources or bright surfaces. Overestimation of sea-salt AOD in
oceanic regions and underestimation in biomass-burning regions highlight such

issues.

Background forecasts often underestimate AOD in high-loading regions, such
as deserts and biomass-burning zones, due to limitations in emission

inventories and transport modeling.

The system effectively constrains column-integrated AOD but lacks direct
constraints on vertical aerosol distributions, leading to potential errors in aerosol
mass and radiative properties. However, biases remain in specific regions,
particularly over land. MERRA-2 is globally consistent and accurate for total
column AOD analysis, making it a valuable resource for climate and air quality

studies.
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3.2. Numerical simulations (SPRINTARS)

SPRINTARS is a sophisticated numerical model designed to simulate the
impact of atmospheric aerosols on global climate systems and air quality. The
SPRINTARS has been developed by the Climate Change Science Section,
Research Institute for Applied Mechanics, Kyushu University. SPRINTARS
effectively models the complexities of both natural and anthropogenic aerosols,
including black carbon, organic matter, sulfate, soil dust, and sea salt, which
are categorized into SPM, PM1o, and PM25 (Takemura et al., 2000, 2002, 2005).

SPRINTARS is integrated into the MIROC atmosphere-ocean general
circulation model, which is a collaborative effort by the Atmosphere and Ocean
Research Institute (AORI) at the University of Tokyo, the National Institute for
Environmental Studies, and the Japan Agency for Marine-Earth Science and
Technology (JAMSTEC). It also collaborates with the global cloud-resolving

model, NICAM, enhancing its capability to simulate detailed climatic interactions.

This advanced numerical model is suitable for simulating AOD, particularly
noting its effectiveness in complex emission source regions like East Asia. The
reliability and precision of SPRINTARS in simulating AOD and other aerosol
characteristics have been validated against satellte data and ground
observations, ensuring their accuracy in revealing atmospheric states
(Takemura et al., 2005). Incorporated into the MIROC general circulation model
through collaborations with the University of Tokyo and other Japanese
research institutes, SPRINTARS extends its utility by modeling interactions
between aerosols and climate systems, further detailed in its ability to handle
aerosol dynamics such as advection, diffusion, and deposition processes. This
comprehensive approach not only enhances our understanding of aerosol
impacts on global climate but also facilitates studies in significant emission
areas like East Asia, providing insights into regional and global climate

alterations due to aerosols (Takemura et al., 2000).
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The SPRINTARS model is particularly useful for studying regions with
significant aerosol emissions, such as East Asia, where it describes the effects
of aerosols on regional and global climates. In this study, the SPRINTARS AOD
at 550 nm and sea salt AOD at 550 nm data were utilized for the period from
2003 to 2021. The original resolution of the SPRINTARS AOD data at 550 nm
(0.5625°x0.5625°) has been adjusted to match the MERRA-2 resolution
(0.625°x0.5°) using the nearest neighbor method.

3.2.1. Emission data source

SPRINTARS incorporates both natural and anthropogenic emission data.
Meteorological inputs are integrated with emission datasets to simulate aerosol
emissions and transport. The aerosol transport model uses meteorological
constraints from the NCEP/NCAR reanalysis data, which include wind velocities,
temperature, and specific humidity to nudge the AGCM. Diffusion coefficients,
precipitation flux, and cloud water are generated every two hours by running the
AGCM with 1990 NCEP/NCAR reanalysis data, selected for direct comparison
with AVHRR satellite data from the same year. For example, soil dust emissions
are calculated using wind speed, soil moisture, snow cover, and LAI, with land
use classifications (Matthews, 1983) determining emission regions. Soil dust
and sea-salt emissions depend on 10-meter wind velocity, while diffusion and
precipitation processes are parameterized based on the reanalysis-derived
atmospheric state. Wind velocity at 10 meters, essential for evaluating soil dust
and sea-salt aerosol emissions, is derived from the AGCM'’s lowest layer
(approximately 50 meters above ground) using Monin-Obukhov similarity theory,
adjusted for stability conditions with the Richardson number (Louis, 1979).
Small-scale dry convection, characterized by large sensible heat fluxes,

improve surface wind dynamics.

Carbonaceous aerosols include organic carbon (OC) and black carbon (BC)
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from biomass burning, fossil fuel combustion, and biogenic sources. Biomass
burning data come from GEIA and GFEDv2 (1997-2006) (Randerson et al.,
2005), with corrections for forest cover changes. Fossil fuel emissions are
sourced from databases such as GEIA, EDGAR, and REAS, with OC/BC ratios
based on combustion efficiency. Biogenic OC emissions use GEIA and FAO

datasets, with conversion rates from Pandis et al. (1991).

Sulfate aerosol emissions arise from anthropogenic SO- sources (e.g., fossil
fuel combustion) and natural DMS emissions. SO, data are sourced from GEIA
and Benkovitz et al. (1996), while DMS emissions are parameterized based on
surface solar radiation (Takemura et al., 2000). Emissions exclude sea-ice-

covered areas using sea-ice masks from da Silva (1994).

Sea-salt emissions depend on oceanic wind speed, calculated using Erickson
et al. (1986), with flux adjustments for sea-ice regions. Natural vegetation and
soil emissions are parameterized using LA, solar zenith angle, and temperature
(Spiro et al.,, 1992). This comprehensive approach enables the model to

simulate global aerosol distributions and radiative impacts with high fidelity.

3.2.2. Aerosol transport process simulation

SPRINTARS simulates the full lifecycle of aerosols, encompassing emission,
transport, and deposition processes. The transport processes include advection,
which is calculated using a flux-form semi-Lagrangian scheme from the MIROC
model, and diffusion, which accounts for both horizontal and vertical spreading
(Takemura et al., 2000, 2002, 2005). Chemical processes, such as the
conversion of sulfur compounds into sulfate aerosols, rely on three-dimensional
distributions of oxidants like OH, H>O2, and O3 provided by the CHASER model.
Aerosol removal is represented through wet deposition, including washout by

rain droplets and rainout via in-cloud scavenging, as well as dry deposition

59



driven by turbulence and gravitational settling.

The aerosol transport process is governed by the mass conservation equation,
which forms the basis of the simulation. This equation accounts for the aerosol
mixing ratio changes over time, incorporating contributions from emissions,
advection, diffusion, and deposition processes. Mathematically, it is expressed

as:

d . a( air Ya ) 0
a(pair qa) + div (pairqa U) + % = E(FE + FD + FS) (35)

where p,.is the air density, g¢,represents the aerosol mixing
ratio, v and w are the horizontal and vertical wind components, and Fg, F,, F;s
denote emission, diffusion, and deposition fluxes, respectively.

The emission flux F; depends on source-specific factors. For instance, soil
dust emissions are calculated based on the wind speed at 10 meters( |v4,]|)
exceeding a threshold velocity (u;). The relationship is defined as:

Faust = C(Ivigl — u)?  for [vigl > uy (3.6)

where C is an empirically determined coefficient related to soil moisture. Such
formulations ensure that the model accurately captures emissions from natural
and anthropogenic sources.

Deposition processes, encompassing both wet and dry deposition, play a
critical role in removing aerosols from the atmosphere. Dry deposition is

modeled using a constant dry deposition velocity (v,,,), while wet deposition

considers two mechanisms: sub-cloud scavenging, where raindrops collide with
aerosols, and in-cloud scavenging, where aerosols within cloud droplets are
precipitated. For example, the flux due to dry deposition is:

Fdry = —Par9aVary (37)

Vertical diffusion is calculated to account for turbulent mixing using the
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gradient of the aerosol mixing ratio with a diffusion coefficient K :

0qq
FD = _pairK 1

= (3.8)
3.2.3. AOD calculation

In addition to transport and deposition, the model computes the aerosol optical
thickness (1) to evaluate radiative effects. The optical thickness is derived from
the extinction efficiency factor Q.,, effective particle radius r.g, and aerosol
concentration. The formula is given by:

= Sk Qe (6040 (1K) Ay (3.9)

where Ap, represents the pressure difference across the model layer, Q.

and r,sare computed based on Mie theory, considering aerosol size
distribution and hygroscopic growth under varying humidity conditions.

3.2.3.1. Removal of volcanic effects

When calculating SPRINTARS AOD, the highest AOD values were excluded
as anomalies, potentially caused by volcanic eruptions in the Mariana Trench,
using the Median Filter method in this study. From Fig. 3.3, the high AOD
observed in the Mariana Sea area, which is surrounded by the red dotted line,
may be due to volcanic emissions. SPRINTARS is particularly sensitive to

emissions.

The median filter (Zhu et al., 2012) is a widely recognized digital filtering
technique, highly effective for reducing noise in images while preserving
essential edge details. This nonlinear filtering technique involves ordering the
pixel values within a predetermined neighborhood (defined by the kernel size)
and replacing the central pixel with the median value from this set.

The Median filter operates with a sliding window that traverses each signal
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entry sequentially. At each entry, it arranges the neighboring values in
numerical order and substitutes the central value with the median from this array.
The conventional algorithm relies on this sorting method, which can be
inefficient and cause significant execution delays. Therefore, various
optimization techniques have been developed to identify the median value more
efficiently. In this study, a kernel size of 1x7 was chosen for the median filter
applied to the AOD data which can effectively filter out noise while ensuring that

the structural integrity and distribution of the AOD data are not compromised.
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Fig. 3.3 Spatial distribution of annual average SPRINTARS AOD at 550 nm
from 2003 to 2021. The position of the red dotted box is the Malina Trench (13°N,
144°E).
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Chapter 4. Defining the study area

This chapter provides insights into the potential of using long-term aerosol data,
such as AOD values, as tracers for monitoring meteorological conditions
through AOD distribution and trajectory analysis. The results show that variation
in long-term AOD datasets based on satellite observations (e.g. MODIS) over
East Asia, indicate the North China Plain as a prominent emission source region
with high AOD value in China. An averaged 10-day forward trajectory from
Beijing, Shanghai, Hongkong and Seoul was analyzed by utilizing the
Meteorological Data Explorer (METEX) during 2003-2021. The results of
forward trajectory suggest that a unique open ocean area at downwind of China

was selected as the study area.

4.1. AOD variation over East Aisa

Fig. 4.1 - 4.5 shows annual spatial distribution and trend of MODIS AOD at
550 nm over East Asia from 2003 to 2021. The annual average of AOD over the
Chinese mainland shows significant year-to-year variation in emission.
Significant variations are characterized by an increasing trend from 2003 to
2012 and a subsequent decreasing trend from 2013 to 2021, as depicted in Fig.
4.5 (e)-(f). The change in AOD trends is largely attributed to the emission control
policies introduced with China's Clean Air Action in 2013 (Zheng et al., 2018;
Zhang et al., 2019).

The decline in AOD after 2011, as shown in Fig. 4.3, can be associated with
two main reasons. The first is a reduction in anthropogenic emissions of primary
aerosols, such as sulfur dioxide (SO2) and nitrogen oxides (NOy), corresponding
with the enhancement of vehicle emission standards between 2011 and 2015.

This led to a 50% reduction in permissible NOx emissions from road vehicles
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(Wu et al., 2017). The second factor relates to China’s 12th Five-Year Plan
(2011-2015), which introduced environmental protection policies targeting
improved air quality (Cai et al., 2017). During the period following 2011, there
was a notable average AOD decrease per year across most of China. This
change corresponds with significant emission reductions due to policy
implementations, with highly populated regions showing a more pronounced

effect (Sogacheva et al., 2018).

The V-shaped pattern in the AOD time series reflects the 2008-2009 financial
crisis's impact when China's economic expansion slowed. Complementary
research by Itahashi et al. (2021) shows a decreasing trend in fine mode AOD
over the Yellow Sea from 2006 to 2009, with a subsequent rise through to
2011(Fig. 4.7 (a)). While this trend consistent with the AOD analysis over the
(North China Plain) NCP, AOD values over the NCP are higher than those over
the Yellow Sea, likely due to the inclusion of dust in the total AOD dataset.
Despite the substantial variations between 2006 and 2011, the changes in AOD

during this period were not very significant.

Additionally, the NCP is identified as a prominent source of high AOD values,
depicted by black rectangles in Fig. 4.1-4.5. Similar to the trends over the
Chinese mainland, the AOD over the NCP shows significant year-to-year
variability and a decreasing AOD trend after 2013. Moreover, a substantial
decrease in anthropogenic emissions of various pollutants such as sulfur
dioxide and nitrogen oxides after 2013 (Kong et al., 2021), which correlates with
the declining AOD trend observed in the NCP (Fig. 4.6). The decreasing
variation of AOD over NCP corresponds well with the reduction in anthropogenic
emissions (ltahashi et al., 2021), due to the emission regulation policy
implemented in 2013 by China (Zheng et al., 2018; Zhang et al., 2019). These
observations emphasize the NCP's significant contribution to both
anthropogenic and natural aerosols, playing a crucial role in the variability of
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AOD in East Asia.

These findings highlight that the NCP remains a significant source of
anthropogenic and natural aerosols, which is the main factor driving the
variability of Chinese mainland AOD in East Asia and cannot be disregarded.
Therefore, to quantitatively detect the variation in meteorological fields due to
climate change, it is necessary to remove the effect from Chinese emissions

when constructing Raop.
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Fig. 4.1 Annual spatial distributions of MODIS AOD values at 550 nm for the
years (a) 2003, (b) 2004, (c) 2005, and (d) 2006. Black rectangles represent the
NCP region.
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Fig. 4.2 Annual spatial distributions of MODIS AOD values at 550 nm for the
years (a) 2007, (b) 2008, (c) 2009, and (d) 2010. Black rectangles represent the
NCP region.
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Fig. 4.3 Annual spatial distributions of MODIS AOD values at 550 nm for the
years (a) 2011, (b) 2012, (c) 2013, and (d) 2014. Black rectangles represent the
NCP region.
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Fig. 4.5 Annual spatial distributions of MODIS AOD values at 550 nm for the
years (a) 2019, (b) 2020, (c) 2021, and for the period (d) 2003 to 2021. Annual
trend (yr') of MODIS AOD at 550 nm from (e) 2003 to 2012 and (f) 2013-2021.
Black rectangles represent the NCP region.
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4.2. Analysis of transboundary air pollution pathway

To accurately define the research area, we conducted a detailed analysis to
calculate the forward trajectories, identifying a specific marine region located
downstream of China. This assessment aimed to enhance our understanding
of the dynamics of aerosol transport toward the Pacific Ocean. Fig. 4.8(a)-(d)
depict the spatial distribution of MODIS AOD at 550 nm and the 19-year
average of 10-day forward trajectories calculated for every day (1 data per day)
over the period during 2003 to 2021. This trajectory analysis was calculated
across spring, summer, autumn and winter at a height of 100 m above the
surface. The trajectory calculations utilized the METEX, which includes a 3D-
wind kinematic model (Zeng et al., 2003) with a 24-hour interval of calculation
at four major locations: Beijing, Seoul, Shanghai, and Hong Kong for the period
2003 to 2021.

A similar path of 10-day forward trajectory was observed in spring, summer,
and autumn, which shows the aerosol transport from west toward east within
strength line except winter in Fig. 4.8 (a)-(d). This pattern is particularly

noticeable in the spring, largely influenced by the prevailing westerly winds.

Further insights are provided in Fig. 4.9, where an averaged 10-day forward
trajectory from 2003 to 2021 across all seasons reveals a clear, direct west-to-
east transport path. The western Pacific regions (25-30°N, 125-180°E) situated
in the downwind area of China which can clearly represent the phenomenon of
aerosol transportation which also show as the aerosol gradient of AOD pattern
in MODIS map during 2003 to 2021 (Fig. 4.9).

High AOD values were observed in Fukue (red star in Fig. 4.9), located in
western Japan. These values are primarily due to intense aerosol loading,
mainly from foreign anthropogenic air pollution, as detailed in studies by lkeda
et al. (2015). The pollution originates from the NCP and is transported over the

East China Sea, including emissions notably from Shanghai as reported by Lee
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et al. (2019). This suggests the critical role of prevailing westerly winds in
forming meteorological patterns that facilitate the transboundary movement of

air pollution, potentially impacting air quality as far as Japan.

Additionally, the AOD values on the south side of Sendai (yellow circle in Fig.
4.9) are shown to be affected by transboundary air pollution from Seoul, with
significant contributions from emissions in Northeast China and the NCP which

supported by lkeda and colleagues in 2015.

The gradient of AOD (Fig. 4.9) values decreases from the eastern coast of
China towards the Pacific Ocean, consistent with the result from recent
research by Leung et al. (2023). Additionally, high-concentration aerosol
plumes from the NCP have been documented traveling eastward in relatively
direct paths across the Pacific Ocean. Both the MODIS AOD maps (Fig. 4.9)
and trajectory analyses confirm that the observed gradient pattern in the AOD
distribution over the Pacific is predominantly due to transboundary air pollution.
Consequently, the prevalent high MODIS AOD levels over mainland China
serve as a critical tracer, indicating the significant impact of transboundary air

pollution on the western middle Pacific regions downstream from China.
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(c) Autumn
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Fig. 4.8 Spatial distribution of annual average MODIS AOD at 550 nm and 19-
year average of 10-day forward trajectories calculated for every day (1 data per
day) from 2003 to 2021 in (a) Spring, (b) Summer, (c¢) Autumn and (d) Winter.
Lines represent the 19-year average trajectories at 100 m above the surface,
calculated by METEX using a 3D-wind kinematic model with 24-hour intervals
for Beijing (red), Seoul (gray), Shanghai (blue), and Hong Kong (green).
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Fig. 4.9 Spatial distribution of annual average MODIS AOD at 550 nm and 19-
year average of 10-day forward trajectories calculated for every day (1 data per
day) from 2003 to 2021, across all seasons. Lines represent the 19-year
average trajectories at 100 m above the surface, calculated by METEX using a
3D-wind kinematic model with 24-hour intervals for Beijing (red), Seoul (gray),
Shanghai (blue), and Hong Kong (green). Fukue (red star) is located in western
Japan, and Sendai (yellow circle) is in eastern Japan.
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4.3. Study area

Our study focuses on the western Pacific regions (25-30°N, 125-180°E),
located in the downwind area of China as illustrated in Fig. 4.10 This specific
area is characterized by its location over the open ocean, where anthropogenic
impacts are significantly reduced, making it a vital area for studying
transboundary air pollution transport. Efforts to minimize confounding variables
such as plankton influences (Park et al., 2022) and human activities prevalent
along the coastal zones, led to the selection specifically starting at longitude
125°E on the eastern coastline of China. This choice ensures that the study
area is optimally positioned to assess meteorological variation with minimal
local interference. A comprehensive selection for this study area is depicted in
Section 5.1.1.
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Fig. 4.10 Map depicting the study area. The red rectangles show the study
region spanning 25-30°N and 125-180°E, segmented into 5° intervals. AOD+
represents the average of Level-2 AOD values over the ocean within the 25—
30°N and 125-130°E rectangle. Similarly, AOD2, AODs, and AOD14 correspond
to averages at 130-135°E, 135-140°E, and 175-180°E, respectively.
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Chapter 5. A new metric Raop

In this chapter, to accurately assess the long-term variation in aerosol amounts
during long-range transport, the ratio named Raop was analyzed. This ratio
measures the AOD over oceanic regions at every 5° of longitude and contrasts
this with AOD measurements along the eastern coast of China (25-30°N, 125-
180°E) utilizing MODIS AOD data (further details provided in Section 5.1). To

address the potential influence of sea salt, designated as AOD®*® in the

MERRA-2 sea salt AOD dataset, a modified ratio, Raop’, was introduced in this
research (additional details in Section 5.2). Furthermore, a refined metric called
Rnop, detailed in Section 5.3, was developed, which is adjusted to exclude the
impacts of oceanic DMS and organic matter. These elements are significant as
they substantially contribute to the atmospheric conditions over marine areas

and are represented by AODj,.

5.1. Construction of Raop

Using the phenomenon of high-concentration aerosols originating from the
NCP and being transported eastward, a new metric, Raoo, has been developed
to quantitatively assess long-term changes in aerosol quantities during their
long-range transport. This metric, Raop, enhances the detectability of potential
climate change effects on meteorological fields. Emissions from the NCP are
the primary drivers of fluctuations in AOD along China’s eastern coast and
significantly influence the region’s AOD levels, complicating the assessment of
how climate change could impact meteorological fields and transboundary air

pollution pathway.

The new metric, Raop, is calculated by determining the ratio of AOD for every
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5° of longitude over the ocean compared to the AOD along the eastern coast of
China within the longitudinal range of 125-180°E. Here is how Raop is

calculated:

Rpop = AOD, (5.1)

In the numerator, AOD, represents the average ocean AOD for each 5°
longitude interval within the range of 25-30°N and 125-180°E, where the index
n varies from 1 to 11. For instance, AOD1 corresponds to the average ocean
AQOD between 125-130°E, and AOD: corresponds to 130-135°E, as illustrated
in Fig. 4.10.

5.1.1. Sensitivity analysis of Raop across different latitude bands

To verify the accuracy of Raop, daily and annual average AOD data were
analyzed from ground-based Skyradiometer instruments located at
Minamitorishima (24.30°N, 153.97°E, 0 m a.s.l.) and Hedo (26.87°N, 128.25°E,
65 m a.s.l.). These instruments, part of the SKYNET network, measure direct
solar and diffuse irradiances across ultraviolet, visible, and near-infrared
wavelengths, facilitating AOD retrieval (Nakajima et al., 1996, 2007; Hashimoto
et al., 2012).

Fig. 5.1(a) displays the daily mean AOD values recorded at Minamitorishima
and Hedo from 2008 to 2009. Hedo reported higher average AOD values of
0.30 £ 0.12 compared to Minamitorishima’s 0.11 = 0.04, largely attributed to
Hedo's closer proximity to the eastern coast of China, as shown in Fig. 5.1(c).
Fig. 5.1(b) conducts a sensitivity analysis of Raop across different latitude bands
using MODIS data, showing minimal variations in Raop values across longitude
bands, except for significant anthropogenic influences noted at the 30—-35°N

latitude band.
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For broader spatial analysis, a coarser grid at the latitude band of 25-30°N
was selected to monitor the decrease in AOD as aerosols move eastward. The
validation involved comparing the AOD ratio of 0.37 + 0.20 measured by
Skyradiometer at the Minamitorishima and Hedo during 2008 to 2009. The
consistency of this ratio with Raop values of 0.38 in the 145-150°E range and
0.32 in the 150-155°E range confirms the accuracy of Raop in capturing

longitudinal aerosol distribution.
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Fig. 5.1 (a) Daily median AOD values recorded at Minamitorishima (24.30°N,
153.97°E, 0 m a.s.l.) and Hedo (26.87°N, 128.25°E, 65 m a.s.l.) from 2008 to
2009, measured by Skyradiometers. Error bars show measurement
uncertainties at Minamitorishima (gray) and Hedo (red). (b) Sensitivity analysis
of Raop in the longitudinal range of 125-180°E, evaluated across various
latitude bands at intervals of 1.25° (25-26.25°N marked with orange crosses),
2.5° (25-27.5°N marked with green squares), and 5° (25-30°N and 30-35°N
marked with blue and black circular markers) using MODIS data. The red error
bar indicates a ratio of 0.37 + 0.20, representing the average AOD comparison
between Minamitorishima and Hedo based on 2008 to 2009 Skyradiometer
data. (c) Map showing the locations of the Minamitorishima site (gray circle),
Hedo site (red circle), and the study areas (outlined in black rectangles).

Fig. 5.2 demonstrates a correlation between Raop and AOD+, with observed
variations across different longitudinal bands at 130-135°E, 145-150°E, and
175-180°E. Raop values decrease progressively from 130-135°E to 175-
180°E, consistent with the results from forward trajectory analysis (Fig. 4.9).
The open circles represent average AOD+ values within the ranges of 0.15—-
0.19, 0.19-0.23, and 0.23-0.27. These hollow circles show that Raop' varied by
only £ 0.1, despite a 1.5-fold increase in average AOD1 values due to emissions
from mainland China (Fig. 5.2). This indicates that Raop effectively counters the
impact of temporal fluctuations in emissions from China. Moreover, the negative
correlations between Raop and AOD+, characterized by slopes of -0.22, -0.56,
and -1.64 at 130-135°E, 145-150°E, and 175-180°E, respectively, might be

influenced by sea salt and cloud cover.
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Fig. 5.2 Correlation analysis between Raop and AOD+1 (MODIS AOD 550 nm at
125-130°E). Longitudinal segments are depicted with circles: 130-135°E (blue),
145-150°E (green), and 175-180°E (red). Error bars, represented by hollow
circles and calculated using the standard deviation, indicate the average AOD+
values for the ranges 0.15-0.19, 0.19-0.23, and 0.23-0.27. Colored lines
illustrate the regression lines for average AOD+, with their slopes detailed in the
legend.

5.2. Construction of Raop”

To explore the impacts of sea salt and cloud coverage, we employed MERRA-
2 data, which adjusts for cloud cover. To isolate the background influence of sea
salt, we subtracted the monthly average sea salt AOD at each grid from the
MERRA-2 data. MODIS utilizes MERRA-2 sea salt AOD data due to its
integration of satellite data through assimilation, which consistent well with

MODIS sensors. Additionally, the average MERRA-2 sea salt AOD value near
82



terrestrial areas is higher than in the northwestern Pacific, yet it stabilizes at
approximately 0.05 within the rectangular region spanning 25-30°N and 125-
180°E (Fig. 5.3). This sea salt effect is accounted for as a background variable

in the Raop calculation as follows:

AOD,—AODSS
Raop' = n n 5.2
AOD AOD;— AODSS (5:2)

As shown in equation (5.1), AOD, represents the average ocean AOD
calculated for every 5° of longitude within the latitude range of 25-30°N and
longitude range of 125-180°E, where n ranges from 1 to 11. Similarly, AOD;®
indicates the average sea salt AOD from MERRA-2 for each 5° of longitude
interval within the same latitudinal and longitudinal range. Specifically, AOD3®
refers to the average sea salt AOD from MERRA-2 at 125-130°E.

2003 oN e 2013

40°N

30°N

0160
S Q

<

20° 0° | N =
1%°E 130°E 140°E 150°E 160°E 170°E 18&" 1%°E 130°E 140°E 150°E 160°E 170°E 180° | [0.12(3
3

wn

- (o]

20°N s 2021 _ R 7 2003-2021 0.08
w

0.04 =

200 I —————————————_——
£¥O°E 130°E 140°E 150°E 160°E 170°E

Fig. 5.3 Spatial distributions of annual average of the MERRA-2 sea salt AOD
at 550 nm for the years (a) 2003, (b) 2013, (c) 2021, along with the cumulative
period (d) from 2003 to 2021. The red rectangles delineate a study area
extending from 25-30°N to 125-180°E.
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Similar to Fig. 5.2, Fig. 5.4 presents a correlational analysis between Raop and
AOD+ across the longitude bands of 130-135°E, 145-150°E, and 175-180°E.
In contrast to the negative correlation observed between Raop and AOD+ (Fig.
5.2), a positive correlation is evident between Raop and AOD; in Fig. 5.4, with
slopes of 0.23 and 0.44 at 130-135°E and 145-150°E respectively.
Furthermore, the relationship between Raop" and AOD+ at 175—-180°E shows a
more moderate slope of -0.90 compared to the steeper slope of -1.64 between
Rnrop and AOD+, indicating a significant contribution from sea salt. Additionally,
the increased steepness of the slope at 175-180°E relative to other longitude

bands may be attributed to the influence of oceanic DMS and organic matter.
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Fig. 5.4. Correlational analysis between Raop” and AOD+ (MODIS AOD 550 nm
at 125-130°E). This figure retains the longitudinal segments and error bar
methodologies of Fig. 5.2 and includes regression lines for the average AOD1
values, with the regression line slopes in the legend.

5.3. Construction of Raop

DMS, a dominant sulfur compound, plays a crucial role in atmospheric
chemistry and global climate regulation. It is predominantly produced by natural
sources, such as marine phytoplankton, bacteria, and certain plants, primarily
released into the atmosphere through oceanic processes. DMS emissions peak
during the summer in the Northern Hemisphere. Globally, DMS emissions
(excluding sea salt) range between 98-120 Tg(s)yr™", with oceanic DMS levels
ranging from 15-25 Tg(s)yr™". In the Northern Hemisphere alone, oceanic DMS

emissions are approximately 8.4 Tg(s)yr' (Seinfeld and Pandis, 2016;
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Berresheim et al., 1995), highlighting the importance of oceanic DMS emissions

in defining Raop over marine environments.

Therefore, for an accurate estimation of Raop, it is essential to accurately
include contributions from naturally occurring oceanic aerosols, such as DMS

and organic matter. Raop is computed using the equation below:

R. . — AOD,-AODF-AOD],
AOD ™ A0p,- AODS*-AOD},

(5.3)
AOD;; = AOD,; — AODS

As outlined in equations (5.1) and (5.2), AOD,, represents the average ocean
AOD measured at 5° longitude intervals within the latitude range of 25-30°N
and longitude range of 125-180°E, where n ranges from 1 to 11. AOD}®
denotes the average sea salt AOD from MERRA-2 within the same
geographical range. AODi; quantifies the effects of oceanic DMS and organic
matter, calculated by subtracting the average sea salt AOD from MERRA-2 at
25-30°N and 175-180°E. Fig. 5.5. shows the flow chart of Raop.

To evaluate the Raop performance with other datasets, we AOD data from
SPRINTARS version 6.1.0, which considers aerosol transport processes.
SPRINTARS data provides accurate simulations of global climate changes and
air pollution, influenced by both natural and anthropogenic aerosols in the Asian
region over extended periods (Takemura et al., 2000, 2002, 2005, 2009). The
original resolution of the SPRINTARS AOD data at 550 nm (0.5625°x0.5625°)
was adjusted to match the MERRA-2 resolution (0.625°x0.5°) using the nearest
neighbor method. The highest AOD values were excluded using the median
filter method, treating them as anomalies potentially caused by volcanic

eruptions in the Mariana Trench.
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A peak in SPRINTARS AOD data (Fig. 5.6) observed at the Mariana Trench
(latitude 13°N, longitude 144°E), located over 2500 km south of Japan, close to
the study area, could potentially be attributed to an underwater volcanic eruption.
To mitigate the influence of submarine volcanic activity on SPRINTARS AOD
data near the Mariana Trench, the median filter method with a kernel size of 7
was applied. This approach helps reduce the impact of emission data
overestimation related to volcanic activity. Although the MERRA-2 dataset
monitors volcanic events, it does not include volcanoes that have erupted after
2010 or subglacial or submarine volcanoes. Thus these impacts are

disregarded in this analysis (Randles et al., 2017).
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Fig. 5.6 Spatial distribution of annual average SPRINTARS AOD at 550 nm from
2003 to 2021.
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Chapter 6. Evaluation of atmospheric transport fields

variability using Raop over 19 years

This chapter evaluates the atmospheric transport variation by discussing the
characteristics of Raop, based on Cai et al. (2024). Section 6.1 analyzes the
longitudinal distribution of Raop, revealing an eastward exponential decline over
19 years. Section 6.4 examines the monthly and seasonal changes in wind
speed and direction, while Section 6.5 discusses long-term variations in

atmospheric transport fields.

6.1. Longitudinal distribution of Raop

6.1.1. The 19-year average of longitudinal distribution of Raop
To analyze the natural attenuation of AOD during transboundary air pollution
transport, we used the exponential function because it reflects the natural decay

behavior of aerosols as follows:

dt = —atdx (6.1)

dt
—=- a [ dx (6.2)
Int—Inty = —alL (6.3)
T = 19exp(—al) (6.4)

where 7 is AOD, t, represent the AOD along the eastern coast of China (25—
30°N, 125-180°E), dx represent an infinitesimal distance along the path of
transport of the aerosols, dr represents the change in AOD during its natural

attenuation over an infinitesimal distance of transport (6.1), and « is an
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attenuation coefficient of AOD, describing the rate at which aerosols are
removed or diminished per unit distance due to physical or chemical processes,
such as deposition or dispersion. L is the length of the transboundary air
pollution path from the eastern coast of China to Pacific region. After integration,
equation (6.4) describes the natural attenuation of AOD during its transport

along the path of transboundary pollution.

Fig. 6.1 displays the longitudinal distribution of Raop values from MODIS,
MERRA-2, and SPRINTARS datasets across the 125-180°E range. The slopes
of the Raop curves, determined through exponential fitting, are —0.08 for both
MODIS and MERRA-2, and -0.07 for SPRINTARS. Both MODIS and MERRA-
2 data reveal a consistent pattern of exponential decline in Raop values moving
eastward from China's eastern coast, a trend that SPRINTARS also replicates
(Fig. 6.1). The decreasing trend observed in the MODIS Raop data, consistent
with the MERRA-2 dataset, which includes cloud cover indicates that cloud
cover does not significantly influence Raop variability. Therefore, it appears that
changes in meteorological conditions are the predominant factors affecting

Raop variations.
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Fig. 6.1 Longitudinal analysis of Raop within the 25-30°N and 125-180°E
ranges, divided into 5° intervals, utilizing data from MODIS (represented by
green circles), MERRA-2 (blue triangles), and SPRINTARS (red rectangles)
over the period from 2003 to 2021. The curve of Raop, derived from exponential
fitting, slopes are -0.08 for both MODIS and MERRA-2, and -0.07 for
SPRINTARS.

6.1.2. Seasonal average of longitudinal distribution of Raop

Fig. 6.2 illustrates the seasonal variations in the Raop across different
longitudes (125°E to 180°E) using data from three distinct sources: MODIS,
MERRA-2, and SPRINTARS. Each panel corresponds to a different season:
spring (MAM), summer (JJA), autumn (SON), and winter (DJF), showing how

Raop values change geographically from the eastern coast of China eastward.

A clear trend observed across all datasets and seasons is an exponential
decline in Raop values as longitude increases. This pattern indicates a decrease

in aerosol concentrations moving away from continental sources toward the
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Pacific, potentially driven by atmospheric dispersion and prevailing wind
patterns. The slope of these trends varies seasonally, suggesting changes in
aerosol sources or atmospheric conditions that affect aerosol transport and

deposition.

In spring and winter, the slopes are generally smaller, indicating a less steep
decrease in Raop. This may be influenced by stable atmospheric conditions that
limit the dispersion of aerosols. Conversely, summer and autumn exhibit
relatively steeper declines, possibly due to enhanced wind activity that aids in
more efficient aerosol dispersion. This seasonal disparity in slopes could hint at
the influence of monsoonal winds or other meteorological factors that vary
throughout the year, affecting aerosol distribution patterns over the downwind
of China.
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Fig. 6.2 Seasonal variation in the Raop across longitudes range of 125°E to
180°E for various datasets during the year. Each panel represents a different
season: spring (MAM; March-April-May), summer (JJA; June-July-August),
autumn (SON; September-October-November), and winter (DJF; December-
January-February). The datasets shown are MODIS (green circles), MERRA-2
(blue triangles), and SPRINTARS (red squares). Numerical values in the top
right corner of each panel indicate the linear regression slope (deg™) of Raop
trends for each dataset for each season.
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6.2. Interannual variation of Raop

To analyze the spatial and temporal interannual variation of Raop along a
longitudinal axis from 2003 to 2021, a Hovmoller diagram was employed by
using MODIS, MERRA-2, and SPRINTARS datasets (Fig. 6.3). This pattern is
visually represented by a color gradient that transitions from red to green and

then to blue, reflecting the trend shown in Fig. 6.3.

Throughout the 2003 to 2021 period, Raop exhibited significant fluctuations
from year to year. Despite these fluctuations, there was notable consistency in
the data patterns from the MODIS and MERRA-2 datasets. Particularly in the
MODIS dataset, Raop values around 0.1 to 0.2 in light blue extended up to
approximately 160°E during the years 2005, 2006, 2007, and 2013, indicating

meteorological conditions favorable for transboundary air pollution.

In contrast, Raop values also ranged from 0.1 to 0.2 but were observed around
145°E in 2018, suggesting that aerosols tended to deposit closer to the eastern
coast of China. The SPRINTARS dataset is also consistent with the annual
patterns observed in MODIS and MERRA-2.
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Fig. 6.3 Hovmoller diagram depicting annual average Raop values within the
longitudinal range of 125-180°E using (a) MODIS, (b) MERRA-2, and (c)
SPRINTARS data from 2003 to 2021.
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6.3. Analysis for the linear regression slope of the Raop

6.3.1. Monthly and annual variation in the slope of Raop

To conduct a detailed analysis of interannual variations in meteorological
conditions, this study focused on Raop within the longitudinal range of 125—
150°E. This specific range was chosen because it exhibits high Raop variability,
as shown in Table 6.1. The table lists Raop values derived from three distinct
data sets: MODIS, MERRA-2, and SPRINTARS. These values are documented
for each 5° interval across the broader longitudinal range of 125-180°E and the
latitudinal range of 25-30°N from 2003 to 2021.

The data in Table 6.1 reveal that the MODIS and MERRA-2 datasets display
similar Raop trends, suggesting consistent aerosol variations across the studied
range. Notably, as the longitude approaches 150-155°E, there is an observable
gradual decrease in Raop values, indicating diminishing aerosol concentrations
moving further eastward. This pattern leads to a more leveled slope, suggesting

a reduction in the eastward dispersion of aerosols over time.

Table 6.1. Comparison between Raop values from MODIS, MERRA-2, and
SPRINTARS data for each 5° grid interval in the ranges 125-180°E and 25—
30°N from 2003 to 2021, where n represents the number of grid intervals.

n 1 4 6 8 11
Longitude (°E) 125-130 140-145 150-155 160-165 175-180
MODIS 1 0.29 0.11 0.04 0
MERRA-2 1 0.27 0.12 0.04 0
SPRINTARS 1 0.30 0.11 0.02 0

To analyze the horizontal trend of decreasing Raop year-by-year as shown in

Fig. 6.3, the monthly and annual slope of the regression line for Raop within the
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longitude band of 125-150°E was calculated for each year from 2003 to 2021,
using data from the MODIS, MERRA-2, and SPRINTARS datasets, as
presented in Fig. 6.4. Linear regression was used to effectively capture the
year-to-year fluctuations in Raop within this specific longitudinal range, where
the trend is linear rather than curvilinear. The monthly average Raop was
calculated by removing data points that deviated more than 0.01 from the
previous month’s value to enhance accuracy and consistency. The resulting
refined monthly mean values are shown as individual dots, while the annual

means are depicted with lines and markers (Fig. 6.4).

The monthly averages and their standard deviations for MODIS, MERRA-2,
and SPRINTARS were recorded as -0.043 £ 0.012, -0.042 + 0.012, and -0.042
+ 0.006, respectively. The data amount for the slope of Raop comprises 113,
184, and 204 for MODIS, MERRA-2, and SPRINTARS, respectively.

In Fig. 6.5, both MODIS and MERRA-2 datasets demonstrated consistent
downward trends in the Raop slope over the 19-year period. Notably, the
absolute value of the Raop slope was particularly high in 2018, indicating a
significant decline in Raop, while the lowest values were recorded in 2005, 2007,
and 2013. Earlier years showed a flatter slope, suggesting a predominant west-
to-east movement of aerosols, consistent with the annual Raop patterns
depicted in Fig. 6.3. In contrast, the steep slope in 2018 indicated that aerosols
were more likely to settle near their sources, showing limited long-range

transport, consistent with the Raop patterns observed that year.

Interannual variability in the Raop slope from SPRINTARS generally matched
the observations from MODIS and MERRA-2. Additionally, a peak pattern in the
meteorological field was noted approximately every eight years, as shown in
Fig. 6.5. However, the East Asian Monsoon Index (EAMI) and the El Nifio—
Southern Oscillation (ENSO) were considered as potential drivers of this cyclic

variation, but no clear correlation was established with the EAMI, and only a few
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El Nifio—La Nifa events were reported by Gan et al., 2023, which left unclear

whether there was a true connection.

These findings indicate that long-term changes in Raop, potentially influenced
by climate change, were relatively minor and overshadowed by more
pronounced year-to-year variations in the meteorological field. Therefore,
detecting the effects of climate change on meteorological fields using Raop as

a metric would require aerosol data spanning more than two decades.
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Fig. 6.5 Annual variations in the slope (deg™) of the linear regression of Raop
in the 125-150°E longitude band from 2003 to 2021, based on MODIS,
MERRA-2, and SPRINTARS data.

6.3.2. Seasonal variation in the slope of the Raop

Fig. 6.6 presents the (a) monthly and (b) seasonal variations in the regression
line slope of Raop within the longitude band of 125-150°E from 2003 to 2021,
based on data from MODIS, MERRA-2, and SPRINTARS. Monthly and
seasonal variations are found to be consistent among MODIS, MERRA-2, and
SPRINTARS. However, the monthly variations observed between July and
September exhibit significant uncertainty, evidenced by the large error bars on
the SPRINTARS data, represented by red lines in Fig. 6.6 (a).

A clear seasonal pattern is observed in the values of the Raop slope, which
decreases from spring to summer and increases from autumn to winter. The
slope of Raop represents the degree of reduction in the amounts of aerosols
transported eastward. When the absolute value of the Raop slope is small, it
indicates that aerosols are transported over longer distances, as observed in
spring (March and April) and winter (December to February). Conversely, higher
absolute slope values, such as those in summer (June) and autumn (October),

suggest that aerosols are less likely to be transported eastward.
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The variability in the slope of Raop is likely due to changes in atmospheric
transport fields (Wu et al., 2013; Nguyen et al., 2019; Lee et al., 2022). To clarify
the consistency between the atmospheric transport fields and the slope of Raop,
the wind speed and wind direction will be analyzed in detail in the following

section.

104



—$— MODIS
—0.01 —&— MERRA-2
o —0.021 —f— SPRINTARS
S
0 'G5, —0.03 1
c o
o T
o —0.04 A
2 g
8:;:) —0.05 A
&5 —0.06
£
— —0.07 A
—0.08 A
—0_09 T T T T T T T T T T T T
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
0.00 (b)
—$— MODIS
—0.01 1 —4— MERRA-2
o —0.02- —H— SPRINTARS
S
» 5, —0.03 -
C QO —
o T +
n — —0.04 - R -
Q2 3
grz:) —0.05 A T
S 5 —0.06 -
g%
— —0.07 A
—0.08 A
—0.09 - - . —
Spring Summer Autumn Winter

Fig. 6.6 (a) Monthly and (b) seasonal variations in the slope (deg™) of the
regression line for Raop within the 25-30°N and 125-150°E range from 2003 to
2021, based on MODIS (green circles), MERRA-2 (blue triangles), and
SPRINTARS (red squares) data. The error bars represent the standard

deviation of the data.
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6.4. Wind analysis in atmospheric transport fields

The monthly variation (Fig. 6.7) and seasonal variation (Fig. 6.8) in wind speed
(measured in m/s) and direction at the 500 hPa level were analyzed using
MERRA-2 data from 2003 to 2021. Despite significant monthly variability in the
wind field, there is a pronounced seasonal pattern in wind direction,
predominantly facilitating west-to-east transport during the spring and winter

seasons, as depicted in Fig. 6.8.

In spring (Fig. 6.8(a)) and winter (Fig. 6.8(d)), there is strong west-to-east
transport, whereas in summer (Fig. 6.8(b)) and autumn (Fig. 6.8(c)), there is a
tendency for transport to be more northward. These results are consistent with
the patterns observed in the absolute values of the Raop slope within the
longitude band of 125—-150°E (Fig. 6.6). In spring and winter, the absolute value
of the Raop slope is smaller, indicating that aerosols are transported over longer
distances. Conversely, in summer and autumn, the absolute value of the Raop
slope is larger, indicating a tendency for less long-range eastward transport.
From these findings, the seasonal variation in atmospheric transport fields is
consistent with the slope of Raop. Therefore, the longitudinal and seasonal
analysis indicated that Raop has the potential to detect long-term changes in

atmospheric transport fields.
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6.5. Long-term variations in atmospheric transport fields

To investigate recent variations in the atmospheric transport fields, a long-term
trend analysis of Raop was analyzed. The longitudinal distribution of the 6-year
average Raop was analyzed using data from MODIS, MERRA-2, and
SPRINTARS for three periods: 2003-2008, 2009-2014, and 2015-2021 (Fig.
6.9). The analysis showed a significant decreasing trend in Raop values when
compared at the same longitudes over the temporal span of the study.
Furthermore, we observed a clear trend that the longitudinal distance of Raop
to reach a specified threshold value (e.g., 0.2) gradually decreased over time.
It has been observed that the distance over which aerosol concentration
decrease by 20% has been shortened in recent years (2015-2021). This trend
can be explained by a slight northward shift in the transboundary air pollution

pathways in recent years.
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Fig. 6.9 Hovmodller diagram depicting 6-year average Raop values within the
longitudinal range of 125-180°E using (a) MODIS, (b) MERRA-2, and (c)
SPRINTARS data during three periods: 2003-2013, 2009-2014, and 2015
2021. The arrows indicate the range where Raop decreases from 1 to 0.2.
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6.6. Summary

Emissions, cloud cover, and atmospheric transport field changes significantly
influence the variability of Raop. There is no correlation between the Raop and
AOD value near emission sources from 2003 to 2021, indicating that Raop can
offset the temporal changes in China's emissions. The Raop from MODIS,
MERRA-2, and SPRINTARS datasets show a consistent trend, with an
exponential decrease in Raop values extending from the eastern coast of China
across the longitudinal range of 125-180°E. These results indicate that
emissions and cloud cover do not significantly affect Raop variations,
highlighting that the changes in the atmospheric transport field play a dominant

role in transboundary air pollution.

Seasonal variations in atmospheric transport fields are consistent with the
slope of Raop within the 125-150°E longitude band. In spring and winter,
aerosols are predominantly transported from west to east, consistent with the
lower absolute values of Raop slopes. Conversely, during summer and autumn,
wind patterns shift slightly northward, consistent with higher absolute values of
Rnob slopes, indicating aerosols cannot transport. These findings suggested
that Raop, which uses aerosols as tracers, has the potential to detect long-term

changes in atmospheric transport fields.

Long-term variations in atmospheric transport fields were analyzed, and we
found that the distance over which aerosol concentrations decrease by 20%
has shortened, which can be explained by a slight northward shift in the

transboundary air pollution pathways in recent years.
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Chapter 7. Northward shift of transboundary air
pollution pathway associated with climate change in

recent decades

Chapter 6 suggested that the eastward transport distance of aerosols has

been shortened. Two factors can affect the shortening of the transport distance

of aerosols: aerosol composition and the northward shift of transboundary air
pollution pathways. Since aerosols contain various components, their
composition's lifetime may affect the transport distance. The purpose of this
chapter is to clarify if the transboundary air pollution pathway has shifted
northward in recent decades. It is necessary to minimize the influence of aerosol
component lifetimes on the eastward transport distance. And the analysis
period was extended to 21 years (2003-2023), and the Raop for each

component was analyzed.

7.1. Longitudinal distribution of Raop for each component

We analyzed the longitudinal distribution of Raop for both coarse particles and
fine anthropogenic aerosols (Fig. 7.1). The analysis utilized MERRA-2 AOD
data for black carbon (BC), organic carbon (OC), sulfate (S037), and dust,
covering a 21-year period from 2003 to 2023. Marine contributions from DMS
and organic matter were also considered when calculating the Raop for each

component.

The Raop curves for total AOD, BC, OC, and SOz~ exhibit similar and
consistent patterns, suggesting that the compositional origins of Raop in the
downwind regions of China are predominantly from anthropogenic aerosols.

Furthermore, this similarity indicates that the longitudinal distribution of Raop for
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anthropogenic particles is not significantly influenced by differences in the
lifetimes of these particle types. Additionally, the Raop_pust does not fit well, and
the values around 145°E are negative. This indicates that dust transport is
minimal in the Pacific region downwind of China. Even if a transport event were
to occur, the large particle size of the dust would result in rapid deposition.
Consequently, the Raop pust was not statistically significant in this study.
Moreover, this discussion highlights the reliability and effectiveness of Raop as

a metric to be an indicator of aerosol transport from the eastern coast of China.
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Fig. 7.1 Longitudinal distribution of Raop for total AOD (green circles), SO, (red
circles), BC (black circles) and OC (blue circles), and Dust (yellow circles) which
represented by Raop total, Raop_so,%, Raop_sc, Raop_oc and Raob_pust, respectively.
The data are from MERRA-2 and divided into 5° intervals over the range of 25—
30°N and 125-180°E during from 2003 to 2023. The curve of Raop derived from
exponential fitting, with slopes of —0.08 for both total AOD and S03-, -0.07 for
both BC and OC, and -0.11 for dust.
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7.2. Annual variation of Raop for each component

To analyze the spatial and temporal annual variation of Raop for each
component from 2003 to 2023, a Hovmoller diagram was employed by using
MERRA-2 data, which is depicted in Fig. 7.2. This pattern is visually
represented by a color gradient that transitions from black to green and then to
blue. The year-to-year variation of anthropogenic aerosols Raop (Raob_so.?,
Rrobp Bc and Raop oc) and total AOD are consistent, suggesting that the main
source of Raop in the downwind area of China predominantly comes from

anthropogenic aerosols

Despite the large year-to-year fluctuation in Raop from 2003 to 2023, a notable
consistency was observed between the total AOD of Raop and Raop so,2. The
total AOD of Raop and Raop so,? values extend to around 150-155°E in light
blue and range from 0.1 to 0.2 during 2005, 2007, 2013, 2017, and 2019,
indicating meteorological conditions suitable for air transportation from the
eastern coast of China. In contrast, in 2009 and 2018, the total AOD of Raop
and Raop_so,? values suggesting a tendency for less eastward aerosol transport.
The trends in Raop sc and Raop_oc also showed similar patterns, with years such
as 2005, 2012, 2017, and 2019 showing conditions suitable for eastward
aerosol transport. However, there was a tendency for reduced eastward aerosol
transport in 2009, 2015, 2016, and 2018.

To clearly observe the annual variation in Raop from 2003 to 2023, particularly
within the longitudinal band of 125-130°E, the slope (deg') of the linear
regression of Raop was analyzed (Fig. 7.3). The annual variation in the slope of
Raop_so,? was consistent with the slope of Raop, indicating that the composition
of aerosols transported downwind from China has remained unchanged, with
S03~ remaining the dominant component in recent years. This trend was also
observed for Raop_sc and Raop_oc, despite their relatively smaller contribution
to total AOD.
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Fig. 7.2 Hovmoller diagram depicting longitudinal year-to-year variation of Raop
for total AOD, SO,, BC and OC, which represented by (a) Raop tota, (b)
Raob_so,%, (€) Raop_sc, (d) Raop_oc, respectively. The analysis using MERRA-2
data from 2003 to 2023 covers the longitudinal range of 125-180°E.
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Fig. 7.3 Year-to-year variations in the slope (deg™) of the Raop linear regression
for total AOD, SO%~, BC and OC, represented by Raop ttal (green triangle),
Rnop so,? (red circle), Raop ec (black circle), Raop oc (blue circle), respectively.
The analysis using MERRA-2 data from 2003 to 2023 covers the longitudinal
range of 125-130°E.

7.3. Decadal trend of Raop for each component

To understand the transboundary air pollution pathway variations associated
with climate change over the recent decades, we analyzed the 10-year means
of Raop for each component by using MERRA-2 data during three periods:
2003-2013 and 2014-2023, as depicted in Fig. 7.4. Raop for each component
showed a similar trend, with the distance over which aerosol concentration
decreases by 20% has been shortened over the past decade. The composition
of aerosols seems to have minimal impact on the eastward transport distance.
Therefore, the eastward transport distance of aerosols has been shortened,
suggesting the northward shift of the transboundary air pollution pathway in

recent decades.
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Fig. 7.4 Hovmoller diagram depicting the 10-year longitudinal average of Raop
for total AOD, BC, OC, and SO3~which represented by (a) Raop_total, (b) Raob_sc,
(¢) Raob_oc, (d) Raop_so.?, respectively. The analysis covers the longitudinal

range of 125-180°E using MERRA-2 data during three periods: 2003—-2013,
and 2014-2023.
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7.4. Latitudinal decadal trend of Raop

The Fig. 7.5 shows an analysis of the linear regression slopes (unit: deg™ per
decade™ of the total AOD for Raop and Raobp_so,? within the latitude band of 25—
30°N (at 0.5° intervals) during two periods (2003-2013 and 2014—-2023). Similar
to the results, the absolute values of the slopes of Raop and Raop so,? in the
later period (2014—-2023) are larger than those in the earlier period (2003-2013).
Additionally, the figure reveals a latitudinal trend where the absolute values of
the regression slopes decrease with increasing latitude, suggesting that the
aerosol transport pathway tends to extend further in higher latitude regions.
These results further confirm a northward shift in aerosol transport pathways in

recent years.
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Fig. 7.5 The variation analysis of the slopes (linear regression slopes at
Lon125-130°E) of Raop total (triangle) and Raop_so,? (circle) within the latitude
range of 25-30°N (at 0.5° intervals) for the two periods 2003-2013 (gray lines)
and 2014-2023 (red lines) (unit: deg™ decade™).
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7.5. Decadal wind field analysis

The distribution of wind speed (m/s) and wind direction at 500 hPa over two
time periods: 2003-2013 and 2014-2023, based on MERRA-2 reanalysis data
(Fig. 7.6). The color scale represents wind speed, with higher wind speeds
shown in red, while black arrows indicate the wind direction. The results show
that the high wind speed region (depicted in red) has shifted significantly
northeast during 2014-2023 compared to 2003—-2013. This high wind speed

region is likely the position of the subtropical jet stream.

In the earlier period (2003—2013), the core of the subtropical jet was located
near 35°N, whereas in the later period (2014—2023), the core of the jet stream
shifted northward to approximately 37—40°N. This northward shift in the wind
field is consistent with the result of the northward shift of the aerosol transport
pathway. The findings suggest that the northward shift of the aerosol transport
pathway is likely to be affected by the variation of the wind field, especially due
to the northward shift of the subtropical jet stream associated with climate

change.
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Fig. 7.6 Distribution of wind speed (m/s) and wind direction at 500 hPa from
MERRA-2 for the decade periods: 2003-2013 (top figure) and 2014-2023
(bottom figure).
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7.6. Summary
We utilized MERRA-2 Raop for each component, including total AOD, BC, OC,

S03~ and dust to minimize the influence of aerosol component lifetimes on the
eastward transport distance. We also extended the analysis period from 2003
to 2023 to examine variations in transboundary air pollution pathway in recent
decades. We found that Raop for total AOD and SO;~ exhibited similar
longitudinal distribution patterns indicates that SO2~ aerosols are the primary
contributors to Raop in the downwind regions of China. Moreover, even
components like BC and OC have similar trends which contribute relatively less
to total AOD. Long-term trends of Raop for each component showed a similar
trend, with the distance over which aerosol concentration decreases by 20%
has been shortened over the past decade. These findings provide further
evidence that transboundary air pollution pathway have shifted northward in

recent decades.

Additionally, the decadal latitudinal analysis of Raop slopes shows an
increased slope in the later decade (2014—-2023) compared to the earlier period
(2003-2013), suggesting shorter eastward transport distances. Wind field
analysis at 500 hPa shows a significant northeastward shift of the high wind
speed regions between the two decades. This trend is likely caused by the
movement of the subtropical jet stream from approximately 35°N to 37—40°N.
These results indicated that the northward shift of the aerosol transport pathway
is likely driven by the northward shift of the subtropical jet stream associated

with climate change.
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Chapter 8. Conclusions

This study analyzed long-term AOD data from the MODIS sensor on Earth
observation satellites. We focused on the Pacific region in the downwind area
of China, which is a major source of aerosol emissions. To offset the impact of
temporal changes in China’s emissions, we proposed a new metric (Raop),
which normalized by AOD over coastal China to offset the impact of temporal

changes in China's emissions.

Chapter 6 clarifies the detectability of long-term changes in atmospheric
transport fields using aerosols. We analyzed the longitudinal trends of Raop
values by using MODIS, MERRA-2, and SPRINTARS datasets. A clear
exponential decrease in Raop values from China towards the Pacific Ocean was
observed. Furthermore, the seasonal variations in Raop were well consistent
with the seasonal changes in atmospheric transport fields. These findings
indicated that Raop, has the potential to detect long-term changes in
atmospheric transport fields. Additionally, we found that the eastward transport
distance of aerosols has been shortened in recent decades, which can be
explained by a slight northward shift in the transboundary air pollution pathway

in recent years.

Since aerosols contain various components, their composition's lifetime may
affect the transport distance. To minimize the influence of aerosol component
lifetimes on the eastward transport distance, we analyzed the long-term
changes in Raop for each component in Chapter 7. Investigate not only the main
component (SO,427), but also other components such as BC (black carbon), OC
(organic carbon), and dust. We also extended the analysis period from 2003 to
2023. The longitudinal distribution of anthropogenic Raop (SO,*, BC, OC) is
consistent with the total Raop. Furthermore, annual variations in the slope of
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sulfate Raop are consistent with the total Raop. BC and OC Raop showed similar
trends, despite a relatively small fraction of total Raop. Over the past decade,
the Raop for each component has shown a similar trend, with the distance over
which aerosol concentration decreases by 20% has been shortened. These
results indicate that the SOz~ is still the primary contributor to AOD in the
downwind regions of China. These results provide further evidence that
transboundary air pollution pathway has shifted northward in recent decades.
Additionally, the decadal latitudinal analysis was consistent with wind field
analysis showing a northeastward movement of high wind speed regions and
the subtropical jet stream from approximately 35°N to 37—40°N between the
periods 2003-2013 and 2014-2023. These results indicated that the northward
shift of the aerosol transport pathway is likely driven by the northward shift of

the subtropical jet stream associated with climate change.

Overall, potential long-term changes in atmospheric transport fields have been
detected, indicating that the transboundary air pollution pathway has shifted
northward as climate change progresses. We aspire to utilize Raop to improve
climate model validation and enhance our understanding of future climate
change projections. To enhance the detectability of variations in transboundary
air pollution pathway associated with climate change, it is essential to utilize

longer-term, continuous satellite observation data.
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Abbreviations and nomenclature

AOD  Aerosol Optical Depth

TOA top-of-atmosphere

¥t extinction coefficient

044, aerosol absorption coefficient

bs,:2 Scattering cross-sections

n; the number concentration of aerosol of given size (particles cm)
Ny the number of aerosol sizes
b, 4:2 effective absorption cross section of a single aerosol particle

bs .2 effective scattering cross section of a single aerosol particle
n(r)  size distribution

a®“*  scattering coefficients

a®’  absorption coefficients

Q5? scattering cross-sections

Q%S absorption cross-sections

t AOD

7, AOD along the eastern coast of China

«a  attenuation coefficient of AOD

L length of the transboundary air pollution path
pA  reflectance

L, measured spectral radiance
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Fy,  solarirradiance

Pos7; reflectance at 0.47 pym

0o5s Standard deviation of reflectance at 0.55 pm

Parm,2 atmospheric path reflectance
T, total transmittance

psurf,a SuUrface reflectance

€ squares spectral fitting error

Pobsa Spectral reflectance of observations
Pmoa, Modeled TOA reflectance

bext(RH) extinction coefficient

d, vertical layer thickness

% analyzed AOD in MERRA-2
tf forecast AOD in MERRA-2

7% observed AOD in MERRA-2

6x®* 3D aerosol concentration increments
6t* 2D AOD increments

pair air density

q. aerosol mixing ratio

v horizontal wind components

w vertical wind components

F; emission fluxes

Fp diffusion fluxes
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Fs deposition fluxes

Faust SOil dust emissions

Vg4, dry deposition velocity
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