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The Economic and Social Commission for Asia and the Pacific (ESCAP) is the most
inclusive intergovernmental platform in the Asia-Pacific region. The Commission promotes
cooperation among its 53 member States and 9 associate members in pursuit of solutions
to sustainable development challenges. ESCAP is one of the five regional commissions of
the United Nations.
The ESCAP secretariat supports inclusive, resilient, and sustainable development in the
region by generating action-oriented knowledge, and by providing technical assistance
and capacity-building services in support of national development objectives, regional
agreements and the implementation of the 2030 Agenda for Sustainable Development.

1

3

Air pollution in the
Asia-Pacific region

According to a study by the United Nations
Environment Programme (UNEP), air pollution
is the fifth leading risk factor for mortality and
was estimated to be responsible for around
3.4 million deaths in the Asia-Pacific region, in
2017 (Health Effects Institute, 2019) . Though
countries and cities have implemented various
air pollution management policies, these
only offset the additional pollution produced
by a growing population and increasing
urbanization (UNEP, 2018). Between 1990
and 2015, the population-weighted annual
mean concentration of fine particulate matter
(PM 2.5)¹ grew by 19 per cent in Asia and
the Pacific (Health Effects Institute, 2018),
exceeding the global increase of 10 per cent.
In 2018, the Asia-Pacific region was home to
96 of the 100 cities most polluted with PM 2.5
(IQ Air, 2020). Exposure to particulate matter
pollution tends to be greater in least developed
countries, whereas tropospheric ozone (O3)
concentrations grew faster in more developed
or rapidly developing countries and regions,
such as in South Asia, where O3 pollution grew
at a much faster rate than the global growth
rate (Health Effects Institute, 2019).
Air pollution is increasingly understood as
a global issue, requiring an understanding
of
pollution
sources,
transport,
and
transformation from local to regional to global
scales (IPCC, 2013). Polluting gases, such
as ozone (O3) and aerosols, particularly PM
2.5, are known to be major risk factors for
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public health (Cohen and others, 2017; Brauer
and others, 2016). Fine particulate matter,
such as PM 2.5 and PM 10, have diameters
that are smaller than 2.5 μm and 10 μm,
respectively, and penetrate deep into the lungs
and cardiovascular system, causing diseases
including stroke, heart disease, lung cancer,
chronic obstructive pulmonary diseases, and
respiratory infections. Tropospheric ozone,
nitrogen dioxide (NO2) and sulphur dioxide
(SO2) can irritate and damage the respiratory
system, causing problems particularly to
people with existing lung problems, such as
asthma. Nitrogen dioxide and volatile organic
compounds (VOCs), such as formaldehyde, also
react to create ozone, or photochemical smog,
while SO2 and NO2 can contribute to forming
particulate matter. According to a World Health
Organization report (2014), air pollution in
2012 caused the premature deaths of around
7 million people worldwide. It was estimated
that if the aerosol level could be reduced to the
safety level, about 300,000 to 700,000 persons
could be prevented from premature death in
developing countries. Industry, transportation,
coal power plants, and household solid fuel
usage contribute significantly to air pollution.
Air pollution continues to rise at an alarming
rate and affects economies and quality of life.
Problems of air pollution in Asia and the Pacific
have led to an increased interest in regional
air quality (AQ). Anthropogenic air pollutants
are emitted from industries and power plants,

Percentage of people living in cities with various PM2.5 levels in μg/m3.
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automobiles, agricultural waste burning, and
other sources, as gaseous pollutants (NO2, SO2,
ammonia (NH3), VOCs, carbon monoxide (CO),
etc.), and in particulate form (particularly, as
black carbon (BC) and organic carbon (OC) that
are primary components in PM 2.5. Dust and
sea salt are emitted from natural sources, partly
as PM 2.5 but mostly as PM 10. The gaseous
pollutants are oxidized in the atmosphere to
form secondary pollutants, such as ozone
and other oxidants (e.g., hydrogen peroxide
(H2O2) and peroxyacetyl nitrate (PAN)), nitric
and sulfuric acid, and oxygenated organic
compounds. Some of these species turn to
secondary aerosols (particulate matters) by
the physical transformation in sulfuric acid,
ammonium sulphate, ammonium nitrate, and
organic aerosols. These secondary aerosols
are the most important components of PM 2.5,
together with the primary fine particles directly
emitted from combustion. The total of these
primary and secondary, and gaseous and
particulate, air-born species combine to define
air quality (AQ). Thus, systematic observations
of ozone, aerosols, and their precursors; NO2,
SO2, VOCs, etc., over wide areas, together with
meteorological observations, are critical to
public health and environmental policy in this
region.
Aerosol is closely related to the quality
of human life and the degradation of the
environment. The climatic and environmental

issues related to atmospheric aerosols are
wide-ranging, with concerns about land use
and increasing desertification, dust storms,
acid rain, air pollution, etc. Aerosol directly
influences radiative forcing through the
scattering and absorption of solar radiation. It
can also serve as cloud condensation nuclei
to change the microphysics and lifetime of
clouds, thereby indirectly changing radiative
forcing and hydrological circulation. In recent
decades, dramatic human activities caused
by fast industrialization, urbanization, and
motorization have severely destroyed the global
bio-geo-chemical balance at an unprecedented
scale. The study of climate change and the
impact of human activities on the environment
has become increasingly critical, and aerosol
research has become a key field in atmospheric
science.
Haze is a weather phenomenon that not
only affects cloud processes, but also public
health, agricultural production and global
climate change, attracting the attention of
scientists all over the world (Anderson and
others, 2003; Molina and Molina, 2004; Yadav
and others, 2003, pp. 265-277). With haze,
visibility is severely reduced due to enhanced
aerosol concentrations in the presence of high
humidity. In a clean, unpolluted atmosphere,
atmospheric visibility can reach about 200 km,
however, with haze, visibility can be significantly
reduced, often to just a few kilometres or less.
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Supporting space applications
for decision-making and
management of air pollution

Ground monitoring and remote
sensing: differences and
complementarities
Ground monitoring and satellite-based remote
sensing are two essential ways of monitoring
air quality. As compared to ground monitoring,
satellite-based remote sensing uses an
analysis of electromagnetic radiation to
provide a wider spatial and temporal (e.g., longterm transboundary and transport) coverage
of air quality, from a regional to a global scale.
Nonetheless, the resolution of measurements
is rather poor for local observations. Thus,
remote sensing does not provide adequate
information for a specific site.
In contrast, ground monitoring measurements
of air quality gauge the physical and chemical
concentrations on a finer spatial scale, but
are limited in the ability to provide information
about these processes on a regional scale.
Therefore, both ground and satellite-based
remote sensing measurements are necessary
to understand better air quality and its impact
on the environment, weather, and climate.

Monitoring air pollution using
remote sensing
The use of space applications, for various
purposes, has advanced rapidly in recent years.
Such advances in technology have resulted in
better sensors and techniques for extracting
data, while the costs of utilizing remote sensing
information are constantly reducing. Remote
sensing is a process of detecting physical

characteristics of an area based on measuring
electromagnetic radiation from a distance,
such as via a satellite. The sensor mounted on
the satellite (or drone, plane, etc.,) measures
the loss of radiation across and within specific
bandwidths, or frequencies, which reflect
what radiation has been absorbed by various
physical characteristics. Different objects
absorb different frequencies, or combinations
of frequencies, allowing, through analysis,
some differentiation of objects such as
vegetation, water, clouds, soil, etc. Remote
sensing has considerable practical applications
for supporting development, though it also
has limitations, such as climatic and physical
conditions that lead to uncertainties in
measurement and difficulties in interpretation.
Nevertheless, the use of remote sensing has
expanded substantially, and can be used
for managing crops, monitoring disasters,
providing early warnings, mapping surface
features, monitoring changes in pollution or
land use, among many other applications.
For air pollution, it is also possible to monitor
specific pollutants and model their movement,
allowing for decision-makers to determine the
impact of policy actions. One of the primary
methods of detecting air pollution through
remote sensing is the Differential Optical
Absorption Spectroscopy (DOAS) method.
The DOAS method consists of two steps to
retrieve trace gases (NO2, SO2, VOC, etc.,) for
space-borne applications. To obtain the slant
column density (SCD), the DOAS method is
used to fit the differential absorption cross-
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sections to the measured sun-normalized
Earth radiance spectrum. The slant column
density is translated into the vertical column
density using the air mass factor (AMF).
The first step in the DOAS algorithm is to
determine the SCD, which is defined as the
amount of trace gas moving along an average
path taken by photons within a fit window
as they travel from the sun through the
atmosphere to the satellite sensor. This path
is represented in Figure 1 by the blue lines.
The SCD is determined by fitting a function

to the ratio of the measured Earth radiance
to the solar irradiance data. This fit is applied
to data taken in a specific wavelength range,
called the fit window, which needs to be
optimized for each trace gas separately. A
polynomial function, which serves as a highpass filter, is applied to account for scattering
and absorption that vary gradually with the
wavelength, e.g., reflection by the surface and
scattering by molecules, aerosols, and clouds.
Also, the high-pass filter takes out gradually
varying radiometric calibration errors and other
instrumental multiplicative effects.

Figure 1. Sketch of satellite radiation measurement and geometry in a plane parallel
atmosphere.

Source: The European Space Agency, Sentinel Online, Level-2 Algorithms – DOAS. Available at https://sentinels.copernicus.eu/web/sentinel/technical-guides/sentinel5p/level-2/doas-method
Note: The blue lines are the optical path relevant to the slant column density (the first step of the DOAS algorithm). The red line is appropriate to the vertical column
density (second step of the DOAS algorithm).
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The AMF is a key parameter to convert SCD to
vertical column density (VCD). AMFs for NO2,
SO2, VOCs are based on a lookup table (LUT)
approach. LUTs are constructed as a function
of time, location, observation geometry, surface
albedo, and other variables. Depending on trace
gases, spatial and temporal resolutions, cloud
and aerosol properties, and vertical profiles
are considered differently in the AMF LUTs.
Scattering weights are calculated using a
radiative transfer model, (e.g., a vector discrete
ordinate radiative transfer model), and vertical
shape factors are constructed as a function of
location and time.
The aerosol algorithm is based on optimal
estimation to retrieve the aerosol optical depth
(AOD), single scattering albedo (SSA), and
aerosol height (AEH) (Torres, Ahn and Chen,
2013; Kim and others, 2018). Following aerosol
type classification using ultraviolet (UV) and
visible algorithm, AOD and SSA are retrieved
using specific wavelength.
AOD is the most widely used parameter derived
from satellite remote sensing to estimate
ground-level PM concentrations. It represents
the amount of light attenuation caused by
atmospheric aerosol scattering and absorption
in the vertical column. More recent studies
explored advanced statistical and machinelearning approaches to improve the prediction
of ground-level PM concentrations, or artificial
neural networks.

GEMS and Pandora
The Geostationary Environment Monitoring
Spectrometer (GEMS) was launched by the
Republic of Korea, on 18 February 2020, to
monitor air quality at high spatial and temporal

resolutions from the geostationary Earth orbit
(GEO) over Asia. GEMS is a part of the future
GEO air quality constellation, together with
the Tropospheric Emissions: Monitoring of
Pollution (TEMPO) instrument covering North
America (Zoogman and others, 2011), and
the Sentinel-4 instrument covering Europe
(Ingmann and others, 2012).
The primary objective of GEMS is to
provide columnar measurements of key AQ
components; tropospheric O3, aerosols, and
their precursors (NO2, SO2, formaldehyde
(HCHO), and glyoxal (CHOCHO)) at high
temporal and spatial resolutions. NO2 is a
precursor of tropospheric O3 and nitrate
aerosols, as is SO2 for sulphate aerosols.
HCHO and CHOCHO provide information on
VOCs, precursors of tropospheric O3, and on
organic aerosols. Measurements of HCHO
and CHOCHO reflect emissions of biogenic
and anthropogenic VOCs, including isoprene,
monoterpene, and aromatics (DiGangi and
others, 2012; Vrekoussis and others, 2010).
To achieve the GEMS mission, a set of user
requirements were developed after extensive
sensitivity studies and data analysis of
previous satellite measurements. Nominal
spatial resolution is 7 km × 8 km for gases and
3.5 km × 8 km for aerosols over Seoul, Republic
of Korea. GEMS chose the spectral coverage
to be 300–500 nm at 0.6 nm full-width at halfmaximum (FWHM) with three samples/bands
to detect the trace gases of interest. Typical
vertical optical depths (ODs) for relevant trace
gases and aerosols in the GEMS spectral range
are shown in Figure 3. Low- and high-frequency
signals can be separated to provide ODs for
aerosols and trace gases, respectively.
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Figure 2a GEMS flight
model drawing,
and pictures of
the calibration
assembly.

Figure 2b GEMS flight model Figure 2c
drawing, and
pictures of the
calibration assembly
with aperture.

GEMS flight model
drawing, and pictures
of the calibration
assembly with
radiator side view of
the instrument.

Source: Jhoon Kim and others, “New Era of Air Quality Monitoring from Space: Geostationary Environment Monitoring Spectrometer (GEMS)”, Bulletin of the
American Meteorological Society, vol. 101, No 1 (January 2020). Available at https://journals.ametsoc.org/view/journals/bams/101/1/bams-d-18-0013.1.xml
Note: Total mass of the GEMS is 159 kg. Volume is 1,004 mm × 1,088 mm × 865 mm.

Figure 3

Optical depth spectra of aerosols and trace gases in the GEMS spectral range for
typical GEO measurement geometry.

Source: Jhoon Kim and others, “New Era of Air Quality Monitoring from Space: Geostationary Environment Monitoring Spectrometer (GEMS)”, Bulletin of the
American Meteorological Society, vol. 101, No 1 (January 2020). Available at https://journals.ametsoc.org/view/journals/bams/101/1/bams-d-18-0013.1.xml
Note: Different colours represent species for vertical optical depths (line) and fitting window/wavelengths used for retrieval (horizontal bar).
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For the GEMS mission to be successful in
maintaining accurate and consistent Level
2 (L2) products, a well-defined validation
strategy has been developed based on a
comparison of retrieved products from in-situ
ground measurements. GEMS L2 products can
be validated with column measurements from
Pandora spectrometers (Herman and others,
2009). A small spectrometer system, Pandora,
designed to measure atmospheric trace gases
has become available based on commercial
spectrometers with the stability and stray
light characteristics as seen in Figure 4. The
Pandora spectrometer instrument is used to
measure columnar amounts of trace gases in
the atmosphere. These gases (O3, NO2, CH2O)
absorb specific wavelengths of light from the
sun in the ultraviolet-visible spectrum.

Figure 4

Using the theoretical solar spectrum as a
reference, Pandora determines trace gas
amounts using the DOAS method. This principal
attributes differences in spectra, measured
by Pandora, with the presence of trace gases
within the atmosphere (i.e., the difference
between the theoretical solar spectrum and
measured spectrum is caused by absorption
of trace gas species). Using DOAS, Pandora is
able to retrieve data with a temporal resolution
of 80 seconds. The raw data collected enters
a vigorous filtering and processing cycle,
producing the final data product with very high
accuracy.

System overview of Pandora spectrometer (Example: Pandora site number 54,
Seosan site, South Korea)
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Pandonia Global Network and the
potential for developing an Asian
Network
The Pandonia Global Network² (PGN) is a
collection of Pandora spectrometers used
around the world which can monitor trace
gas values worldwide. With many instruments
collecting data daily, the Pandora team can
obtain information about the behaviour of
these gases in the atmospheric column.

Figure 5

Used simultaneously with other instruments,
the Pandora spectrometer can validate
collected data and extend the range of data
collected on gases in the atmosphere. Today,
Pandora instruments are distributed to over
100 locations worldwide and are a continually
growing project (Figure 5). Six Pandora
spectrometers were installed in East Asia,
with a further 20 due to be installed in various
countries in South-East Asia, South Asia and
North-East Asia, from 2022 to 2023. Using the
observation data, it will be possible to monitor
AQ in East Asia and use it as validation with
GEMS and the Pandora spectrometer data.

Example illustration of NO2 concentration in Pandora spectrophotometer around the
world.

Source: Pandonia Global Network. Available at https://www.pandonia-global-network.org/.

Benefits and challenges of other
satellite and air pollution data
Monitoring air quality from satellites has played
a key role in understanding the status of air
pollution loadings and trends, on the regional

2

to the global scale, by providing quantitative
information on amount of pollutants, emissions,
and transport (e.g., Levelt and others, 2018).
Figure 6 summarizes the capabilities of
satellite instruments to measure atmospheric
composition using remote sensing for temporal
and spatial resolution. In the late 1970s, total

For more information and data on PGN, see https://www.pandonia-global-network.org/.
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O3 was measured successfully by the Solar
Backscatter Ultraviolet Radiometer (SBUV)
and the Total Ozone Mapping Spectrometer
(TOMS) (Heath and others, 1975). Technology
has since advanced to measure important
tropospheric trace gas concentrations (O3, NO2,
SO2, HCHO, carbon monoxide) by a number of
satellite sensors, including the Global Ozone
Monitoring Experiment (GOME) 1 and 2 (Munro
and others, 2016), the Ozone Monitoring
Instrument (OMI) (Levelt and others, 2018), the
Scanning Imaging Absorption Spectrometer
for Atmospheric Cartography (SCIAMACHY)
(Bovensmann and others 1999), the Ozone
Mapping Profiler Suite (OMPS) (Flynn and
others, 2014), and the Tropospheric Monitoring
Instrument (TROPOMI) (Veefkind and others,
2012).
In addition to a growing number of target
species, from just O3 (TOMS) to the multiple
trace gas species (GOME, SCIAMACHY, and
OMI), the spatial resolution has improved from
the 100 km scale (GOME) to resolutions of just
a few kilometres (TROPOMI), and temporal
resolution has been enhanced from days to
twice daily (measured by infrared IR). The
OMI dataset has been analysed extensively to
understand AQ around the globe and to derive
emission sources (e.g., Levelt and others
2018; Duncan and others, 2016; McLinden and
others, 2016). Using SCIAMACHY and OMI for
morning and afternoon orbit measurements,
respectively, Boersma and others, 2008)
demonstrated the importance of multiple
satellite measurements in a single day for
improving model accuracy.
These advances have very practical applications
for decision-makers. For example, during the
COVID-19 lockdown of March 2020, in India,
electricity consumption fell by 9.2 per cent
from the year prior which reduced emissions of
air pollutants from coal fired power plants. As
a result, data from the Copernicus Sentinel-5P
satellite from the European Union Copernicus
programme documented a pronounced drop
in both sulphur dioxide (S02), which fell by over
40 per cent (ESA, 2020b), and nitrogen dioxide
(NO2), which decreased by up to 50 per cent
(ESA, 2020a), over some parts of India. The
data also revealed how NO2 concentrations
remained elevated over parts of north-east
India, a region with numerous coal power
plants.

The reduction in air pollution also had an
additional effect on water quality. Researchers
from the Centre for Atmospheric Sciences,
Indian Institute of Technology in New Delhi,
India integrated satellite data with numerical
models to explore the influences of transport
and accumulation of aerosols, such as NO2, and
dust on biophysical processes in the Northern
Indian Ocean (Seelanki and Pant, 2021). Spacebased monitoring and numerical modelling of
oceanic physical parameters (temperature and
salinity), and biogeochemical parameters (e.g.,
Chlorophyll-a (Chl-a) concentration, nutrients,
dissolved oxygen), provided a means to
compare the COVID-19 lockdown period with
the same season a year earlier (Seelanki and
Pant, 2021). Results revealed an improvement
in water quality and a decrease in Chl-a, a
proxy for phytoplankton biomass and oceanic
primary productivity (Seelanki and Pant, 2021).
Aerosol properties have been observed
extensively by several low Earth orbit (LEO)
satellite instruments, including the Moderate
Resolution
Imaging
Spectroradiometer
(MODIS) (Levy and others, 2013), and Visible
Infrared Imaging Radiometer Suite (VIIRS)
(Jackson and others, 2013). High-temporaland high-spatial-resolution observations of
aerosol properties have been available from
geostationary Earth orbit (GEO) instruments:
the Meteorological Imager (MI), and the
Geostationary Ocean Color Imager (GOCI)
onboard the Geostationary Korea MultiPurpose Satellite (GK)-1, also known as
the Communication, Oceanography and
Meteorology Satellite (COMS), and, more
recently, from the Advanced Himawari
Imager (AHI) mounted on the Himawari 8
satellite over Asia (Kim and others, 2008; Kim
and others, 2016; Choi and others 2016; Choi
and Ho, 2015; Lim and others, 2018).
To date, there are no observations of trace
gases at high temporal resolution from GEO
to complement the high-temporal-resolution
aerosol measurements. Fishman and others
(2008), and Bovensmann and others (2004),
discussed the importance of a GEO mission to
capture the diurnal variations of air pollutant
concentrations due to photochemistry, timedependent emissions, and daily meteorological
variability.
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GEMS L2 products can be validated with column
measurements from Pandora instruments,³
AERONET,4 and the Sun–Sky Radiometer
Observation Network (SONET).5 Vertical
profiles can be obtained from the Korean
Aerosol Lidar Observation Network (KALION),6
the Asian Dust and Aerosol Lidar Observation
Network (AD-Net),7 and the Multi-Axis
Differential Optical Absorption Spectroscopy
(MAX-DOAS) networks.8 Collocated in situ

Figure 6

surface concentration measurements are
essential to investigate the relationship
between column measurements and surface
concentrations. Surface concentrations of
trace gases and aerosols are available from
more than 400 ground stations of AirKorea,9
including six supersites, together with the Acid
Deposition Monitoring Network in East Asia
(EANET),¹0 and the World Ozone and Ultraviolet
Radiation Data Centre (WOUDC).¹¹

Development of satellite remote sensing instruments for atmospheric composition
measurements with respect to temporal and spatial resolution.

Source: Jhoon Kim and others, “New Era of Air Quality Monitoring from Space: Geostationary Environment Monitoring Spectrometer (GEMS)”, Bulletin of the American
Meteorological Society, vol. 101, No 1 (January 2020). Available at https://journals.ametsoc.org/view/journals/bams/101/1/bams-d-18-0013.1.xml
Note: Numbers in parentheses for LEO instruments represent revisit time per location in days. Symbols in squares and circles represent aerosols, and AQ-related trace
gases, respectively. Symbol colours represent wavelength ranges, as in the legend. For planned missions, mission names are in italics and symbol outlines are in dashed
lines.

3

For more information on Pandora instruments, see NASA, Pandora Project, available at https://pandora.gsfc.nasa.gov

4

For more information on AERONET, see https://aeronet.gsfc.nasa.gov

5

For more information on SONET, see http://www.sonet.ac.cn/en/index.php

6

For more information on KALION, see www.kalion.kr

7

For more information on AD-Net, see http://www-lidar.nies.go.jp/AD-Net

8

For more information on MAX-DOAS networks, see https://ebcrpa.jamstec.go.jp/maxdoashp

9

For more information on AirKorea, see www.airkorea.or.kr

10 For more information on EANET, see http://www.eanet.asia
11 For more information on WOUDC, see https://woudc.org/
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Modelling and decision-making
using remote sensing data
for air pollution
Validation with Pandora
spectrometer and satellite products
Pandora spectrometer data provide O3, NO2,
SO2, and HCHO column once a minute during
the day [Solar zenith angle (SZA) < 70°].
Therefore, the data can be used to analyse
characteristics of local air pollution and
application for decision support tools.
A Pandora instrument has been operating
at the Goddard Space Flight Center (GSFC),
in the United States, for around two years
with breaks for field campaigns, calibration
and repairs, and unfavourable weather
conditions. During this time, Pandora has
obtained 172 cases of column of NO2 (C(NO2))
data that can be compared with the ozone
monitoring instrument (OMI). Data from these
measurements can be seen in Figure 7 and
Figure 8 (Herman and others, 2009). Of these,
79 cases are for conditions where the OMI
cloud fraction was small (cloud fraction < 0.2)
and where the distance of the centre of the
OMI pixel from the GSFC observing site was
less than 20 km. For these cases (heavy blue
dots in Figure 8), the linear least-squares fit
yielded a slope of 0.98, indicating that the OMI
C(NO2) retrievals are nearly evenly distributed
relative to those measured by Pandora.
When considered a time-ordered series, the
correlation coefficient is 0.73, suggesting that
there is only a moderate day-to-day correlation
between the points in C(NO2) amount.
Pandora also officially provides a column
of sulphur dioxide. Research by Fioletov et
al. (2016) calculates SO2 with Pandora and
compares it with ground observation data over

the Canadian oil sands. The Pandora operation
at Fort McKay (a small town surrounded by five
oil areas of sand surface mining facilities to the
north and south) revealed that a combination
of strong emissions from the industrial sources
to the south with southern winds results in
“pollution events” characterized with high VCD
values of SO2 and NO2.
An example of such an event, on 23 August
2013, is shown in Figure 9a. During that event,
the wind direction was from the south or southeast, i.e., from the direction of the primary
pollution sources. Although the VCD and
surface concentration are different qualities,
they are often affected by the same plume and
therefore correlated. In situ measurements
on 23 August 2013 demonstrated the same
behaviour of surface SO2 and VCDs as illustrated
in Figure 9a, with a relationship where each 10
parts per billion by volume (ppbv) at the surface
corresponds to about 1 Dobson unit (DU) in the
total column (1 DU = 2.67 × 1016 molecules/
cm²). However, this relationship between the
column and surface differs from event to
event. Figure 9b and Figure 9c show examples
of pollution events on 4 and 5 November 2013,
when 1 DU corresponds to about 5 ppbv and
20 ppbv, respectively. On some occasions,
the VCD and surface concentration show
similar behaviour for many hours (Figure 9d),
while on other days, the changes in surface
concentration follow the VCD changes with
some time lag (Figure 9e), probably due to the
shape of the plume, or do not show any good
correlation (Figure 9f). In the case of 2 August
2015 (Figure 9f), the SO2 plume was probably
above the ground early in the morning and was
not detected by in situ instruments.
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Figure 7

The Multi-Function Differential Optical Absorption Spectroscopy (MFDOAS)
instrument and Pandora C(NO2) data from GSFC during May 2007 calibrated
with the MLE calibration method.

Source: Herman and others, 2009.
Note: Also shown are the OMI overpass data (green). TMFDOAS instrument data (red) are sparser than Pandora (blue) whenever MFDOAS is interspersing measurements
of sky radiances.

Figure 8

OMI versus Pandora C(NO2) at
GSFC.

Source: Herman and others, 2009.
Note: Pandora data are cloud screened and averaged over ± 30 min around
the OMI overpass time.
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Figure 9

Vertical column density (DU) measured by the Pandora spectrometer at Fort McKay
and in situ SO2 concentration (ppbv) measured at the same location for 6 days,
which illustrate fluctuations of VCDs and surface concentrations.

Source: Fioletov and others, 2016.
Note: The vertical scales are the same for all six plots.
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Diurnal Variation
By using Pandora data for more than a year, it
is possible to analyse the daily change of trace
gases in the area. Figure 10 analyses how the
concentration of NO2 changes by season and
day using Pandora data from the GSFC, in the
United States.
Even though the day-to-day C(NO2) has high
variability, there is a general pattern for the
seasons and with the day of the week, as
shown in Figure 7, where the seasonal variation
is much more considerable than the standard
error of the mean. Seasonal behaviour for
C(NO2) for spring and summer are similar, with

Figure 10a Average seasonal time
dependence of C(NO2)
during the day.

the maximum, most frequently occurring in the
morning and then decreasing throughout the
day. However, during spring, the C(NO2) values
are significantly higher than in the summer. The
autumn C(NO2) values increase in the morning,
as during spring and summer, but continue to
increase until about 15:00. The winter values,
however, decrease in the morning until about
09:50 and then increase until about 17:00. The
C(NO2) values for each day of the week (Figure
10b) show increasing pollution from Monday
until it reaches a maximum on Thursday and
falls to a minimum on the weekend as would be
expected from reduced traffic near a business
site.

Figure 10b Annual average for each
day of the week diurnal
behaviour of C(NO2) at GSFC.

Source: Herman and others, 2009.
Note: Winter (December, January, February), spring (March, April, May), summer (June, July, August), and Fall (September, October, November).
Note: The grey area around each line shows the mean value ± the standard error of the mean.

An interesting inland site is near the very
small town of Waterflow, New Mexico (Figure
11), where two power plants located near the
Pandora site ceased operation on 30 December
2013. The C(NO2) data suggests that the actual
shutdown occurred near 15 October 2013.
After the shutdown, air quality improved, with
C(NO2) decreasing from 0.4 to 0.28 DU. The
remaining more efficient generators continued

to produce smaller NO2 emissions. These
were shut down at the end of 2016 with little
additional observed change in C(NO2) since
the boilers used NO2 scrubbers. A nearby
highway about 2 km from the Pandora site
has little automobile traffic. An example of the
diurnal behaviour of C(NO2) at Waterflow, New
Mexico, on 6 June 2012 is shown in Figure 11
to illustrate the behaviour of Pandora C(NO2)
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retrievals at a wide range of solar zenith angles
(SZAs). The Waterflow Pandora site’s terrain is
flat, with no obstructions (buildings), permitting
observations to very high SZA. Almost every
day, the power plant briefly puts out very high
emissions of NO2 as part of its daily boiler
cleaning cycle. This can be seen in the very high
peak value of the total column NO2 (TCNO2) of
3.4 DU compared to the nominal value of 0.5

DU occurring for most of the day. The value
from the Field of View (FOV)-averaged OMI
retrieval at 21:01 GMT (14:01 local standard
time) is about 0.2 DU compared to the Pandora
value of about 0.5 DU. Figure 11 also illustrates
TCNO2 diurnal behaviour at two other sites; the
NASA Head Quarters in Washington D.C. and
the City College of New York, and compares
the values to the OMI-retrieved C(NO2).

Figure 11 Diurnal variation of TCNO2 at different sites and times.
Figure 11a On a single day, 2 km north of
Waterflow, New Mexico, near a
power plant.

Figure 11b On the roof of NASA Headquarters
in Washington D.C.

Figure 11c On the roof of a building at
CCNY City College of New
York, New York City, May 2018.

Figure 11d On the roof of a building at
CCNY City College of New
York, New York City, June 2018.

Source: Herman and others, 2019.
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Application using Wind data
Surface wind data were used to study
the dependence of VCDs and surface
concentrations on wind directions. The
primary SO2 emission sources are located
about 20 km to the south of Fort McKay, and
the winds from the south generally produce
high SO2 values. Figure 12a confirms that
surface SO2 concentrations are the highest
when the wind direction is south–southeasterly. This can be seen for both the mean
and the extremes values (90th percentile). As
Figure 12a shows, surface concentrations are

Figure 12a The mean and 90th
percentile of in situ
SO2 concentration.

very low for most wind directions except south
and south-east. This can be used to refine
the calibration-related bias in Pandora data.
A minimum in SO2 of about zero was found
for winds from the west as expected from the
location of industrial sources. Thus, it can be
assumed that this direction represents clean
conditions, giving us additional confidence in
the suggested calibration procedure. Figure
12b shows Pandora SO2 VCD as a function of
the wind direction with this bias removed. As
expected, it is very similar to the distribution of
surface concentrations from Figure 12a.

Figure 12c Pandora and in situ data show similar patterns:
high SO2 values are associated with south-east
winds.

Figure 12b Pandora SO2 VCD at Fort
McKay as a function of the
wind direction in 2013–2015.
Source: Fioletov and others, 2016.
Note: The mean values from the plots (a) and (b) are overlaid with Landsat images of the surface mining area, available at https://earthobservatory.nasa.gov/world-ofchange/Athabasca.
Note: The plots are based on simultaneous Pandora and in situ measurements averaged over 10 min intervals. The 0°, 90°, 180°, and 270° azimuths correspond to the
northern, eastern, southern, and western wind directions respectively. The two red squares indicate the major SO2 emission sources. Data for this plot were binned into
10° bins by the wind direction.
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VCD of NO2 was measured using Pandora
spectrometers at six sites in the Korean
Peninsula during the Megacity Air Pollution
Studies-Seoul (MAPS-Seoul) campaign from
May to June 2015. To better understand the
major contributors to tropospheric NO2 VCD at
each site, the change in NO2 VCD due to wind
pattern needs to be examined. Figure 13 shows
polar plots of tropospheric NO2 VCD, along with
wind speed and direction at the six Pandora
sites. Because of the regional characteristics
of wind and the short campaign period, not
all wind patterns in South Korea were likely
included in the analysis (e.g., seasonal wind
pattern). However, this analysis does indicate
how wind pattern affected the regional
characteristics of tropospheric NO2 during the
MAPS-Seoul campaign.
In most cases, the wind speed did not exceed
10 m s-1 at the observation sites, and the
westerly wind dominated the easterly wind.
This is consistent with the general wind
pattern over the Korean peninsula in May and
June. Despite the limited number of observed
wind patterns, Figure 13 clearly shows a
change in tropospheric NO2 VCD as the wind
field changes. At all the Pandora observation
sites, remarkably high tropospheric NO2 VCDs
were found for specific wind fields. However,
the characteristics of these wind fields differ
among the observation sites.
At two urban sites, Yonsei/SEO (Figure13b)
and PNU/Busan (Figure 13f), high tropospheric
NO2 VCD values were found under conditions
of southerly wind with low wind speeds (< 4
m s-1). The GIST/Gwangju (Figure 13e) site
also showed high VCD values under these
wind conditions, but the change in NO2 VCD
was smaller and may not be significant. The
findings indicate that local NO2 emissions
contributed greatly to the enhancement of
tropospheric NO2 at the Yonsei/SEO and PNU/
Busan sites during the campaign period.
Specific wind fields at the NIER/BYI (Figure
13a) and the KMA/AMY (Figure 13d) sites were
also associated with high NO2 VCD; westerly
winds with speeds of 4–6 m s-1 for the NIER/

BYI site, and easterly winds with speeds of
2–4 m s-1 for the KMA/AMY site. These two
observation sites are in rural areas with weak
local emissions. Therefore, high VCD values
can be attributed to transport. However, the
NO2 transport patterns differ between the two
sites. NIER/BYI borders the Yellow Sea on the
west, while the regions to the east of the KMA/
AMY site are land surfaces. Therefore, high
concentrations of NO2 at the NIER/BYI site are
thought to be due to transboundary transport
(e.g., Lee and others, 2014), while those at the
KMA/AMY site are attributed to the transport
of domestic (Korean) emissions near the
observation sites. Large domestic sources
of NO2 around the KMA/AMY site include
power plants and industrial activity. The KMA/
AMY site is close to many power plants that
provide power to the Yonsei/SEO and HUFS/
Yongin sites, collectively abbreviated to
SMA, and several chemical plants. For this
reason, easterly wind patterns change the
characteristics of the KMA/AMY site from
a classical rural site to those resembling an
industrial site.
At the HUFS/Yongin site, high tropospheric
NO2 VCD values were found under northwesterly wind conditions with wind speeds
of 2–6 m s-1, as shown in Figure 13c. The
HUFS/Yongin site is located on the south-east
side of Seoul, making it downwind of Seoul
during westerly wind conditions. Under these
conditions, the air quality of the surrounding
area is dominated by emissions from Seoul. To
further assess transport of pollutants, Figure
13c shows a time series of tropospheric NO2
VCD along with wind field data at the HUFS/
Yongin site during the MAPS-Seoul campaign.
Enhanced tropospheric NO2 VCD and high
wind speeds were highly connected under
westerly wind conditions, and low tropospheric
NO2 values were observed under conditions of
a weak wind speed or south-westerly winds.
Considering the direction of Seoul from the
HUFS/Yongin site, the wind directions causing
high tropospheric NO2 VCD at the HUFS/Yongin
site (~285°–345°) indicate that this site was
highly affected by NO2 transport from Seoul.
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Figure 13 Polar plots of tropospheric NO2 VCD for wind field changes at various sites.
Figure 13a NIER/BYI.

Figure 13b Yonsei/SEO.

Figure 13c HUFS/Yongin.

Figure 13d KMA/AMY.

Figure 13e GIST/Gwangju.

Figure 13f PNU/Busan sites.
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Machine learning for
modelling air pollution

Since January 2020, the United Nations
Economic and Social Commission for Asia
and the Pacific (ESCAP) has been developing
and testing models to support policy decisionmaking, in Asia-Pacific countries, using various
data sources, including remotely sensed data,
and machine-learning techniques.

linear relationships between independent and
dependent variables.

ESCAP has applied these techniques to the city
of Chiang Mai, Thailand, and its surrounding
areas. The study looks at various sources of air
pollutants, and through inputs from historical
weather and polluting activities, models
and simulates the effects and activities of
pollutants under various policy scenarios.

• Identify the primary air pollution sources in
Chiang Mai and determine their influence
on AQI levels.

The types of common atmospheric modelling,
that can be used to measure and predict the
movement of air pollution, are: 1) atmospheric
chemistry; 2) dispersion; and 3) machine
learning.
Atmospheric chemistry and dispersion
modelling uses emissions or concentrations
of primary air pollutants, and precursors
of secondary air pollutants, and applies
mass conservation equations to represent
the
emissions,
transport,
dispersion,
transformations and removal of those air
pollutants and its associated chemicals. The
general information needed is the emission
rates, meteorological factors and boundary
conditions. Machine learning is an area of
computer science where algorithms are
improved automatically through experience
and use of data. These statistical models are
based on historical data predictions, rather
than physical and chemical processes, and
can also handle many variables and non-

For example, an analysis for Chiang Mai utilized
a data-science based model that can accurately
predict the outcome for different scenarios by
building a system with the following criteria:

• Manipulate the data so that air pollution
in Chiang Mai is predicted at an hourly
rate. The R2-score (a statistical measure
of how close the data are to the fitted
regression line) should be as close to 1
(perfect) as possible to be confident in the
findings.
• Predict the air pollution level by
implementing the various scenarios. For
instance, Chiang Mai’s pollution would
change if agricultural burning were
decreased by 40 per cent in a 200 km
radius instead of a 20 per cent reduction
in a 400 km radius and understand which
scenario would have better outcomes.
This statistical approach was applied in Chiang
Mai, to predict the levels of PM 2.5 based
on reduced levels of agricultural burning,
allowing the Machine Learning Model, through
supervised learning, to predict possible
outcomes in different scenarios. For this step,
a Random Forest (RF) regressor demonstrates
the most outstanding suitability because of
its capacity to manage complex relationships.
The RF regression model is composed of an
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ensemble of decision trees that predict the
pollution level given present and previous
conditions, as shown in Figure 14. The model
decides whether to increase or decrease the
pollution level from a base level of 43 derived
from the number of hotspots in a 100 km
radius in the past 15 hours. The decisions are
then split further down the node using the wind

speed (left) or the number of hotspots in 100
km radius in the past 36 hours (right). This
progress continues until the model has used all
the input data. This process will be described
in detail in an upcoming technical paper,
“Methodology To Develop City-Level, ScienceBased, Air-Pollution Mitigation Policy Plans”, to
be published by ESCAP in early 2022.

Figure 14 An example of a decision tree from an ensemble of trees in random forest model for
Chiang Mai.
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Conclusion

Remote sensing data is increasing, rapidly, in
quality and quantity, along with the technologies
and methodologies to interrogate, analyse and
combine the data with various other information
sources for science-based decision-making.
Air pollution is a serious problem world-wide,
though 96 out of the100 most polluted cities
are in Asia.
The launch of the GEO-KOMPSAT-2B satellite,
in 2020, benefits the Asia-Pacific region with
higher resolution and more frequent remotelysensed data on air pollution. This data can
be used to determine hotspots of potential
emission sources and model the dispersal and
transboundary movement of air pollutants.
It could also help policymakers determine
the potential impact of their pollution control
strategies or of decisions that could result

in more air pollution emissions, such as the
construction of industrial facilities or burning
of biomass. These can be powerful tools when
combined with other information or statistical
data, such as on population distribution, or the
location of facilities that could be impacted by
pollution, such as schools or hospitals.
Though work is ongoing with respect to the
validation of GEMS data, it is clear that the
installation of Pandora instruments in the AsiaPacific region, the development and testing
of models, and the production of systems or
decision support tools that integrate all available
data for decision-making, over the next few years,
will provide significant growth in the access of
information on air pollution to the governments
of the region at a time when it is needed most.
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Acronyms and Abbreviations
air mass factor
air quality
Glyoxa

AMF
AQ
CHOCHO

Dobson unit

DU

fine particulate matter

PM

Formaldehyde

HCHO

Geostationary Environment Monitoring Spectrometer

GEMS

nitrogen dioxide

NO2

parts per billion by volume

ppbv

slant column density

SCD

solar zenith angles
sulphur dioxide
tropospheric ozone
United Nations Environment Programme
United Nations Economic and Social Commission for Asia and the Pacific
vertical column density

SZAs
SO2
O3
UNEP
ESCAP
VCD

volatile organic compounds

VOCs

World Health Organization

WHO
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