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Abstract

Nitrogen dioxide (NOy) is an important air pollutant with both environmental and
epidemiological effects. The main aim of this thesis is to explore spatial patterns and
temporal trends of tropospheric NO; concentrations globally using data from the OMI
instrument aboard NASA’s Aura spacecraft. Additional aims are to validate the
satellite data by comparing it to ground-based measurements, and to find the timing
and magnitude of the most significant breakpoints over the study period of 2005
through 2018. The results show that there was statistically significant agreement
between the satellite-based and ground-based datasets (r = 0.53). The global trend
over the study period was negative (- 0.41 molecules cm2 y1), but a large difference
was found between land and oceans (trends of - 1.84 molecules cm? y*and 0.35
molecules cm? y1, respectively). USA, western Europe, India, China and Japan were
identified as hotspot areas with high NO2 concentrations, while all these areas had
negative trends over the study period. Finally, it was found that the year 2008 had the
highest number of significant breakpoints, out of which almost all were negative.
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1. Introduction

Air pollution is one of the main threats to human health, ecosystems and climate on a
global scale (Paraschiv et al., 2017; Bechle et al., 2013). The global population is
growing substantially and more than half of the world’s population now live in urban
areas. Large urban areas and high population densities are hotspots for air pollution
(Paraschiv et al., 2017; Schneider et al., 2015). According to the World Health
Organization (WHO), about 3 million people die annually due to ambient air pollution,
mainly in low- and middle-income countries, and about 90 % of the world’s population
are exposed to air that exceed the WHO air quality guidelines (WHO, 2016).

Nitrogen dioxide (NO) is one of the most important air pollutants in the atmosphere
(Georgoulias et al., 2019) and has been linked to a number of both environmental and
epidemiological effects (Streets et al., 2013; Bechle et al., 2013). It is formed in
processes where nitrogen reacts with oxygen in high temperatures, e.g. through
lightning and the combustion of fuels (Zhang et al., 2017). The main anthropogenic
sources of NO; emissions are transport, industry processes and energy production (Liu
et al., 2016). Some of the main environmental effects that are linked to high NO;
concentrations are acidification, eutrophication and photochemical formation of
ozone (03) (Zhang et al., 2018; Zhang et al., 2017; Streets et al., 2013). NO; also
modifies the radiative balance in the atmosphere and influences the atmospheric
lifetime of greenhouse gases (Geourgoulias et al., 2019; Boersma et al., 2011). NO3 is
toxic at high concentrations and the epidemiological effects include respiratory
ilinesses such as lung cancer, asthma exacerbations and cardiopulmonary mortality
(Georgoulias et al., 2019; Zhang et al., 2017; Bechle et al., 2013; Orddiiez et al., 2006).
NO; has a short atmospheric lifetime, on average 3.8 + 1.0 hours (mean * 1 standard
deviation) (Liu et al., 2016) as it reacts with sunlight which triggers the production of
OH (Safieddine et al., 2013). Therefore, high concentrations of tropospheric NO; is
mainly confined to its emission sources, which in general are urban and industrialised
areas (Georgoulias et al., 2019; Bechle et al., 2013).

Monitoring of NO, concentrations and other air pollutants can be done with ground-
based monitoring stations. However, monitoring stations tend to be clustered in city
centres, have a small spatial coverage and are often lacking in developing countries
(Yu et al., 2018; Bechle et al., 2013). Ground-based air quality monitoring is thereby
unevenly distributed, and leave large areas under-represented (Lamsal et al., 2015; Yu
et al., 2018). An alternative approach to monitor air pollution is the usage of remotely
sensed satellite data which increase the spatial coverage. Major advances have been
made over the past decades to use satellite-based instruments to monitor
atmospheric pollutants (Paraschiv et al., 2017). Satellite-based monitoring of NO;
started in 1995 with the Global Ozone Monitoring Experiment (GOME) instrument
(Schneider et al., 2015). Since then, other satellite-based instruments have been used
to monitor tropospheric NO3, such as GOME-2, the Scanning Imaging Absorption
spectroMeter for Atmospheric CHartographY (SCIAMACHY), the Ozone Monitoring
Instrument (OMI), and the recent TROPOspheric Monitoring Instrument (TROPOMI)
aboard Sentinel-5. Out of these instruments, OMI offers the longest continuous
monitoring record (ongoing since 2004) and has a relatively high spatial resolution (13
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* 24 km? at nadir) (Zhang et al., 2017; Streets et al., 2013). Potential errors in
estimating NO; concentrations from satellite data include uncertainties in surface
albedo, aerosols, cloud parameters, slant column density and air mass factor
calculations (Bechle et al., 2013; Streets et al., 2013; Boersma et al., 2011). Therefore,
for satellite-based measurements to be trustworthy, the data needs to be validated
against ground-based monitoring stations (McPeters et al., 2008).

Studies of long-term trends provides information on changes in air pollution,
distribution patterns, and is useful to assess the effects of emission mitigation efforts
(Wang & Wang, 2018; Geddes et al., 2016; Munir et al., 2013). Studies that investigate
NO; trends using OMI data and validated the results against ground-based
measurements have been performed previously. For instance, Lamsal et al. (2015), Zu
et al. (2015), Tong et al. (2015) and Bechle et al. (2013) did studies in the U.S., de Foy
et al. (2016) studied NO; trends over China, Gruzdev and Elokhov (2010) in Russia,
Paraschiv et al. (2017) in eight European cities and Duncan et al. (2016) in cities around
the globe. These studies have overall found declining NO; trends in their respective
study areas and good agreement between OMI and ground-based measurements with
correlation coefficients ranging between 0.3 —0.93. NO; trend studies on a global scale
have also been performed previously using various satellite sensors. Georgoulias et al.
(2019) used GOME, GOME-2 and SCIAMACHY to study trends from 1996 — 2017,
Krotkov et al. (2016) used OMI to study trends between 2005 — 2015, Geddes et al.
(2016) used GOME, GOME-2 and SCIAMACHY between 1996 — 2012, Miyazaki et al.
(2017) used OMI, GOME-2 and SCIAMACHY between 2005 — 2014 and Schneider et al.
(2012) used SCIAMACHY between 2002 —2011. These studies have overall found both
negative and positive regional trends.

In this study, data from OMI will be used to study global and regional patterns and
trends in tropospheric NO; concentrations from 2005 to 2018, thereby contributing
to the research in spatiotemporal patterns in NO; concentrations by updating and
expanding the work done by previous scholars. Furthermore, linear- and non-linear
trend types as well as timing and magnitude of the major breakpoints will be spatially
explicit analysed at global scale.



1.1. Overall aim and research questions

The aim of this study is to map the spatial patterns and temporal trends of global
tropospheric NO; concentrations from 2005 to 2018, using data from the OMI
instrument. A second aim is to validate the OMI data by analysing whether the
satellite-based measurements are correlated with in situ data from ground-based
monitoring stations. A third aim is to analyse if regional differences can be found in
global NO; concentrations and if any significant temporal trends exist over the study
period. Finally, timing and magnitude of significant breakpoints of NO; concentrations
will be analysed for each grid cell on a global scale.

Research questions to be responded in this thesis are:
e How does the OMI data compare to the ground-based measurements?
e Based on the satellite data, do we see any spatial patterns in NO;
concentrations globally?
e Do we see any temporal trends in the concentrations of NO; over the study
period?
e And finally, when did the most significant breakpoint events occur?
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2. Background

2.1. The Aura spacecraft

Aura is one of the National Aeronautics and Space Administration’s (NASA) Earth
Observing System (EOS) satellites. It was launched in 2004 with the mission to collect
data of global air pollution and to monitor the chemistry and dynamics of Earth’s
atmosphere on a daily basis (NASA, 2007). Aura follows a sun-synchronous near polar
orbit at an average height of 705 km and has a 16-day repeat cycle. The satellite has
an orbital period of approximately 99 minutes and an Equator overpass time of 13:45
(£ 15 min) local time (Goldberg et al., 2019; Bucsela et al., 2013; OMI team, 2012).

Aboard Aura there are four instruments; the High-Resolution Dynamics Limb Sounder
(HIRDLS), the Microwave Limb Sounder (MLS), the Tropospheric Emission
Spectrometer (TES), and the Ozone Monitoring Instrument (OMI) (NASA, 2007; Levelt
& Noordhoek, 2002). In this study, data collected with the OMI instrument has been
used.

2.2.  OMl characteristics and instrument description

OMl is a nadir-looking push broom hyperspectral imaging spectrometer. It measures
reflected solar radiation in the ultraviolet and the visible light (UV/VIS) channels of the
electromagnetic spectrum (wavelength range of 264 — 504 nanometre (nm)) with a
spectral resolution of 0.42 — 0.63 nm (Ziemke et al., 2017; Dobber et al., 2006). The
instrument has a surface swath width of 2 600 km and achieves global coverage in
about 14.5 orbits with a 13 * 24 km (along track * across track) field of view at nadir
(Goldberg et al., 2019; Kim et al., 2018). The objective of OMI is to measure key air
quality components and parameters at a high spatial and spectral resolution in order
to study the recovery of the ozone layer, climate change and tropospheric air pollution
(Dobber et al., 2006). The specific components and parameters that OMI measures
are cloud pressure and coverage, aerosols, surface irradiance and total column and
vertical profile of the trace gases ozone (03z), nitrogen dioxide (NOz), sulfur dioxide
(50,), formaldehyde (HCHO), bromine monoxide (BrO) and chlorine dioxide (OCIO)
(Tan et al., 2018; Levelt & Noordhoek, 2002; Levelt et al., 2017).

The OMI instrument consists of three main elements; the optical assembly, the
electronics unit and the interface adaptor module (Levelt & Noordhoek, 2002). In the
optical assembly, the incoming light enters a telescope and is depolarised using a
scrambler. The light is then split depending on wavelength into a UV or a VIS channel
and is then focused by a mirror on to two separate detectors which converts the
optical signal to an analogue electrical signal (Dobber et al., 2006; Levelt et al., 2017).
The electrical signal is then transferred to the electronics unit which digitizes the signal
to measurement data. Another function of the electronics unit is to control the
settings of the optical assembly and to receive commands from the interface adaptor
module. The digitized signal data is then sent from the electronics unit to the interface
adaptor module, which is the interface between OMI and the Aura satellite (Dobber
et al., 2006; Levelt & Noordhoek, 2002).



2.3. The OMI row anomaly

Since 2007, OMI has suffered from reduced quality and spatial coverage in parts of
the sensor’s field of views. This problem is dynamic, meaning that it has varied over
time, and is referred to as a row anomaly (Tan et al., 2018; Torres et al., 2018; Krotkov
et al., 2017). The reason for the row anomaly is not fully understood but is believed to
be caused by a physical blockage of the optics from loosening fabric material on the
interior walls of the sensor (Torres et al., 2018; Krotkov et al., 2017). However, this
row anomaly only affects the level 1B and level 2 OMI products, which contain orbital
swath data. The level 3 product is made up of composites that are produced by
filtering out the affected data and averaging the unaffected pixels, thereby only
maintaining data with ‘optimal quality’ (OMI team, 2012). In this study, the level 3
product was used.

2.4. OMI NO; retrieval

There are two OMI NO; products available; NASA’s standard product and the Royal
Netherlands Meteorological Institute’s Derivation of OMI Tropospheric NO;
(DOMINO) product. The difference between the two products is how they separate
NO; in the stratospheric and tropospheric columns and their respective air mass factor
(AMF) calculations (lalongo et al., 2016). The AMF is defined as the ratio of the slant
column to the vertical column (Palmer et al., 2001). The product that has been used
for this study is the NASA standard product version 3.

The NO; retrieval of the NASA standard product algorithm has four main steps;
obtaining the NO: slant column density (SCD), estimating the stratospheric
contribution, calculating a tropospheric AMF and finally to use the SCD and AMF to
calculate the vertical column density (VCD) (Hains et al., 2010; Bucsela et al., 2006).
The SCD is the total amount of NO; (molecules cm™) observed from OMI through the
atmosphere in an angled view, while the VCD is total amount in a vertical view. In
order to retrieve the SCD, OMI uses differential optical absorption spectroscopy
(DOAS) spectral fitting technique. NO; is measured in the wavelength range 405 — 465
nm of the VIS and near-UV channels, where NO; has strong spectral absorption
(Krotkov et al., 2017; Bucsela et al., 2006). This results in the total SCD, which includes
both stratospheric and tropospheric NO,. Since NO; in the stratospheric and
tropospheric columns have different origins and vary in spatial distribution (Bucsela et
al., 2006), there is a need to separate the two columns. In the NASA standard product,
this is done using an algorithm which results in an interpolated stratospheric NO; mask
(Tong et al., 2015). The tropospheric SCD is then derived by subtracting the
contribution from the interpolated stratospheric NO> mask from the total SCD. Next,
the AMF is calculated from an assumed NO; profile, cloud fraction and surface albedo
(Tong et al., 2015; Boersma et al., 2011). Finally, the VCD, which is the final product
and the variable of interest, is derived from dividing the SCD by the AMF (Krotkov et
al., 2017; Bucsela et al., 2013).



2.5. Trend classification

Trend analysis is a statistical procedure of finding and extracting underlying patterns
in time series data. In this study, Polytrend, an algorithm that accounts for non-linear
change in a trend, was used (Jamali et al. 2014). It has a polynomial fitting-based
scheme that divides trends into cubic, quadratic, linear, and concealed trend types.
The scheme of the program consists of a 3-phase procedure. First, the fit of a cubic
model (highest order polynomial considered) is tested by evaluating statistical
significance of the fit (statistical significance level 0.05). If the test fails, the same
procedure is applied to test the fit of a quadratic model. If the quadratic model test
fails, a linear model is tested (Fig. 1).
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Figure 1. A schematic representation of the Polytrend workflow. Figure from Jamali et al. (2014).

There are five possible trend type outcomes in the output; cubic, quadratic,

linear, concealed and no-trend. The cubic trend type means that the trend line of the
cell has two or more bends, implying that the cell has experienced more than one
direction change of its trend line over the study period (i.e. first negative, followed by
positive and then negative again, or vice versa). The quadratic trend type is a trend
line with one bend in its curve, implying that the cell has experienced one direction
change of its trend line over the study period (i.e. first positive and then negative
trend, or vice versa). The linear trend type means that the trend line has had a uniform
direction over the study period (either positive or negative). The concealed trend type
consists of cells with either cubic or quadratic trend types, but with no significant net
change in NO; over the study period. Finally, the no-trend trend type consists of cells
where all other trend models were statistically insignificant at the 0.05 significance
level (Jamali et al., 2014). In this thesis, the algorithm was used to classify the type of
trend each cell experienced and to find the slope direction, significance (significance
level 0.05) and the slope coefficient of each cell’s time series curve over the study
period.



2.6. Breakpoint analysis

Detecting Breakpoints and Estimating Segments in Trend (DBEST) is a computer
program for analysing time series of satellite sensor data. Its change detection
algorithm detects trend changes (breakpoints), determines their type (abrupt or non-
abrupt) and significance (significance level 0.05), and estimates timing and magnitude
of the detected changes. This is done by using a segmentation algorithm and user-
defined thresholds (Jamali et al. 2015). In DBEST, single time-step differences for all
data points in the time series are calculated as follows:

Linear segments are computed for all points in the time series. A straight line is then
fitted through each pair of successive start and end points. The point in the segment
with the maximum distance to the line is then selected (Fig. 2 a). If this point is above
a user-defined distance threshold value, these points are called breakpoints. The
selected breakpoints are fitted to the time series and are treated as adjoining linear
segments, which results in a time series made up of continuous trends composed of
linear segments (Fig. 2 b). Depending on the number of changes that are of interest,
the breakpoints are selected based on the magnitude of their trend local change. For
a change to be considered as abrupt it needs to satisfy two criteria. First, the
difference between two successive points needs to exceed the first level-shift
threshold. Second, the magnitude of the change needs to be large enough to shift the
mean by the second level-shift threshold over the period of the duration threshold.
For a more thorough description of DBEST, see Jamali et al. (2015).
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Figure 2. A schematic representation of the DBEST workflow for a time series, in this case for vegetation index
(VI). (a) - Straight lines (dashed in grey) are fitted through consecutive peak and valley points and turning points

(in red) are computed. (b) — Linear trends (segments in red) are then computed by the DBEST algorithm. Figure
provided from Jamali et al. (2015).



The user-defined parameters of DBEST and the threshold values used in this study are
as follows:

e First level-shift threshold: The lowest difference allowed in NO2 concentrations
between the level-shift point and the next data point. In this case, the lowest
allowed NO; concentration difference was set to 2 molecules cm-2.

e Second level-shift threshold: The lowest difference allowed in the means of
the data calculated over the period before and after the level-shift point. In
this case the lowest allowed difference was set to 10 molecules cm-2.

e Duration threshold: The lowest time period (time steps) allowed within which
the shift of the mean of the data level before and after the level-shift point
persists; and the lowest spacing between successive level-shift points. In this
case set to 2 years.

e Distance threshold: The lowest perpendicular distance allowed from the
farthest point to the straight line between successive peak and valley points.
In this case, the lowest distance allowed was set to 0.5 molecules cm-2.

e Change number: The number of greatest changes (breakpoints) of interest for
detection. In this case, the number of breakpoints to be detected was set to 1
in order to find the major change of each pixel over the study period.

e Change magnitude: The lowest magnitude of change allowed for detection. In
this case set to 0.5 molecules cm-2.

e Type: Either cyclical for time series with seasonal data or non-cyclical for time
series without seasonal cycle (deseasonalized data). In this case non-cyclical.

e Period: The seasonality period value. In this case left empty since
deseasonalized data was used.

e Algorithm: The algorithm used by DBEST, either ‘generalization’ or ‘change
detection’. In this case change detection.

e m: The number of changes or breakpoints of interest for detection. In this case
set to 1 to find the major change over the study period.

e Alpha: The statistical significance level used for testing significance of detected
changes. In this case 0.05.
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3. Data

3.1. Satellite-based NO; dataset

The NO; dataset is the OMI/Aura level 3 NO, (OMNO2d) version 3 standard product
which was downloaded from NASA’s Earth Observation data collection (Earthdata,
2019). The OMNO2d product contains composites of daily total tropospheric column
NO; data with a spatial resolution of 0.25° * 0.25°. The data is stored in the version 5
EOS Hierarchical Data format (HE-5) (Krotkov et al., 2017). In this study, OMI data from
January 1t of 2005 until December 315t of 2018 has been used. In total, 5 173 daily
OMNO2d HE-5 files were used.

3.2. Ground-based NO, dataset

The ground-based data is monthly averages of daily observations (n = 1 706 830) and
annual averages (n = 6 113) of atmospheric NO; concentrations from monitoring
stations in the USA between the years 2005 to 2018 (Fig. 3), provided by the US
Environmental Protection Agency (US EPA, 2019). The reference method used by the
US EPA for collection of ambient NO; is chemiluminescence analysis (Gillam & Hall,
2016). This method is based on the reaction of nitric oxide (NO) with ozone (O3). The
principle of the method is that a sample of ambient gas enters a reaction chamber
where NO molecules react with O3 to form NO;. The reaction produces a quantity of
light, a phenomenon known as chemiluminescence. The intensity of the light, which
is proportional to the concentration of NO,, is then measured to determine the
concentration of NO; (Gillam & Hall, 2016; US EPA, 2002).

3.3. Ancillary data
The ancillary data used in this study consist of a global shapefile with administrative

boundaries on the country and continent levels, downloaded from the Database of
Global Administrative Areas (GADM, 2018).

egend A
* US EPAAIr qualitymonitoring stations
Contmental USA 0 250 %00 1000 Km

Figure 3. Spatial distribution of US EPA air quality monitoring stations used in this study.
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4. Methodology

4.1. Data validation
The OMNO2d files were averaged monthly and yearly. The averaged satellite-based
NO; data was then compared to ground-based NO; data in order to verify the validity
of OMNO2d data product. Data from the US EPA was chosen for the comparison. The
choice was based on availability and usability of the data, as pre-generated files of
annual summaries for monitoring station with associated coordinates for the full study
period (2005 — 2018) were available.

Since the two datasets use different units (molecules cm-? for the satellite-based data
and ppb for the ground-based data), the values were recalculated to z-statistics using
the following equation:
(x— W

o

Where

z = the resulting z-statistic

x = the original OMI or monitoring station value

K = the mean value of the OMI or monitoring station data

o = the standard deviation of the OMI or monitoring station data

Histograms were created to compare the shape and spread of the internal
distributions of the z-scores from the satellite-based and the ground-based data.
Then, ordinary least squares linear regressions, Pearson’s correlation analyses and
root mean square error (RMSE) was computed for the two datasets. The analyses
were performed for all monthly and annual data points, the spatial averages of all
annual data points, and the temporal averages of all annual data points.

4.2. Analysis of spatial patterns and temporal trends

The spatial patterns were analysed by averaging all OMI NO; data over the study
period. For analysing the temporal trends, a time series of each year’s mean NO;
concentration was first calculated. Then, DBEST was used to analyse the timing and
magnitude of greatest significant breakpoints while Polytrend was used to analyse the
significant slope coefficient and trend types of each cell’s time series of tropospheric
NO2 concentration over the study period.
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5. Results

5.1. Data validation
Differences between the z-scores of the ground-based and the satellite-based
datasets were found (Fig. 4). The shape of the satellite-based data is bimodal while
the shape of the ground-based data is unimodal and skewed to the right. Another
difference between the datasets is the spread of the values. The range of the
ground-based dataset is slightly higher than the range of the satellite-based dataset
(5,94 and 5,14 respectively).

Satellite-based NO2 z-scores Ground-based NO2 z-scores

3,03 303
2,3 234
180 1.80
130 1,30
S 80 80
§ 30 30
.20 20
70 "
-1,20 120

50 0 » 20 10 0 10 20 30 40 0

Figure 4. Distribution pyramid histograms of the Z-score values for the satellite-based dataset (left) and ground-
based dataset (right).

Scatterplots were created to display the relationship between the two datasets. First,
all ground-based measurements over the study period and the satellite-based
measurements from corresponding OMI pixels were plotted (Fig. 5 a). Secondly, the
average values of each ground-based measurement station were plotted against the
average value of corresponding OMI pixels (Fig. 5 b). Thirdly, the annual averages of
all ground-based stations and the annual average of all corresponding OMI pixels were
plotted against each other (Fig. 5 c). Finally, the monthly averages of all ground-based
data were plotted against the monthly average of all corresponding OMI pixels (Fig. 5
d). All components were significantly correlated at the 0.01 significance level. The
linear regressions and Pearson’s correlation analyses show that OMI data was more
successful at estimating the temporal patterns (r> = 0.88, r = 0.94) than the spatial
patterns (r2 = 0.41, r = 0.64). The monthly averages were negatively correlated (r?> =
0.91, r = -0.96). According to the satellite-based data, the NO; concentrations were
lowest during the winter months and highest during the summer months, while the
pattern for the ground-based data was the opposite. Because of this, it was decided
not to use the monthly averages for further analysis in this study.
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Figure 5. Linear regression and RMSE of the z-scores from (a) the measurements of all ground-based stations
against the estimates of corresponding satellite-based pixels, (b) the average value of each ground-based station
versus the average value of corresponding satellite-based pixels, (c) the annual averages of all ground-based
stations versus the annual averages of corresponding satellite-based pixels, and the monthly averages of all
ground-based stations versus the monthly averages of corresponding satellite-based pixels (d).

5.2. Spatial patterns

There is a distinct difference in the concentration distribution between the northern
and southern hemispheres, where the higher concentrations are almost exclusively
found in the northern hemisphere (Fig. 6 a). The primary hotspot areas that stand out
are: 1) U.S.A (Fig. 6 b), 2) western Europe (Fig. 6 c), and 3) India, China and Japan (Fig.
6 d). These areas were selected as focus areas due to their high average NO;
concentrations and have been used for further analysis in the remaining part of the
study.

The range of NO; concentrations (Fig. 7), i.e. the variability of concentrations,
generally follows the same spatial pattern as the averaged concentrations (Fig. 6).
Large areas over the US (Fig. 7 a), Europe (Fig. 7 b), India, eastern China and Japan (Fig.
7 c) have high range values, indicating high variability in NO; concentrations over the
study period over these areas.
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Figure 6. Averaged spatial distribution of tropospheric NO, concentrations (molecules cm-2) globally (a) and
regionally (USA (b), Europe (c), India, China, Japan (d)) between 2005 - 2018.
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Figure 7. Range of tropospheric NO, concentrations (molecules cm-2) for each cell globally (a) and regionally (USA
(b), Europe (c), India, China, Japan (d)) between 2005 - 2018.
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5.3. Temporal trends
The global annual averages of tropospheric NO, concentrations shows a decreasing
trend over the study period (Fig. 8). After the year 2008, there was a distinct drop
which lasted until 2011, when the average concentration was at its lowest point of the
study period (37.11 molecules cm-2?). After 2011, the concentrations started to
increase again. Even though the time series has a negative linear trend, the annual
average of the year 2018 is the highest over the study period (52.05 molecules cm-2).

Y =428.106 - 0.191 * Year
s® R2=0.028

50,00 [ ] [ ] [ ]

45,00 \
L

40,00

Average NO2 concentration (moleculesicmz2)

35,00

2004 2005 2006 2007 2008 2008 2010 2011 2012 2013 2014 2015 2016 2017 2018
Year
Figure 8. Time series of global annual average tropospheric NO, concentrations (molecules cm-2) 2005-2018.

Just over half of the study area (53 %) had decreasing trends over the study period,
while 47 % had positive (Fig. 9). An interesting pattern that stands out is the
relationship between increasing trends over oceans and decreasing trends over land.
Out of all cells over oceans, 79.98 % had positive trends, and out of all cells over land,
70.89 % had decreasing trends. The increasing trends were generally found near the
poles, west of the Americas, as well as along vertical strips in the southern
hemisphere.

With the insignificant trends (significance level 0.05) masked out, 72.12 % of the
remaining cells were negative whereas 27.88 % were positive (Fig. 10 a). 91.08 % of
the negative significant trends were located over land and 65.99 % of the positive
significant trends were located over oceans. Hereafter, all trends described in this
paper refer to significant trends. The average significant trend globally over the study
period was -0.41 molecules cm?yL. The average significant trend over land was -1.84
molecules cm2y* while the average significant trend over oceans was 0.35 molecules
cm2yl,
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Figure 10. Direction of each significant cell’s trend and coefficients as estimated by Polytrend globally (a) and
regionally (USA (b), Europe (c), India, China, Japan (d)) between 2005 - 2018.
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All areas with high average NO; concentrations (Fig. 6) and high variability (Fig. 7) also
had negative significant trends (Table 1). The strongest average trends in the focus
areas were found in Japan (- 5.11 molecules cm2y1), Belgium (- 4.89 molecules cm™
y1) and Germany (- 4.04 molecules cm2y1). The highest average NO; concentrations
were found in the Netherlands (206.18 molecules cm-2), Belgium (191.17 molecules
cm-2), Germany (184.67 molecules cm-?) and the U.K. (160.48 molecules cm-2). All of
these countries are located in Europe, where the highest maximum concentrations

were also found.

Table 1 The major, average and range of change (molecules cm-2) of significant breakpoints during the year
2008, as well as the proportion of the type of change.

Country Average NO; Max NO; Average Max Average Strongest
concentration concentration range range trend trend

+ -
USA 91.80 192.76 54.51 141 -3.57 260 -9.38
Netherlands 206.18 214.12 50.68 65 -3.79 - -5.38
Belgium 191.17 211.49 62.43 77 -4.89 - -6.32
Germany 184.67 216.57 57.77 81 -4.04 - -6.20
U.K. 160.48 214.85 50.46 87 -3.79 1.15 -6.91
India 116.42 188.32 54.26 135 -3.11 349 -6.56
China 98.48 195.75 48.94 129 -3.57 2.17 -8.29
Japan 139.32 190.51 76.57 114 -5.11 - -8.26
Global 44.67 219.97 22.18 165 -0.41 3.70 -9.41
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5.4. Trend types

In a global context, the quadratic trend type had the highest spatial coverage (44.42
%, mainly positive) (Table 2) out of which 44.80 % is found over land and 55.20 % is
found over oceans. The cubic trend type occupies 32.59 % of the significant trends,
out of which 95.10 % is found over oceans. 22.99 % had a linear trend type, mainly
negative, out of which 57.34 % is found over land and 42.66 % is found over oceans
(Fig. 11 a). The proportional coverage of the trend types in the focus areas can be seen
in figure 11 b — d and are summarised in table 2.
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Figure 11. Trend type of each cell with a significant trend globally (a) and in USA (b), Europe (c), India, China,
Japan (d) between 2005 — 2018 as estimated by Polytrend.

Table 2. Spatial coverage (%) of the significant trend types globally and in average NO2 concentration hotspot

areas.

Trend types

Linear Linear Quadratic Quadratic Cubic Cubic Cell count
Trend + - + - + -
Direction
USA 0.00 4.52 6.48 87.65 1.18 0.17 14 074
Netherlands  0.00 60.56 0.00 39.44 0.00 0.00 71
Belgium 0.00 25.81 0.00 74.19 0.00 0.00 62
Germany 0.00 60.87 0.00 39.13 0.00 0.00 736
U.K. 0.44 41.67 0.00 57.89 0.00 0.00 456
India 0.38 14.08 0.09 85.07 0.19 0.19 1065
China 0.03 47.12 0.02 49.49 0.01 3.32 8 883
Japan 0.00 2.16 0.00 97.84 0.00 0.00 602
Global 5.07 17.92 33.59 10.83 7.62 2497 87889

21



5.5. Breakpoint analysis

The starting time of the detected breakpoints (insignificant changes masked out) is
dominated by the period of 2005 — 2008 (71.97 % of cells) (Fig. 12 a). The year 2008
was by far the year with the highest occurrence of major changes of all years (46.31
%), indicating a major event during this year that had effects all over the globe (Fig. 12
a and Fig. 13).

The detected breakpoints were mostly negative (63.67 %) (Fig. 12 b) and non-abrupt
(85.17 %), indicating that most of the changes occurred gradually over time. The cells
that experienced the strongest positive change over the study period are located in
South Africa (61.37 molecules cm-2), China (57.81 molecules cm-?) and India (56.90
molecules cm-2) while the cells that experienced the strongest negative change are
located in China (97.92 molecules cm-2), USA (-91.12 molecules cm-2) and Spain (-
83.02 molecules cm-2). Because of the drastic changes in 2008, this year was
investigated further (Fig. 13). 98.74 % of the major changes were negative (Fig. 13 a)
out of which 71.70 % were non-abrupt. In the focus areas, the strongest change of
2008 was in China (-97.92 molecules cm-2) where most of the changes were non-
abrupt, followed by USA (-91.12 molecules cm-2). The strongest average change was
in Japan (-44.62 molecules cm-2), followed by USA (-41.47 molecules cm-2).
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Figure 12. The starting year (a) and magnitude (b) of the major change for each significant cell between 2005 —
2018, as estimated by DBEST.
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Figure 13. The major change of each significant cell globally (a) and in USA (b), Europe (c), India, China, Japan (d)
during the year 2008, as estimated by DBEST.

Table 3 The major, average and range of change (molecules cm-2) of significant breakpoints during the year
2008, as well as the proportion of the type of change.

Major Average Range of Change type
change change change values (%)
Abrupt Non-abrupt

USA -91.12 -41.47 122.29 85.08 14.92
Netherlands -28.93 -22.98 13.92 58.33 41.67
Belgium -33.15 -27.47 15.39 14.29 85.71
Germany -50.55 -31.86 38.77 62.92 37.08
U.K. -37.63 -24.44 22.57 41.30 58.70
India -60.56 -34.61 47.23 23.36 76.64
China -97.92 -32.45 90.96 42.20 57.80
Japan -76.81 -44.62 60.75 38.82 61.18
Global -97.92 -18.62 129.09 28.30 71.70
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6. Discussion

This study contributes to the ongoing research regarding remote sensing of
spatiotemporal NO; trends by validating the OMI NO; product and by investigating
how the tropospheric concentrations have changed globally and regionally over the
period of 2005 through 2018. Furthermore, the timing and magnitude of the major
change for each cell with a significant trend was highlighted. The most important
results of the study show that the regions that have the highest average
concentrations also have the highest variability and negative trends, that the global
trend in NO; over the study period is negative, and that in year 2008 something
happened that had a significant and sudden impact on the global concentrations of
NO,.

6.1. OMl validation

The results of the OMI validation showed that there was statistically significant
agreement between the satellite-based and the ground-based datasets. The
correlations were statistically significant at the 0.01 level for all components and the
correlation coefficient for all of the data points was 0.53 (Fig. 5 a). This result is in line
with previous OMI validation studies. For instance, the correlation coefficients ranged
between 0.47 — 0.76 in a study of several cities by de Foy et al. (2016), 0.51 — 0.86 by
Paraschiv et al. (2017), 0.4 — 0.8 by Bechle et al. (2013) and 0.76 for Lamsal et al.
(2015). The statistical comparison further indicated that OMI was more successful at
estimating the temporal component (r = 0.93) than the spatial component (r = 0.64).
This can partially be explained by that the ground-based monitoring stations is focused
on a certain emission source, e.g. traffic locations, whereas an OMI pixel (13 * 24 km?)
covers a larger area with more potential emission sources within the pixel (Paraschiv
et al., 2017). Based on this, it is concluded that satellite-based measurements from
OMlI is a useful approach for measurements of NO; in order to compensate for the
lacking spatial coverage of ground-based monitoring stations and to study global
trends.

6.2. Spatiotemporal trends

The spatial distribution of average NO, concentrations found in this study (Fig. 6)
resemble those in similar studies (Georgoulias et al. 2019; Krotkov et al. 2016;
Miyazaki et al., 2017; Geddes et al., 2015), confirming that these areas are indeed the
main hotspots of tropospheric NO, concentrations globally. According to Krotkov et
al. (2016), the highest NO, concentrations coincide with urban areas with high
populations and industrialized regions. The global and regional NO; temporal trends
found in this study (Fig. 10) also generally agree with the results from previous studies,
with two differences. Georgoulias et al. (2019), Miyazaki et al. (2017) and Geddes et
al. (2015) all reported increasing NO; trends over both India and China, while Krotkov
et al. (2016) reported increasing trends over India. In this study, the results show
decreasing trends over both countries. Reasons for this difference can possibly be
attributed to differences in satellite instruments used and/or study periods. Geddes
et al. (2015) combined data from GOME, GOME-2 and SCIAMACHY from 1996 through
2012, Miyazaki et al. (2017) combined data from OMI, GOME-2 and SCIAMACHY
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between 2005 and 2014, Georgoulias combined GOME, GOME-2 and SCIAMACHY
between 1996 and 2017, and Kroktov et al (2016) used OMI data from 2005 through
2015.

The global average of the significant trends over the study period was negative (- 0.41
cm2y?l), but differences over land and oceans were observed. Over land, the average
trend was -1.84 cm™ y!, while the average trend over ocean areas was 0.35 cm? y1,
It should be noted that all though the global average trend and the average trend over
land were negative over the full study period, the global annual averages actually
increased over the second half of the study period (Fig. 8). It is plausible that the
negative trends are biased by the temporary dip in concentrations during the years
2008 — 2011.

NO; concentrations over oceans are generally much lower than over terrestrial areas
since there are no sources of NO, emissions except for passing ships (Peters et al.,
2012), which indicates that the increasing trends over remote oceans are caused by
atmospheric deposition of NO; which has been transported from their source by large-
scale circulation (Yuchechen et al., 2017). According to Peters et al. (2012), satellite
instruments have issues detecting trace gases over remote oceans because
concentrations are very low, and the concentrations are often below the detection
limit of the instruments.

Decreases of NO; concentrations can primarily be attributed to either local, regional
or country level environmental regulations, improvements in emission control
technology (for e.g. power plants and vehicles), or economic changes and the
associated effects in energy usage (Duncan et al., 2016; Krotkov et al., 2016). Since the
spatial distribution of average concentrations and decreasing significant trends
correlate well, this indicates that environmental regulations and technological
improvements in the countries with the most severe pollution have had a positive
effect on concentrations of NO,. However, it should also be noted that the final year
of this study period (2018) has the highest average global concentrations of all years
in this study. It is plausible that economic changes also had an effect, based on the
sudden decrease after the year 2008, which was the starting year of a global economic
recession (Bishop & Steadman, 2014; Castellanos & Boersma, 2012) (cf below). This
clearly shows the importance of satellite-based monitoring of NO; concentrations for
assessing global trends, the effects of regional environmental regulations and
technological improvements to reduce emissions, but also for estimations of marine
background conditions for global and regional chemical transport models (Martins et
al., 2016).
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6.3. Linear and non-linear trend types

Linear regression models assume that changes occur linearly and gradually, which is
not always the case (Jamali et al., 2014). Here, a polynomial fitting-based scheme
(Polytrend) was used to account for non-linear trends. This polynomial approach thus
helps to detect remotely sensed trends in a time series that would not be identified
by an ordinary least square (i.e. linear model) approach. The linear trend type was the
least common trend globally, while the quadratic trend type was the most common
trend (Fig. 11; Table 2). Since the quadratic trend type has a trend line with one bend,
this indicates that these areas either increased in the beginning of the study period
and then started to decrease, or that they have been decreasing over the study period
and started to increase towards the end of the study period. The cubic trend type was
uncommon in all NO2 hotspot countries and was almost exclusively found over oceans
(95.10 %). This means that the trend direction over these cells changed multiple times
and could be an indication of the statement from Peters et al. (2012) that
measurements over remote oceans are unclear. Based on this, it should be noted that
the positive trends over remote ocean areas are possibly unreliable, due to that the
concentrations in these areas are low in relation to the magnitude of the error
sources.

6.4. Breakpoint analysis

The majority of the significant breakpoints over the study period were negative (63.67
%) and non-abrupt (85.17 %). Non-abrupt changes indicate that the concentrations of
NO; have increased or decreased gradually, possibly due to environmental regulations
that have become stricter over time or economic cycles, as opposed to abrupt changes
which could be due to that power plants or industries have been either opened or
shut down suddenly.

The year 2008 was by far the year with the highest occurrence of significant
breakpoints (46.31 %), out of which 98.74 % was negative. A global-scale reduction of
tropospheric NO, concentrations was also observed in figure 8 during this year. It has
also previously been pointed out that 2008 is a year of significant reductions in NO;
emissions (e.g. Tong et al., 2015; de Foy et al., 2016; Bishop & Steadman, 2014;
Castellanos & Boersma, 2012) due to the start of the so called ‘Great Recession’. This
was an event which caused large scale economic reductions and affected
anthropogenic activity globally, which in turn reduced the associated emissions of air
pollution from e.g. vehicles, power plants and industries. The plausible impact of the
Great Recession on the regional NO; hotspots can be seen in figures 13 b, c and d as
well as in table 3. According to the results of this study, the largest change magnitudes
in NO; concentrations during 2008 were found in China, USA, India and Japan. The
European countries appear to have suffered less, based on the changes in
tropospheric NO; concentrations (Fig, 13; Table 3).
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7. Conclusions

In this study, the spatial patterns and temporal trends of tropospheric NO2 have been
studied globally over the study period of 2005 - 2018 by using remotely sensed
satellite data from the OMI instrument aboard NASA’s Aura satellite. Furthermore,
the timing and magnitude of significant breakpoints were identified.

The OMI data was validated using data from ground-based monitoring stations and
there was statistically significant agreement between the satellite-based and the
ground-based datasets. This shows that satellite-based measurements are useful for
studying trends in tropospheric air pollution and can compensate the lacking spatial
coverage of ground-based monitoring stations.

The spatial distribution of NO, concentrations is dominated by industrialised and
highly populated regions in the northern hemisphere, and eastern USA, western
Europe, India, China and Japan were identified as NO; concentration hotspots.

The average global trend was negative over the study period (- 0.41 molecules cm? y-
1) and a large difference between ocean and land areas was observed. The average
trend over oceans was 0.35 molecules cm? y1, while the average trend over land was
— 1.84 molecules cm y1. All countries that were identified as NO2 concentration
hotspots had negative average trends.

The timing of the strongest significant breakpoints mostly occurred during the year
2008 (46.31 %), and almost all these breakpoints were negative.
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9. Appendices
9.1. Change types
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Figure 14. Type of change as estimated by DBEST.
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Figure 15. Significance of change per cell as estimated by DBEST.
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9.3. Significant trends
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Figure 16. Significance of trends per cell as estimated by Polytrend.
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