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Lay Summary

Nitrogen dioxide (NO32) is an air pollutant identified as a public health concern.
Studies show that it is related to respiratory diseases and premature deaths. It
also contributes to formation of fine particles ! (PM2s particles with
aerodynamic diameters <2.5 um) in the presence of light and ozone (Os). The
World Health Organisation (WHO) specifies the guideline concentration of 40
g m=3 (annual mean) to protect the public and Directive 2008/50/EC of the
European Parliament on ambient air quality and cleaner air for Europe sets the
same limit value. Governments all over the world use monitoring and modelling

as part of the process of managing concentrations of NO..

Because NO:zis emitted from all kinds of combustions in an urban area, and it
has a relatively short atmospheric lifetime (due to its rapid chemical reactions),
urban concentrations of NO2 vary dramatically at different locations and time.
A monitoring network can only measure concentrations at a limited number of
discrete points which is inadequate to describe the spatial variability of NOz2,
and hence also human exposure to NO:2 for estimating health impacts. For
example, the concentration near busy roads can be several times higher than
that at background locations. Modelling methods are therefore often used in
most developed countries for estimating concentrations at locations without
measurements in order to evaluate health impacts and to assess the

effectiveness of mitigation approaches.

Rapid economic growth, industrialization, and urbanization in China are
leading to substantial adverse air quality issues, including high levels of annual
mean NO2 concentrations. In China, air quality is primarily protected under the

Environmental Protection Law (EPL) and the Law of the Prevention and

1 Exposure to PM:s is estimated to have been responsible for 4.2 million premature
deaths worldwide in 2016.



Control of Atmospheric Pollution (LPCAP). Air quality management in China is
largely driven by the ambition to attain the National Ambient Air Quality
Standard (NAAQS) (GB3095-2012) and specific targets set by local
governments under Chapter 2 of the LPCAP. Since 2013, China has been
implementing a nationwide monitoring network for the routine measurement of
ambient air pollutant concentrations including NO2. Despite the wide coverage
over the country, the number of sites in each city is limited—for example, the
22 monitoring stations covering a 50 km x 50 km area over Beijing equates to
an average of 113 km? per station. The air pollution modelling is also in the
early development stage with most modelling studies set up at regional scale
and a deficiency of more spatially resolved urban/street level modelling.

Guangzhou is chosen as an exemplar geographic domain. It is the third largest
city in China, with a population of 14 million and an area of 7,433 km?, and
does not currently meet the NAAQS for NOz2, which is set as the same as the
WHO guideline. The Guangzhou Municipal People’s Government has
developed the Guangzhou Ambient Air Quality Compliance Plan (GAAQCP)
which aspires to reach annual average NO2 concentrations of 40 ug m= by
2020. Urban-scale air quality modelling is needed to fill the gaps of estimating
human exposure of NO2z and to investigate the ability of a range of example

emission reduction scenarios to meet the GAAQCP.

The overall aim of this PhD project is to explore modelling approaches for
better estimating intra-urban variability of NO2 for human exposure research in
China, given the obstacles in data availability of monitor data, emission

inventories, and other high spatial resolved data in China.

Two modelling methods are widely used to simulate pollutant concentrations
at relatively high spatial resolution within urban areas: dispersion modelling

and land-use regression (LUR) modelling. Dispersion modelling aims to
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simulate the physical chemical processes that link the emissions of pollutants
from sources and their transport and dispersion. Recently, urban dispersion
models have been developed for Beijing, Shanghai, Chongqing, Hangzhou,
Kunming, Hong Kong, Harbin, Lanzhou, Urumqi, Liaoning province, Jinan,
Fushun, and Macao, but substandard modelling results can arise due to

insufficient monitor data and incomplete or inaccurate emission inventories.

LUR relies on existing measurements to derive the statistical relationship
between pollutant concentrations at a given location and predictor variables
representing the emission and dispersion of air pollutants. This relationship is
extrapolated to predict concentrations at locations without measurements. For
this reason, an appropriately sized and designed monitoring network is an
important component for the development of a robust LUR model. LUR models
are now being extensively applied to simulate pollutant concentrations in
Chinese urban areas, but the quality of modelling results is currently

constrained by a scarcity of input data, especially air pollution monitor data.

Given the limited number of monitoring sites in Guangzhou and the
geographical scale of the domain, an integrated modelling approach
combining dispersion modelling with ADMS-Urban? and LUR has been
developed in this PhD work. Concentrations of NO2 are simulated by ADMS-
Urban at pre-selected ‘virtual’ monitoring sites spanning the six districts in
Guangzhou and weighting towards population (since the overall focus is
estimation of population NO2 exposure). The LUR model is validated against
both the virtual sites and independently against available observations. The

modelled population-weighted long-term average concentration of NOz2 in the

2 ADMS-Urban is a a widely-used dispersion model for simulating dispersion in the
atmosphere of continuous releases from a range of explicit sources in an urban area
developed by Cambridge Environmental Research Consultants (CERC)
https://www.cerc.co.uk/

vii


https://www.cerc.co.uk/

year 2017 across Guangzhou was 52.5 ug m~3, which contributes an estimated
7,270 (6,960-7,620) attributable deaths.

This hybrid modelling approach is then applied to explore the scale of
emissions reductions necessary within the Guangzhou domain to achieve
compliance with a number of different interpretations of an NO2 concentration
target of 40 ug m3, since the GAAQCP does not explicitly state how to
practically assess compliance. The modelling results show that achieving
compliance required different levels of emission reductions, depending on how
the concentration target was defined; for example, to reduce the average
concentration at all monitoring sites below 40 pg m requires a 60% reduction
of emissions from all source sectors. In contrast, to attain <40 pyg m=
concentration across the whole of Guangzhou requires a 90% emissions
reduction. The impacts of the emissions reductions on NO:z-atttributable
premature mortality are also calculated and illustrate that use of a
concentration value as a target does not fully convey the underlying health
gains; what is fundamentally relevant to potential policy measures is not the
change in proportion of locations with NO2 concentrations <40 ug m=3, nor the
change in the numbers of people in locations with NO2 concentrations <40 pg
m-3, but by how much the cumulative population exposure changes.

Whilst the results are based on detailed and consistent model results for the
specific situation in Guangzhou, they are relevant for, and can provide evidence
to, decision makers designing effective air pollution control policies in other
fast-growing megacities in China and elsewhere globally. In the final part of
this thesis, the findings and implications from the modelling studies are
discussed. The hybrid modelling approach provides a step forward in
modelling urban-scale air pollution concentrations for human exposure and

policy analysis.
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Abstract

Nitrogen dioxide (NOz2) is an air pollutant identified as a public health concern.
Exposure to NO: is associated with a number of adverse respiratory health
effects, and ultimately with premature mortality. It also contributes as a
precursor to formation of tropospheric ozone (Os) and ammonium nitrate fine

particulate matter (PMz s, particles with aerodynamic diameters <2.5 pm).

Rapid economic growth, industrialization, and urbanization in China are
leading to substantial adverse air quality issues, including high levels of annual
mean NO2 concentrations. It is important to quantify human exposure to NO2
to evaluate its health impacts and to assess the effectiveness of mitigation
approaches. Since 2013, the China National Environmental Monitoring Centre
(CNEMC) has been implementing a nationwide monitoring network for the
routine measurement of ambient air pollutant concentrations. Previous studies
into population exposure used the monitor data as a proxy for human
exposure. However, NO2 concentrations within cities have shown high spatial
variations. The monitoring network only provides concentrations at a limited
number of discrete points, which is inadequate to describe the spatial
variability of urban air pollution. New methods need to be developed to tackle
these challenges. The overall aim of this PhD project is to explore modelling
approaches for better estimating intra-urban variability of NO2 for human
exposure research in China, given the obstacles in data availability of
monitored data, emission inventories, and other highly spatially resolved data

in China.

Guangzhou is chosen as an exemplar geographic domain. It is the third largest
city in China, with a population of 14 million and an area of 7,433 km?, and
does not currently meet the Chinese air quality standard (GB 3095-2012) for
NO2, which is set as 40 ug m= as an annual average. The Guangzhou local



government has an air quality compliance plan that aspires to annual average
NO: concentrations of 40 ug m3 by 2020.

Two modelling methods are widely used to simulate pollutant concentrations
at relatively high spatial resolution within urban areas: dispersion modelling
and land-use regression (LUR) modelling. Dispersion modelling aims to
simulate the physical chemical processes that link the emissions of pollutants
from sources and their transport and dispersion. Recently, urban dispersion
models have been developed in Beijing, Shanghai, Chongging, Hangzhou,
Kunming, Hong Kong, Harbin, Lanzhou, Urumqi, Liaoning province, Jinan,
Fushun, and Macao using ADMS and AERMOD. Substandard modelling
results can arise due to insufficient monitor data and incomplete or inaccurate
emission inventories. LUR relies on existing measurements to derive the
statistical relationship between pollutant concentrations at a given location and
predictor variables representing the emission and dispersion of air pollutants.
An appropriately sized and designed monitoring network is an important

component for the development of a robust LUR model.

LUR models are now being applied to simulate pollutant concentrations with
high spatial resolution in Chinese urban areas. Current challenges and future
needs in employing LUR approaches were identified first in this PhD work.
Details of twenty-four recent LUR models for NO2 and PM2.s/PM1o (particles
with aerodynamic diameters <10 um) were reviewed. LUR modelling in China
is currently constrained by a scarcity of input data, especially air pollution
monitor data. There is an urgent need for accessible archives of quality-
assured measurement data and for higher spatial resolution proxy data for
urban emissions, particularly in respect of traffic-related variables. The rapidly
evolving nature of the Chinese urban landscape makes maintaining up-to-date

land-use and urban morphology datasets essential for LUR models.
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Given the limited number of monitoring sites in Guangzhou and the
geographical scale of the domain, an integrated modelling approach
combining dispersion modelling with ADMS-Urban and LUR has been
developed in this PhD work. ADMS-Urban was applied in Guangzhou using
input data including emissions from the Multi-resolution Emission Inventory for
China (MEIC), road geometry from OpenStreetMap, and hourly meteorological
data from the European Centre for Medium-Range Weather Forecasts
(ECMWEF). Concentrations of NO2 were simulated by ADMS-Urban at 83
‘virtual’ monitoring sites spanning the six districts in Guangzhou and weighted
according to population (since the overall focus is estimation of population NO2
exposure). The LUR model was validated against both the 83 virtual sites (adj
R2 0.96, RMSE: 5.48 uyg m3; LOOCV R? 0.96, RMSE: 5.64 ug m=3) and,
independently, against available observations (n = 11, R% 0.63, RMSE: 18.0
ug m~3). The modelled population-weighted long-term average concentration
of NO2 across Guangzhou in 2017 was 52.5 yg m~3, which contributes an
estimated 7,270 (6,960-7,620) attributable deaths.

This hybrid modelling approach is then applied to explore the scale of
emissions reductions necessary within the Guangzhou domain to achieve
compliance with a number of different interpretations of an NO2 concentration
target of 40 ng m=. (The Guangzhou Ambient Air Quality Compliance Plan
does not explicitly state how to practically assess compliance.) The modelling
results show that achieving compliance requires different levels of emission
reductions, depending on how the concentration target was defined; for
example, to reduce the average concentration at all monitoring sites below 40
Hg m=3, requires a 60% reduction of emissions from all source sectors. In
contrast, to attain <40 ug m3 concentration across the whole of Guangzhou
requires a 90% emissions reduction. The impacts of the emissions reductions
on NO:z-atttributable premature mortality are also calculated and illustrate that
use of a concentration value as a target does not fully convey the underlying
health gains even when the target is not met.
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In the final part of this thesis, the findings and implications from the modelling
studies are discussed in the context of current air quality management system
in China. Whilst the results are based on detailed and consistent model results
for the specific situation in Guangzhou, they are relevant for, and can provide
evidence to, decision makers designing effective air pollution control policies
in other fast-growing megacities in China and elsewhere globally. The
challenges and limitations for the development of a highly spatial revolved

model for human exposure are discussed.
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Chapter 1 Introduction

1.1 Air pollution

1.1.1 Sources of air pollution

The growth of population and the global economy drives industrialization and
urbanization. The demand for energy consumption and transportation
consequently also increases, which then imposes pressure on air quality. Most
forms of anthropogenic energy use are based on combustion, which forms
carbon dioxide (CO2), and, depending on the nature of the fuel and the
process, some or all of carbon monoxide (CO), unburnt hydrocarbons, nitrogen
oxides (NO and NOg2, collectively termed NOx), sulfur oxides (SOx) and
particulate matter (PM). The combustion process happens in all sectors: power
generation, industry, domestic, transportation, and uncontrolled waste and
agricultural residue burning. NOx is formed in combustion systems mostly as
nitric oxide (NO) by three mechanisms (Figure 1.1): thermal-NO (oxidation of
atmospheric nitrogen, N2, at high temperature), prompt-NO (oxidation of N2
with radicals derived from fuel), and fuel-NO mechanisms (conversion of

nitrogen chemically bound in certain fuels).

CH.
NO :
HCMN -
Reduction by
Fuel-N —}{ NHL DﬂTl char and soot
e Nli_'_..

Fuel-NO Thermal-NO

Figure 1.1 Schematic representation of NO formation in a coal combustion
system (Vekemans and Chaouki, 2016).
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Other air pollutants such as ammonia (NHs), and methane (CHa4) also have
large sources in the agriculture sector through fertilizer application, enteric
fermentation, and livestock manure and manure storage. Natural sources of
air pollution include forest fires, volcanoes and biogenic volatile organic

compounds (VOCs) emitted from vegetation (Vallero, 2014).

1.1.2 Physical and chemical processes

The changes in atmospheric composition are caused by physical processes
and chemical reactions. The physical movement of pollutants in the
atmosphere are advection, dispersion, and deposition. Advection is the
movement caused by the wind, which moves the pollution from a source to a
receptor. Dispersion results from local turbulence, which exchange air parcels
from the edges of the plume to the surrounding (Vallero, 2014; Watson et al.,
1988). The pollutants are deposited in the atmospheric boundary layer (also
known as planetary boundary layer PBL), lowest part of the atmosphere and
where many chemical reactions happen. Deposition is the processes that
cause removal of the pollutants to the ground surface and includes dry
deposition, i.e., the uptake at the Earth’s surface (soil, water, or vegetation),
and wet deposition, i.e., absorption into droplets followed by precipitation (e.g.,
by rain) (Watson et al., 1988; Zannetti, 1990).

For example, in the PBL, the concentration of NO2 at a given location is
affected by the proximity of emissions sources, the rate of NOx emissions, how
the emissions are dispersed, and chemical coupling of NOx with Oz and VOC:s.
NOxundergoes both photochemical and dark chemical cycles (Figure 1.2). The

main reactions in NOx cycle are:
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(R1-1) NO2+hv—->NO + O
(R 1-2) O+02+M->03+M
(R1-3) NO + Oz - NO2 + O2

where M is a non-reacting molecule (normally N2) that removes reaction
energy and the photolysis of NO2z only happens at wavelengths < 424 nm. The
primary pollutant NO is converted to NO:2 via the reaction with Oz (R 1-3). This
happens at locations close to the sources of NOx, where NO is in large excess,
and in the absence of VOCs. During daytime, NO:2 is converted to NO
producing Os (R 1-1 and R 1-2).

However, in the presence of VOCs, the Oz concentration increases after NO

is converted to NO2 due to the formation of radicals (R 1-4 and R 1-5).

(R 1-4) HO2 + NO - OH + NO2
(R 1-5) ROz + NO - RO + NO2

In these reactions, HO: is a hydroperoxyl radical, a by-product of the oxidation
of carbon monoxide (CO) and of hydrocarbons by the hydroxy radical (HO).
ROz is a peroxy radical. HO, ROz and HO:2 (HOx) radicals initiate and

propagate the chain reactions that lead to Os formation in the troposphere.

At night, NO reacts with O3 rapidly and NO:2 reacts with Os to produce the
nitrate (NOs) radical and generate nitrate aerosol (R 1-6 to R 1-8). During the
day, NO:2 is removed by (R 1-9).

(R 1-6) NO2 + O3 - NOs + O2
(R1-7) NO3z + NO2+ M S N20s5 + M
(R 1-8) N20s + H20 — 2HNO3
(R 1-9) OH + NO2+ M - HNO3 + M

R 1-1 to R 1-3 form a null cycle whereby NO2, NO, O and Os are in

photochemical equilibrium. The net effect on production or loss of Os highly
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depends on the amount of NOx present in the atmosphere. In low emission
regions, NOx is the catalyst that produces O3 (R 1-1 and R 1-2), whilst in urban

regions with high NO levels, R 1-3 dominates leading to lower Os levels.

VOoC
NO HO, RO 2
0, hv
hv
03
NO, OH RO, NO
l\.___/"I
HNO, voc

Figure 1.2 Diagram of NOx cycle and ROx (ROx = OH+HO2+R0Oz) cycle.
Adapted from (T. Wang et al., 2017)

Because of the way emission sources are physically distributed in an urban
area and the relatively short atmospheric lifetime of NO2, urban concentrations
show high spatial and temporal (day-to-day and diurnal) variations (Cyrys et
al., 2012).

1.2 Impacts of air pollution

1.2.1 Health impacts

Elevated levels of ambient air pollutants are the biggest environmental risk to
human health globally (Babatola, 2018; WHO, 2018). Exposure to outdoor fine
particulate matter (PMzs, particles with aerodynamic diameters <2.5 pm) is
estimated to have been responsible for 4.2 million premature deaths worldwide
in 2016, making it the fifth greatest risk factor globally for premature deaths,
and to have contributed more than 100 million disability-adjusted life-years

globally (Cohen et al., 2017). A recent comprehensive review indicates that air
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pollution may damage every organ and tissue from pollutant toxicity or through
inflammatory processes in the human body (Schraufnagel et al., 2019a,
2019Db).

Due to its low water solubility, NO2 can reach the lower respiratory tract,
including the lung alveoli. The strong oxidizing property of NO2 makes it

irritable to respiratory system. NO2 has been reported to be associated with

respiratory inflammation (Jiang et al., 2019), which is widely considered to be

a critical pathophysiological basis for impaired lung function (Lokwani et al.,
2019). Short-term exposure to NO2 (i.e. <24 h) is associated with increased
hospitalisations, respiratory symptoms such as bronchitis and asthma, and
mortality (Brunekreef and Holgate, 2002; Chiusolo et al., 2011; Weinmayr et
al., 2010; WHO, 2013). Long-term exposure to ambient NO:z is associated with
premature mortality and hypertension (Brunekreef and Holgate, 2002; Cai et
al., 2016; Crouse et al., 2015; Faustini et al., 2014; Hoek et al., 2013; WHO,

2013a).

However, it is uncertain whether the effects of NO2 are independent from
concomitant exposure to other air pollutants (COMEAP, 2018; Samoli et al.,
2006). Correlations between NO2 and other traffic pollutants such as primary
combustion particles, particle number concentration, CO, or polycyclic
aromatic hydrocarbons (PAHSs) are likely to be very high. This would have
made it difficult to interpret multi-pollutant models. There is also insufficient
evidence to assess possible confounding of NO2 associations by Oz and noise.
However, O3 can be negatively correlated with NO2 which might increase the
estimated NO:2 coefficient after adjustment. Using measurements from fixed-
site stations as surrogates for the exposure levels of NO2 may result in
considerable and uncertain exposure errors and lead to inconsistent results

from previous epidemiological studies (Delfino Ralph J. et al., 2006)
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1.2.2 Environmental impacts

In addition to the harm caused to human health, air pollution can also impair
ecosystem function: for example, tropospheric ozone (Os) formed in the air
through reactions between VOCs and NOx and sunlight causes damage to
agricultural and horticultural crops and natural vegetation (Ashmore, 2005;
Feng et al., 2015; Mills et al., 2018, 2016; The Royal Society, 2008; Wang et
al., 2017a), whilst deposition of reactive nitrogen components (NO2, HNOs and
NHs, and their dissolved equivalents) leads to eutrophication and consequently
to biodiversity changes (Erisman et al., 2015; Stevens et al., 2010; Sutton et
al., 2011).

1.3 Modelling air pollution

Atmospheric models can be divided into deterministic modelling, which is
based on the fundamental description of atmospheric physical and chemical
processes and stochastic modelling which is based on statistical analysis of
data (Seinfeld and Pandis, 2016). Deterministic modelling involves describing
emission patterns, meteorology, chemical transformations, and removal
process and it is an essential tool for establishing emission fluxes and ambient
concentrations for policy scenario analysis. The three basic components are
species emissions, transport, and physicochemical transformations (Figure
1.3). Because a pollutant released from traffic or industries in a city may have
a significant impact on the city or much further afield, according to the
properties and atmospheric lifetime of the pollutant, atmospheric models can
be divided into five scales (global; continental; regional: 5-50 km; urban: 1-5
km; local: 1 km and street) (Table 1.1). By far the main emphasis of research
in past decades in atmospheric chemistry has been on the global and regional
atmosphere. However, a large percentage of global population live in cities
and that cities present a very special case as far as atmospheric composition

and physics are concerned. The chemistry and physics are different at urban
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scale. As a result, a range of street-scale-resolution air quality modelling
techniques have recently emerged. Land-use regression (LUR) and
dispersion modeling are widely used at street-scale-resolution and details of

the two models will be discussed in Chapter 2 .

Table 1.1 Atmospheric models defined according to their spatial scale (Seinfeld and
Pandis, 2016).

Model Typical domain scale Typical spatial resolution
Microscale (street) 200 m x 200 m x 100 m 5m
Mesoscale (urban) 100 km x 100 km x 5 km 2 km

Regional 1,000 km x 1,000 km x 10 km 20 km
Synoptic 3,000 km x 3,000 km x 20 km 80 km
(continental)
Global 40,000 km x 40,000 km x 20 km 5°

Heterogeneous | [ Homogeneous Deposition & Scavenging
Processes Processes Resuspension £ing
Photochemical | | Thermochemical Acrosol Sink
Reactions Reactions Processes Processes
Transformation
Anthropogenic
Emissions *
Natural _| : Predicted
Sources (==~ | Math al Model Concentration
Advected *
Species
Transport
Topography yJ—'Ll
‘ TurhulchCJ
Roughness
Inversion
Height
Radiation )
i ’_Wlnd

Temperature
Cover

Precipitation

Figure 1.3 Elements of a mathematical atmospheric chemical transport model
(Seinfeld and Pandis, 2016).
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1.4 Air pollution and governments’ responses in
China

1.4.1 Air pollution in China

Rapid economic growth, industrialization, and urbanization are leading to
substantial air pollution challenges in China (Chen et al., 2016; He et al., 2002;
Liu and Diamond, 2005; Song et al., 2017; Vennemo et al., 2009; H. Wang et
al., 2017; T. Wang et al., 2017; Zhang et al., 2012). In 2016, 81%, 62%, 46%,
38%, 4.1% and 1.4% of 74 main cities in China (including provincial capitals
and prefectural and municipality-level cities) failed the Chinese air quality
standards that are listed in Table 1.2 for PMz.s, PM1o, NO2, O3, CO and SOz,
respectively (Ministry of Environmental Protection, 2018a). Furthermore, while
the Chinese air quality standard for NO:2 is the same as the World Health
Organization (WHO) air quality guideline, those for PM25, PM1o, and Os are
currently less stringent than the WHO equivalents (Table 1.2). The air quality
problem is particularly serious in regions of rapid population growth such as
Beijing, Shanghai, the Pearl River Delta (PRD)* (Wang and Hao, 2012). Ample
evidence that air pollution leads to adverse health effects and economic
losses, including recent studies in China (Chen et al., 2017; R. Chen et al.,
2013b, 2013a, 2012; Y. Chen et al., 2013; Kan et al., 2009; Yin et al., 2017)
underscores the need to quantify human exposure to air pollution in China in
order to determine health impacts and monitor the effectiveness of mitigation

policies.

4 Pearl River Delta refers to cities that cover nine prefectures of Guangdong province
(Guangzhou, Shenzhen, Zhuhai, Dongguan, Zhongshan, Foshan, Huizhou, Jiangmen,
and Zhaoqging, Hong Kong, and Macau.), and their surrounding areas.
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Table 1.2 Chinese air quality standards for concentrations of SOz, NO2, CO, Os,
Particulate Matter (PMio, and PMz2s) (Ministry of Ecology and Environment,
2012). Also shown for comparison are the World Health Organization (WHO) air
quality guidelines, where they exist (WHO, 2005).

Pollutant Grade? Annual 24-h 1-h Mean Percentage
Mean Mean (ug m3) of cities not
(ug m3) (ug m3) meeting the
guideline
(Grade 1)
(2017) (%)
SO2 I 20 50 150
I 60 150 500 1.4
WHO 20 500
NO2 I 40 80 200
I 40 80 200 46
WHO 40 200
Co°¢ I 4 10
1 4 10 4.1
O3 I 100 ¢ 160
I 160 ¢ 200 38
WHO 100 ¢
PM1o I 40 50
1 70 150 62
WHO 20 50
PM2s I 15 35
I 35 75 81
WHO 10 25

aGrade | applies to special regions such as national parks; Grade Il applies to
all other areas, including urban and industrial areas. b 10-min mean. ¢ The
units of CO concentration limits are mg m-3. d Daily maximum 8-h mean.

1.4.2 Air quality management system in China

In order to prevent further deterioration caused by air pollution, governments
at all levels have taken substantial measures. Environmental governance
structure in China is summarized in Figure 1.4. In China, air quality is primarily
managed through the Environmental Protection Law (EPL) which was initially
proposed in 1979 and adopted in 1989. In addition, the Law on the Prevention
and Control of Atmospheric Pollution (LPCAP) was adopted in 2016 (MEP,
2016). A new instalment of the EPL was passed by China’s National People’s
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Congress (NPC) Standing Committee (Figure 1.4) in 2014 (Zhang et al., 2016)
and the LPCAP was amended in 2018 (Ministry of Ecology and Environment
of the People’s Republic of China, 2018). Air quality management in China is
largely driven by the ambition to attain the National Ambient Air Quality
Standard (NAAQS) (GB3095-2012) (Ministry of Ecology and Environment
formerly known as Ministry of Environmental Protection, 2012) and specific
targets set by local governments under Chapter 2 of the LPCAP. Targets are
implemented through specific instruments, which delegate responsibilities to
lower levels of the state administration and allocate resources. The goal of
reducing levels of air pollution is now included in the national and local Five-
Year Plans (FYPs), which formerly were only for economic and social
development. Institutionally, the Ministry of Ecology and Environment (MEE),
which was formerly the Ministry of Environmental Protection, is responsible for
the implementation of air pollution policies cooperating with other departments

when necessary.

Over the past 20 years, the measures implemented have helped to improve
overall air quality in China (UN Environment, 2019; Zhang et al., 2010; Zheng
et al., 2017). However, annual mean NO2 concentrations in densely populated
cities remained almost unchanged during 2015-2017 (Guo et al., 2019).
NAAQS (GB3095-2012) were firstly implemented in 74 cities since Jan 2013.
About half of the 74 cities failed to meet Chinese NO2 standards in 2017
(Ministry of Ecology and Environment, 2018). In addition, annual mean Os
concentrations increased year by year during 2015-2017 (Guo et al., 2019;
Ministry of Ecology and Environment, 2018).
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Figure 1.4 Environmental governance structure in China (with Chinese).
Adapted from (Jin et al., 2016). The State Council is the chief executive body.
The National People’s Congress (NPC) is a legislative body consisting of
delegates from provinces, municipalities, autonomous regions, and the armed
forces.

1.4.3 Air quality monitoring network in China

Monitoring compliance is a key step of implementing pollution measures and
estimating air pollution burdens. Since 2013, the China National Environmental
Monitoring Centre (CNEMC) has been implementing a comprehensive
nationwide monitoring network for the routine measurement of ambient air
pollutant concentrations. At the end of 2016, 1,436 monitoring stations had
been established in 338 cities (CNEMC, 2017). The networks comprise five
types of monitoring sites: urban assessing stations, regional assessing
stations, background stations, source impact stations, and traffic stations. The
monitor data are published hourly and daily on local environmental agencies’
websites with an Air Quality Index (AQI) calculated as well as raw
concentration data. The rapid development and expansion of air quality
monitoring networks provide useful data for compliance checking, annual

environmental reports, public information, as well as some health impacts
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assessments and epidemiological studies. However, the government needs
to boost the ability to disseminate monitor data to stakeholders. Currently,
collection of raw data is undertaken by monitoring departments. Although real-
time concentration data are published on the National Air Quality Publication
Platform (http://106.37.208.233:20035/), archived historical data are available
only on a few official websites (EPA, 2017; EPG, 2017; EPW, 2017). Historical
data are also collected and archived elsewhere by private companies without

validation, for example https://data.epmap.org/ and

https://beijingair.sinaapp.com/.

Despite the increase in the number of monitoring sites across China in recent
years, the coverage of monitoring stations for urban sources is still limited—
for example, the 22 monitoring stations covering a 50 km x 50 km area over
Beijing equates to an average of 113 km? per station (Xie et al., 2017)—which
is inadequate to describe the spatial variability of urban air pollution,
particularly for NO2. The concentrations of NO2 are strongly spatially varying,
due to its widespread sources and relatively short lifetime (Beirle et al., 2011;
Cyrys et al., 2012; Gurung et al., 2017). The current air quality monitoring
networks cannot provide the highly spatially resolved concentration fields
needed to accurately evaluate the population health burden of exposure to
NO2. The misclassification of human exposure can lead to a loss of power in
epidemiological studies and the attenuation of health risk estimates (Basagafia
et al., 2012). Measurements also cannot provide the data needed to evaluate
future mitigation scenarios that address the challenges of reducing population
exposure to NO2. There is an urgent need for modelling NO2 concentration

over cities in China.
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1.5 Aims and structure of the thesis

The overall goal of this PhD project is to develop and implement improved

methods for modelling NO: intra-urban variability, for the primary purpose

of estimating health burdens, given the obstacles on data availability in

China. The city of Guangzhou, the third largest city in China with a

population of 14 million is chosen as an example. The specific aims are as

follows:

1.

What are the obstacles to quantifying human exposure to air
pollution in China for the purposes of determining health impacts
and monitoring the effectiveness of mitigation policies? (Chapter 3)

What can be done to improve estimation of human exposure to NO2
for cities in China given the current obstacles with respect to data

availability and city characteristics? (Chapter 3 and Chapter 4 )

How does the improved modelling of NO2 concentration in cities help

to better understand its health burdens? (Chapter 4)

How does the improved modelling of NO2 concentration in cities help
to measure the effectiveness of potential mitigation policies?
(Chapter 5)

What are the current problems and policy needs to support the
assessment of mitigation opportunities and decision-making

process? (Chapter 5)

Chapter 2 presents the key methods used in the thesis. The first question is

addressed by reviewing current literature on LUR models in Chinese cities

(Chapter 3 ). Based on the gaps and obstacles identified through studies in

China, a hybrid modelling approach is developed and its applicability to cities

in China is tested in Guangzhou (Chapter 4). The hybrid modelling approach

Chapter 1
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IS used to investigate the impacts of NO2 concentration on urban population
health burden and the effectiveness of policy intervention (Chapter 5).
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Chapter 2 Methodology

The overall goal of this PhD project is to develop and implement improved
methods for modelling NOz: intra-urban variability, for the primary purpose of
estimating health burdens, in the context of limited data availability in China.
This is achieved by firstly identifying gaps and barriers for modelling NO2
concentrations in cities in China. Based on the current situation, an improved
modelling approach is identified and developed. This improved approach is
then applied to estimating human exposure and calculating health burdens as
well as used for running different scenarios for investigating effectiveness of
potential policies. The top-level methodology and workflow are summarized in

Figure 2.1.

Objective

to develop and implement improved methods for modelling NO, intra-urban variability, for the primary purpose of
estimating health burdens, given the obstacles on data availability in China

Obstacles Modelling Measurement
Dispersion Land-use regression modelling: + CNMEC insufficient to capture
modelling: * Few monitoring sites to train model NO, intra-urban variability
+ Lack of data * No detailed data for predictor variables * Not able to conduct policy
* Too large city size + Not able to analyse different scenarios scenarios analysis
Method
Dispersion modelling Measurement

| —

Concentration at  ———— | and.use regression ——*  Concentration map

receptors

Applications Human exposure based Health burden Emission reduction Transferrable
on high spatial resolution calculation scenarios for policy to other
concentration map analysis cities

Figure 2.1 Summary of top-level methodology and workflow of the thesis.
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2.1 Atmospheric dispersion modelling

Atmospheric dispersion modelling simulates how air pollutants disperse in the
ambient atmosphere. It is based on mathematical equations that describe the
source-to-receptor emissions and atmospheric transport, dilution, and fate
processes (Figure 2.2). Key components in atmospheric dispersion models

include:

(1) meteorological conditions (e.g., wind speed, wind direction,
temperature, rainfall, the amount of atmospheric turbulence, cloud

cover, and solar radiation);

(2) the terrain (e.g., buildings, hills, surface water), which affects the

travel of the emitted plumes and determines the surface roughness;

(3) the source (e.g., stack height and diameter, stack gas temperature
and velocity, emission rate of the pollutant), and the physical and

chemical properties of the pollutant (reactivity, solubility).

The corresponding inputs of data required to apply a dispersion model in a
city are listed in Table 2.1.

Meteorology

Dispersion

Oz

Plume axis

Reaction

NO NO, Deposition
v Buildings Y
y vy
Source Turbulence Receptors

health effects

Figure 2.2 Diagram of plume dispersion adapted from (De Visscher,
2013) H is the effective source height and the stack is located at point x
=0;y =0, z=h. The wind direction is along the x axis. The figure shows
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the concentrations of air pollutants affected by the meteorology, the
source, the terrain, and the physical and chemical processes.

Table 2.1 Summary of input data for the application of an urban dispersion
model (De Visscher, 2013) .

Detailed
components

meteorology wind field

Input

mixing height

topography
surface roughness
solar insolation
temperature

relative humidity

emission
; road sources
inventory
point sources
line sources
area sources
volume sources
grid sources
background . " )
gr initial condition field
condition

boundary conditions

The Gaussian plume model is the most common dispersion model. The plume
Is described by a Gaussian distribution in lateral and vertical directions when
the wind speed, wind direction and the propensity of atmosphere to disperse
pollutant are considered to be constant (Figure 2.3). Though the reality does
not fully satisfy these conditions, the hourly average concentration distributes
as a Gaussian curve in many case (De Visscher, 2013). This is therefore

routinely used to simplify the process and the equation can be written as:
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Equation 2.1 c(x,y,z) = Q exp (_%3’_2) {exp _1(z-H) ] +exp [_1(z+H) ]}
Ty

2mucy 0, 2 0,2 2 0,2

where c is the concentration at a given point, Q is the emission rate, u is the
wind vector in the x direction (x = 0 at the source; x > 0 downwind), g,, and o,
are the standard deviations of the particle distribution in the perpendicular
horizontal (y) and vertical (z) directions and H is the effective height of the
plume (Figure 2.3) (Melli and Runca, 1979).

The NO:2 concentration is also significantly affected by R 1-1 and R 1-3
(Section 1.1.2), so reactions are embedded in dispersion models. Dispersion
models are therefore highly dependent on the quality of the input data,
particularly on emissions, but also detailed meteorological data, and

background concentrations (Table 2.1).

Figure 2.3 Diagram of Gaussian plume dispersion from a point source. H is
the effective source height and the stack is located at point x=0;y =0, z=h.
The wind direction is along the x axis and the concentration distribution
resulting from the dispersion in the y, z plane is shown at two downwind
locations (Brasseur and Jacob, 2017).

2.2 The ADMS-Urban dispersion model

The ADMS-Urban dispersion model (CERC, 2017; Carruthers et al., 1994) is
a widely-used (Carruthers et al., 2000; Di Sabatino et al., 2007; McHugh et al.,

1997; Righi et al., 2009) quasi-Gaussian model for simulating dispersion in the
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atmosphere of continuous releases from a range of explicit sources in an urban
area. The Gaussian distribution applies to stable and neutral conditions and
when the boundary layer is convective the plume is skewed and non-
Gaussian. The model can produce gridded concentrations or point

concentrations hourly or annually.

2.2.1 Chemistry and emissions

The NOx-NO2 chemistry (described in Section 1.1.2) is simplified using the
Generic Reaction Set (GRS) of Venkatram et al. (1994) that includes reactions
with Oz and hydrocarbons. This has been thoroughly evaluated against
measurements (Carruthers et al., 2017; Tonnesen and Jeffries, 1994,
Venkatram et al., 1994).

(R 2-1) ROC + hv - RP+ROC
(R 2-2) RP + NO - NO2
(R 2-3) NO2z+ hv = NO + Os
(R 2-4) NO + O3— NO2

(R 2-5) RP + RP - RP

(R 2-6) RP + NO2 - SGN
(R 2-7) RP + NO2 - SNGN

In this reaction set, ROC represents reactive organic compounds, RP is the
radical pool, SGN are stable gaseous nitrogen products and SNGN are the
stable non-gaseous nitrogen products. Reactions producing particulate matter
involving oxidation of SOz to form (NH4)2SO4 (ammonium sulphate) are also
included in the model. Pollutant emissions are represented as individual
plumes dispersing from a range of explicitly represented sources, including
point, road, area, and volume sources. Aggregated grid sources are used to

account for additional emissions, such as non-explicitly modelled roads and
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combustion processes in domestic, commercial and industrial settings,

including cooking, and (where relevant) shipping.

2.2.2 Meteorology and surface roughness

The input meteorology data containing a variety of meteorological variables
(Section 2.1) is processed hourly by the model to calculate PBL height (PBLH)
and the Monin-Obukhov length (Lmo) which determines the stability of the PBL.
Cloud cover measurements, along with the time of day and day of year, are
used to calculate incoming solar radiation which generates surface sensible
heat flux (Fy,) and friction velocity (u,) terms via the surface energy balance

and Lwmo is calculated from

—ul

Equation 2.2 Lyo = (

ngao)
pcp To

where u, is the friction velocity at the Earth’s surface, k is the von Karman
constant (= 0.40), g is the gravitational acceleration (9.81 m s), p and ¢, are

the density and specific heat capacity of air respectively and T, is the near-
surface temperature. Alternatively, measurements of PBLH can be used if
available. The ratio of PBLH to Lwo determines the vertical and horizontal
spread extents of each emitted Gaussian plume, with the aggregate
contribution from each individual emission source determining hourly
simulated pollutant concentrations. In unstable conditions, an additional
convectively driven turbulence component is calculated. This produces a

skewed, non-Gaussian concentration distribution.

Differences between conditions at the meteorological site and the modelling

area (Figure 2.4), largely caused by the large size of obstacles, are accounted
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for through distinct definitions of surface roughness (Zo). The Zo values of

different land use types in the model are given in Table 2.2.

\
—_/

(A
\J
‘/f O
N
S

Figure 2.4 Wind flow around obstacles in urban terrain (De Visscher, 2013).

Table 2.2 The built-in surface roughness lengths for the different land uses in
ADMS-Urban (CERC, 2017).

Land use Surface roughness (m)
Large urban areas 1.5
Cities, woodlands 1
Parklar)d, open 05
suburbia
Agricultural areas

0.3
(max)
Ag_rlcultural areas 0.2
(min)
Root crops 0.1
Open grassland 0.02
Short grass 0.005
Sea 0.0001
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2.3 Land-use regression modelling

Land-use regression (LUR) is based on the principle that pollutant
concentrations at any location depend on the environmental characteristics of
the surrounding area. It uses a geographic information system (GIS) to regress
spatially explicit predictor variables (e.g. land cover, traffic, and topography)
against the dependent variable of monitored pollutant concentration at a
subset of locations. The resulting relationship (Equation 2.3) of significant
predictor variables is then used to predict pollutant concentrations at

unmonitored locations (Briggs et al., 1997; Jerrett et al., 2005).

Equation 2.3 Ci=a+Xi,bX;+¢

In this equation, C; is the modelled concentration at location i, a is a constant
(approximating to the regional background concentration), b; is the weight
attached to variable j, X; is the value of variable j, computed around location
i, and ¢ is the error term, representing the unexplained variation in
concentrations. The process is illustrated in Figure 2.5 using road with different
buffers as an example. LUR modelling normally requires observed pollutant
concentrations, traffic and road networks, land-use classification, population

density, and meteorological data (Table 2.3).
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Figure 2.5 Schematic of LUR modelling process (Humstad, 2018). Predictor

variables are often calculated for circles with various radii around the sampling
points called buffer and the figure shows different buffers of major roads and all

roads as predictor variables. The intercept (a) and coefficients (b;) can be calculated
at monitor sites with concentration values to form the model equation.

Table 2.3 Example input data that may be considered, if available for
development of a land-use regression (LUR) model (Nieuwenhuijsen, 2015).

Input

Detailed Components

pollutant data

Regulatory(routine) monitoring data
purpose designed campaign
short-term or mobile measuring campaigns

land-use classification

residential land
industrial land
urban green space

traffic data

road network by road classification
numbers and types of vehicles
railways

census data

population density
household density

meteorology wind field
temperature
physical geography altitude
distance to coast
slope angle

emission data

emission inventory

remote sensing data

satellite data

street configuration

factors such as aspect ratio or sky view factor
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2.3.1 Selection of sites

The number and type of measurement sites are critical to the final LUR model
results. There is no rigorous methodology to determine the required number of
monitoring locations given a certain study objective and setting. Based on
previous studies in Europe and North America, Hoek et al. (2008) suggested
the use of 40—80 monitoring sites for LUR models, though the required number
of sites is dependent on the size of the population and city and heterogeneities
in developed urban areas. Basagafa et al. (2012) recommended no less than
80 monitoring sites for accurate health impact assessment for an area of 45.7
km? in Spain. Gillespie et al. (2016) used hold-out validation (details of model
evaluation in Section 2.4) and reported that exposure estimate precision
improved with increasing number of training sites and suggests that the
number of sites should be no less than 35 to ensure the predictability of the
model for the Glasgow conurbation (368.5 km?). Wu et al. (2017) studied the
effects of different monitoring network design (roadside sites, high household
density sites, and background sites) on the model results in Edinburgh (264
km?). They reported that the improvement of model performance was
insignificant when the number of sites is larger than 30 and not a single
network design minimised error in simulating both the full range of
concentrations across a city and the high concentration levels (hotspots) only
in the city.

2.3.2 Selection of predictor variables

The predictor variables are selected based on prior knowledge or expectation
that emission sources, dispersion, and physical geography may contribute to
NO:2 concentration variation in urban areas (ESCAPE, 2008). Variables that
represent emission sources should be positively associated with pollution;
variables representing distance from, or absence of, emission sources or the

effectiveness of dispersion/mixing processes can be expected to have

50 Chapter 2



negative associations. The inclusion of different buffer sizes allows for
potential different influences of predictor variables over different distances
from the receptor (Beelen et al., 2013; Su et al., 2009). Sky View Factor (SVF)
is defined as a ratio that has a value ranging from zero (zero view of the sky)
to one (a full 360° unobstructed view of the horizon) (L. Chen et al., 2012; Ma
et al., 2019). This variable is related to surface roughness and urban climate

of a city.

2.3.3 Model development process

The model development processes include (1) pre-processing of monitor data
and predictor variables, (2) development of model, (3) diagnostic testing, and
(4) model evaluation (the latter is discussed in Section 2.4.2).

(1) Collect and pre-process data for a selection of monitoring sites to set
monitor sites and predictor data in the same projected coordinate
system. Define the list of predictor variables, including zones of
influence (buffer/neighbourhood size) and direction of effect. Specify
the zones of influence to reflect the scale of environmental processes

appropriate for each variable.

(2) Export the monitoring data and extracted predictor variables from the
GIS and import into the statistical package and develop the LUR model
using linear regression. A stepwise multiple regression approach is
used to select the potential predictor variables to maximize the adjusted
percentage explained variance (R?) and minimize the root mean square
error (RMSE) (ESCAPE, 2008). First, all predictor variables are
individually regressed against the dependent variable data. The
predictor variable with the highest R? and with a coefficient which
conforms to the expected direction of effect forms the initial model. The
univariate linear regression process is repeated with the remaining

variables. The variable with the highest increase in adjusted R? is added
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into the initial model if it meets the following criteria: (1) the increase in
adjusted R? is greater than 0.01; (2) the coefficients of this variable and
the variables already in the model are in accord with the a priori-defined
direction. This process is repeated until no further variable satisfied the
criteria. In the final step, variables with p-value greater than 0.1 are
removed from the model starting from the variable with highest p-value.
The univariate regression analysis is the first step of the LUR function
where a looping function regressed each of the predictor variables

against the dependent variable.

(3) Diagnostics tests are then performed to check multicollinearity and
influential observations. Multicollinearity in the variables is checked
using Variance Inflation Factor (VIF). The VIF (Equation 2.4) shows the
effects of R? on the variance of the estimated regression coefficient for
the independent variable (O’Brien, 2007). Variables with VIF values
greater than three are removed from the model. Cook’s distance is the
normalized change in the fitted response values due to the deletion of
an observation. Extreme values or many zero values in a variable data
can skew the final model and this can be indicated by a Cook’s distance

>1 (Olive, 2017).

1
1-R2

Equation 2.4 VIF =

2.4 Model evaluation

Model evaluation implies a broad assessment of model results, considering
possible positive and negative outcomes, to understand the value of the
model. Table 2.4 summarises different statistical metrics for paired
comparisons of model to observed values that are used to test the skill of
models. Explained variance (R? -called Coefficient of Determination in

regression analysis) quantifies how well a linear regression explains the
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variance in the measurement data. It shows the part of the model’s total
variance that is explained by the predictor variables included. Higher
percentages of explained variance indicates a stronger strength of association
and means that the model makes better predictions (Rosenthal and Rosenthal,
2011). The agreement between predicted and observed concentrations is
usually assessed using the adjusted R?, which is a modified version of R?
adjusting for the number of predictors in the model. The root-mean-square
error (RMSE), which quantifies the differences between the model-predicted
and observed concentrations. Hold-out validation and leave-one-out cross-
validation (LOOCV) are the most commonly used validation tests for LUR
models. In hold-out validation, the dataset is separated into a training set and
a testing set. The training set is used to develop the model and the testing set
is used to evaluate the model by using the model to predict the output values
for the data in the testing set. In k-fold cross validation, the data set is divided
into k subsets and the holdout method is repeated k times. LOOCV uses the
variables in the final model to develop a regression model using n — 1 sites,
where n is the total number of observations in a monitoring network. The
predicted concentrations are then compared with the actual measured
concentrations at the left-out site. The procedure is repeated n times. LOOCV
can be used in studies with a small number of monitoring data that prevents
division into training and testing datasets. However, LOOCV does not
sufficiently address the overestimation of the predictive ability of regression
models, especially for smaller numbers of sites (Basagafa et al., 2012;
Johnson et al., 2010; Wang et al., 2012; H. Wu et al., 2017).
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Table 2.4 Different statistical metrics for comparison of model to observed values.
(M =predicted concentration, O = observed concentration, ¢ = standard deviation)

Name Formula
Mean Bias 1<
EZ(M ~0)
1
1
Mean Error - SPM - 0|
Root Mean Square Error
a I M — 0)?
n
Normalised Mean Bias (M —-0)
210
Normalised Mean Error YHM - 0|
210
Fractional Bias
XiM —0)
M+ 0
)
Fractional Error
1(x8M -0l
M+ 0
"\ 2=

Correlation

(&) ()

2.5 Measurement of NO, concentrations

NO2 can be measured after conversion to NO by passage over a heated
molybdenum surface or via photolysis using UV lamp (Ridley et al., 1988). NO
is usually measured by detecting chemiluminescence from the electronically
excited NO2 product of the reaction of NO and Oz (R 1-3). NO is unaffected by
such converters, and the concentration of NO2 in a sample containing NO and
NO2 can be inferred from the difference between readings when samples are

passed through, or bypass, the converter. Nitrogen-containing compounds
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other than NO:2 that can be reduced to NO by the converter can interfere the
results (Kleffmann et al., 2013). Conversion to NO and detection via
chemiluminescence is in widespread use to measure emissions and
atmospheric concentrations of NO2. NO2 has also been monitored using
passive diffusion samples, e.g. the Palmes diffusion tubes (PDT) and the
Ogawa badge (Aguilera et al., 2007; Gilbert et al., 2005; Palmes et al., 1976)

The chemiluminescence method is used for measuring the ambient NO:2
concentration in China. The monitoring specification HJ654-2013 (Ministry of
Environmental Protection, 2018b) specifies detailed calibration procedures for
each instrument such as zero and span checks, but documentation of the
processes applied for data quality control and assurance (QA/QC) and the
operating principles at each monitoring site is not publicly available.
Overestimation of NO:2 concentrations using instruments based on the
chemiluminescence method (TEI Model 42i from Thermo Fisher Scientific Inc.,
USA) ranged from 6% to 280% depending on the composition of the oxidation
products of NOx has been reported (Xu et al., 2013). In Europe directives, the
chemiluminescence method required to measure NO2 concentration within an
error of £15% (Gerboles et al., 2003). Measurement errors have been reported
previously in China but more recent literature indicates that data is more
reliable since 2013 (Ghanem and Zhang, 2014; Stoerk, 2016; Yuyu et al.,

2012).

2.6 Epidemiological studies and health burden
calculation

2.6.1 Air pollution epidemiological studies

Epidemiological studies of air pollution are used to determine the relationship

between the pollutant concentration, the exposure, and the health outcome
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(morbidity and /or mortality). Many studies have been conducted to estimate
the link between short-term (acute) and long-term (chronic) exposure to air
pollution in different populations to a range of health outcomes. Statistical
modelling is used to quantify the relationship and the relationship is described
by as the concentration-response function (CRF) which is then used to derive
the relative risk (RR). The RR is the ratio of the health outcome occurring in
the exposed population to the health outcome occurring in the unexposed

population.

2.6.2 Health burden calculation

The CRFs derived from epidemiological studies (Section 2.6.1) are used to
calculate estimates of population exposure in terms of air pollutant
concentrations into health impacts estimates. The attributable burden (AB) due
to long-term exposure to the air pollutant is estimated by multiplying the
attributable fraction of mortality (AF) by burden of disease (BoD) (Equation
2.5). The attributable fraction of disease burden is the expected percentage
reduction in the number of cases following elimination of the exposure in

population and is calculated from Equation 2.6,

Equation 2.5 AB = BoD x AF

R-Rq

Equation 2.6 AF = -

where R represents the risk or rate of disease in the population as a whole (i.e.
both exposed and non-exposed group) and Ro is risk of disease in non-
exposed only. R can be calculated from Equation 2.7:

Equation 2.7 R=pR;+(1—-p)R,
where R is risk of disease in exposed and p represents the proportion of the
population exposed (0< p <1). RRis the ratio of the probability of an outcome
in an exposed group to the probability of an outcome in an unexposed group

Equation 2.8.
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Equation 2.8 RR=12

Ro

From Equation 2.6 to Equation 2.8, AF can be calculated as Equation 2.9.

. _ p(RR-1)
Equation 2.9 AF = > RR-D+1

For outdoor air pollution, the whole population is assumed to be exposed
(» =1), so

Equation 2.10 AF = B2
RR

The RR corresponding to an air pollution increment of 10 pg m=3 is scaled to a
new relative risk for the appropriate population-weighted average

concentration. The equation used is:

Equation 2.11 RR (x) = 31x_o

In this equation, x is the population-weighted average concentration of interest
and g is the concentration-response coefficient for the pollutant (per 10 ug m-
3). For the example in Guangzhou, the concentration-response coefficient for
all-cause mortality attributable to NO2z is 1.0245 and the population-weighted

average concentration is 52.5 ug m= (Section 4.6).
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Chapter 3 Modelling intra-urban variability of air
pollution in China: current status and future
needs

This chapter is based on a review paper published in ‘Atmosphere’ (He, B.; Heal,
M.R.; Reis, S. Land-Use Regression Modelling of Intra-Urban Air Pollution Variation
in China: Current Status and Future Needs. Atmosphere 2018, 9,
134. 10.3390/atm0s9040134 ) | researched and tabulated the literature and wrote the
first draft of the paper. Mathew Heal and Stefan Reis contributed revisions to the
paper.

3.1 Introduction

The expansion of the CNMEC (and other) monitoring networks is driving a
growing number of LUR studies in China. As the nature of urban areas in
China, it is timely to assess the present status of LUR modelling in China in
the context of identifying what lessons can be learned to advance this field
from the similarities and differences with LUR studies applied elsewhere. The
objectives of this paper are therefore: (i) to briefly summarize differences
between Chinese urban areas and those in Europe and North America in the
context of LUR modelling of air pollution concentration; (ii) to summarize the
state-of-the-art of LUR air pollution modelling in China; and (iii) to highlight the
current gaps in LUR modelling in China in comparison with LUR models in
Europe and North America and make recommendations on future needs for
China. The majority of applications of LUR have been for NO2 and PM, since
these pollutants are a priority for regulatory monitoring and interventions due
to their public health effects. This paper therefore focuses on LUR studies for
NO2 and PM only. Twenty-four such studies in China were identified from the
peer-reviewed English-language literature and their details used as the basis

for discussion in this paper.
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3.2 Urbanization in China

3.2.1 Pace of urbanization

China’s rapid economic development has led to extremely rapid urban
population growth. At the end of 2011, China’s urban population exceeded that
of rural dwellers for the first time (National Bureau of Statistics of China, 2016a,
2012) and the trend is continuing—the proportion of urban population in China
is expected to reach approximately 70% by 2025 (Qiu, 2012). The extent of
built-up area in China has expanded correspondingly rapidly. The growth rate
of built-up land from 2000 to 2010 was 2.14 times higher than in the previous
decade (Liu et al., 2014). Between 2010 and 2016 the area of land undergoing
urban construction increased from 39,760 km? to 52,750 km? and possession
of private vehicles increased from 59.4 to 163.3 million (National Bureau of
Statistics of China, 2016b). The pace of change is a challenge for generating

and maintaining up-to-date land-use datasets.

3.2.2 Magnitude and density of urbanization

Urban areas in China are characterized by populations of several million
(United Nations, 2017), with considerably higher population densities than the
vast majority of urban areas in Europe and North America. The average urban
population density in China across all built-up areas with a population
>500,000 is 5,100 per km?, compared with equivalent values of 2,900 per km?
for the European Union (3,100 per km? for all of Europe including Russia) and
1,600 per km? for North America (1,200 and 2,500 per km? for the USA and
Canada individually) (Demographia, 2019).
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3.2.3 Urban topography

The higher urban population density in China is a consequence of the greater
proportion of multi-story residential and commercial buildings. In 2016, China
completed the most high-rise buildings (84) with heights exceeding 200 m of
any country in the world. It was the ninth year in a row that China topped this
list. Thirty-one cities in China had at least one 200-m-plus building completion
in 2016 (Gabel et al., 2016). The greater urban ‘roughness’ and extent of street
canyons impact the dispersion of air pollutants both directly and indirectly via

differential changes in surface albedo and surface temperatures.

3.3 Emissions of air pollutants in China

Greater population density leads to increased emissions of air pollutants in a
given area. The sectorial contributions to NOx, PM2s and PMio emissions
presented in Figure 3.1 for three illustrative urban areas (Beijing, Shanghai,
and Guangdong province) show that power generation, industry and
transportation all contribute substantially to NOx emissions. Industrial sources
dominate the contributions to emissions of PM, although residential
combustion (heating and cooking) also contributes substantially to emissions
of fine PM (PMz.s).

Greater emissions density in China can also derive from a lag in
implementation (International Council on Clean Transportation, 2017) and/or
in compliance (Jin et al., 2016) with industrial and vehicle emissions standards
compared with that in Europe and North America. Poorer fuel quality has also
been reported as contributing to greater per vehicle emissions in China (Yue
et al., 2015).
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Figure 3.1 Emissions of NOx, primary PM (PMzsand PMzio) from industry,
power, residential, and transportation sectors in Beijing, Shanghai, and
Guangdong province in 2012. Data are from the Multi-resolution Inventory
for CGhina (MEIC) (Center for Earth System Science, 2012). Mg (megagram)
=10°¢.

3.4 LUR models for Chinese urban areas

Twenty-four LUR studies were identified from Web of Science and Google
Scholar, using the following search phrases and keywords: land-use
regression; LUR; China; Hong Kong; Taiwan; air pollution; NO2; PMzs, and
PMao. A first search was undertaken on 11 November 2017, with a follow-up
search for any new literature on 3 February 2018. Language was limited to
English but there was no restriction on publication date. Characteristics of
these studies are summarized in Table 3.1 . LUR models for NO2 and/or PM
have been developed for individual Chinese cities (Hong Kong, Nanjing,
Tianjing, Shanghai, Beijing, Changsha, Wuhan, Jinan, and Kaohsing) or
regions (PRD, Taipei Metropolitan area, and Liaoning Province). The recent
dates of the publications demonstrate the recent impetus for LUR modelling in

China.
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3.4.1 Monitor data

Table 3.1 shows that 16 of the 24 Chinese LUR studies used fixed-site,
regulatory air pollutant monitoring data from CNEMC. The selection of monitor
sites are discussed in Section 2.3.1. Apart from a study in Hong Kong that
utilized potable sensors to collect PMio and PM2s data at 222 ad hoc
monitoring sites and a study in Changsha with 80 ad hoc sites for NO2. Table
3.1 shows that the remaining Chinese LUR studies all had fewer than 80

monitoring sites.

As is pointed in Section 1.4.3, it’s difficult to get access to archived historical
data from CNEMC, fixed-site monitoring data used in these studies were
derived from hourly and daily concentrations published on websites of local
environmental agencies. Other studies seeking to construct LUR models have
collected their own campaign data (Ho et al., 2015; Lee et al., 2014, 2017; Li
et al., 2015; Liu et al., 2015; Shi et al., 2016). While this approach provides
freedom in the allocation of sites (both locations and heights), it costs both time
and money and provides only short-term measurements of concentration at a
given location and non-contemporaneous measurements across the full set of

locations.

3.4.2 Predictor variables

The predictor variables in the final LUR models for the studies in Table 3.1 are
presented in Table 3.2 for NO2 LUR models and in Table 3.3 for PM LUR
models. The most-used variables in the final LUR models for NO2 were traffic-
related variables or proxies of traffic variables such as road lengths or distance
to the nearest roads (Table 3.2). This is consistent with LUR models for NO2
developed elsewhere and of course reflects traffic being a major emission
source for NOx. However, it is important to note that only 4 of the 24 studies
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summarized in Table 3.1 were able to obtain traffic data, and three of these
were based in Hong Kong, not mainland China (Lee et al., 2017; Shi et al.,
2017, 2016). A study in Jinan was able to obtain traffic data for major roads
only (Chen et al., 2010b). For the rest of the studies, lack of traffic data meant
that road lengths were used as a proxy for traffic counts. Some studies used
bus stop density and gridded traffic emission estimates as predictor variables
to represent the influence of road emissions (J. Wu et al., 2015; Yang et al.,
2017). Ideally, variables based on traffic intensity (motor vehicles per day)
multiplied by road length and divided by distance to the road would be used,
as recommended by the European Study of Cohorts for Air Pollution Effects
(ESCAPE), since these incorporate both emission and dispersion effects
(ESCAPE, 2010).

The second most common category of variables for the LUR models in Table
3.2 were land-use variables, which indirectly represent the NOx emissions
from power plants, industrial sites, or residential areas. Land-use variables for
greenspace are also used, since these are negatively related to NO:2
concentrations. Most studies incorporating such variables were derived from
2010 Landsat TM5 data 5, which classifies into agricultural land, industrial
land, commercial and residential land, green space and water area, at 30 m
resolution. The monthly global Moderate Resolution Imaging
Spectroradiometer (MODIS) Normalized Difference Vegetation Index (NDVI),
a satellite-based greenness index that measures and monitors plant growth

and vegetation density has also been used as a predictor.

In general, the same set of variables used in NO2 LUR models were used to
develop the PM models (Table 3.3). However, while traffic or traffic proxy
variables were selected in all LUR models for NO2—except for the study in

Nanjing (Huang et al., 2017), this was not the case for PM models. Variables

5 Landsat TM5 website : www.globallandcover.com/home/Enbackground.aspx
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related to industrial emissions, artificial lands (such as residential, industrial,
and public facilities lands), greenspace (such as forests, natural vegetation,
and parks), and water lands were selected in the models as well. This is due
to the complexity of the sources for PM emissions compared to NO2. LUR
models in the Taipei metropolitan area and Kaohsiung City included location
height-related variables to simulate vertical variation of PM2s (Ho et al., 2015;
Wu et al.,, 2014). Sampling height had a larger predictive influence in
Kaohsiung City than in the Taipei metropolitan area, which may be due to
differences in the terrain between the two study areas. Other different predictor
variables incorporated into PM2s LUR models were related to Chinese
restaurants and the burning of joss paper and incense in temples (C.-D. Wu et
al., 2017).

3.4.3 Model performance

Table 3.2 and Table 3.3 also summarize the model performance statistics for
the Chinese NO2 and PM LUR models. An important observation is that not all
studies reported formal validation, which is highlighted here as a shortcoming
for those studies that did not do so.

The adjusted R? values for the 15 studies in Table 3.2 that provided
guantitative validation results ranged from 0.42 to 0.87. For comparison, Hoek
et al. (2008) suggested R? values for usable models are typically in the range
0.6-0.7. The variability in R? values in the Chinese studies is likely related to
variable quality in the measured concentrations and predictor variables, and
the complexity of the city, for example, in terms of differences in topography
and emission sources. The highest R? value was for a study in Hong Kong (Shi
et al., 2017). The high R? in this model may be due to the inclusion also of
topographical and building-morphological variables. These predictors act as

surrogates for the complex wind conditions in a mountainous high-density city
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like Hong Kong. An approximately 20% increase in prediction performance
was observed in the LUR model, which included these parameters compared
to those without (Shi et al.,, 2017). However, this study only included 15
monitoring sites, so the high R? could also be a result of overfitting, where a
statistical model begins to describe the random error in the data rather than
the relationships between variables. Of the studies that utilized more than 40
monitoring sites, the model developed in Taipei had the highest explained
variance for NOz (Lee et al., 2014) (Table 3.1 and Table 3.2). The authors of
this study conducted 2-week campaigns of NO2 measurement by Ogawa

passive samplers during 3 seasons.

The adjusted R? values for the 12 models for PM2:s and 11 models for PMz1o
that reported model performance statistics ranged from 0.19 to 0.89 (Table
3.3). Compared with NO2 studies, fewer PMz2s and PMio monitoring data were
available from CNEMC for developing LUR models and there was no
regulatory monitoring data of PMz.s in China before 2012. The development of
portable sensors makes collecting campaign data relatively easy for PM, albeit
subject to the greater measurement uncertainties typically associated with
portable monitors compared with fixed-site network analysers (Lin etal., 2017).
In Hong Kong, transient measurements of PM2s and PMio at 222 locations
were collected non-contemporaneously by portable monitor. This made it
possible to estimate concentrations of PM in deep street canyons formed by
compact urban development (Shi et al., 2017). As for NOz, the LUR models for
PM with urban-morphology-related variables were important for modelling the
variability of pollutants in complex urban areas like Hong Kong. Another study
in Hong Kong, which did not use the mountainous topographical and building
morphological parameters, only had an R? value of 0.46, based on 97
campaign measurements (Lee et al., 2017).

The nature of the monitoring locations also affected LUR model performance.
The study in PRD resulted in a high R? value (0.884) and low RMSE (2.754 ug
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m-3) for PM2.s but the monitoring network only included 5 sites located within
500 m of a major freeway and 1 site within 200 m of a freeway. The predictor
variables included in the final models were latitude, longitude, and artificial land
and water areas (Table 3.3). These variables could only explain the strong
northwest-southeast trend of the variability of PM2.s due to the change of wind
directions, emissions from human activities and emissions from international
and domestic ports but failed to estimate more detailed street-level variation.
The final model was therefore not able to satisfactorily explain the intra-urban

variability of PMz.s.
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Improvement of modelling human exposure to NO: in cities in China

3.5 Summary of application of LUR models for
Chinese cities

3.5.1 Modelled pollutants

In some of the PM LUR studies, the intercept values of the resultant models
are close to the mean observed/predicted values of the PM concentrations
(Huang et al., 2017; C. Liu et al., 2016; Meng et al., 2016; Yang et al., 2017).
The reason for these large intercepts is that longer-range transport and
secondary formation within the atmosphere are more influential for PM10 and
PMz.s, compared with pollutants emitted locally and with shorter atmospheric
lifetimes such as NOx. LUR models for PM are therefore more likely to fit with
noise rather than capturing the spatial variation. In contrast, LUR is more
effective for modelling NOz2, which is derived mainly from traffic and domestic
and other local combustion sources through the rapid reaction of NO and
therefore has more pronounced spatial variability that the LUR model can

capture.

3.5.2 Data availability/accessibility challenges

Although an increasing number of LUR models have been developed at the
intra-urban scale in China, they remain constrained by the availability of key
input data needed for LUR models (Table 2.3), especially air quality monitoring
data. Measurement networks are sparser to date compared to those in Europe,
and the cities in China are larger, denser and more complex and often also
expanding rapidly. The number of monitoring sites from CNEMC often do not
reach that recommended for developing LUR models for health studies
(Basagana et al., 2012; Hoek et al., 2008), so the expansion of monitoring
(regulatory and/or ‘low cost’ and/or passive) is needed. Quality-assured
historical data are not often available. Therefore, as well as the archiving of

network data, there is also an urgent need for nationally-applied QA/QC
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protocols to improve and document the quality of the data to ensure that
Chinese networks comply with international standards (Y. Chen et al., 2012;
Ghanem and Zhang, 2014).

Aside from carrying out additional targeted ground-based measurement
campaigns to support LUR model development, satellite data have recently
been used in LUR modelling applications to compensate for the lack of
measurement data. Example datasets are the Ozone Monitoring Instrument
NO:2 vertical column density (VCD) and aerosol optical depth (AOD) for PM
(Duncan et al., 2014). As with studies in Europe (de Hoogh et al., 2016; Kloog
etal., 2012, 2011; Novotny et al., 2011; Vienneau et al., 2013), studies in China
have reported that incorporating satellite-based estimates improved model
performance of regional LUR models for NO2, PMio, and PM2s (Gong et al.,
2016; Yang et al., 2017). More temporally-resolved models have also been
reported; for example, using satellite AOD and VCDs, LUR models have been
used to estimate daily average concentration of PMio (Meng et al., 2016) and
NO2 (Anand and Monks, 2017). Details of temporally-resolved models will be

discussed in Section 3.5.3.

Nevertheless, current satellite data are not currently suitable for modelling the
intra-urban variability of ground-level pollutants within a LUR modelling
framework for the following reasons: First, ground-level concentrations cannot
be detected directly from satellite instruments but must be derived by removing
satellite responses to the rest of the column using complex algorithms and
modelling (Duncan et al.,, 2014). For example, high AOD values do not
necessarily translate to high surface PM2s levels due to the relationship
between AOD, relative humidity, and PM2s (Ziemba et al., 2013); secondly,
the satellite-derived estimates are area-averaged concentrations, which are
normally much too coarse to capture spatial contrast within cities. The pixel

sizes of current instruments are around several hundred km? (OMI Team,
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2012); and thirdly, the availability of some satellite data are subject to
meteorological conditions; for example, cloud cover can influence the quality
of the retrievals of many variables (e.g., AOD) that are sensitive to atmospheric
optics. In addition, satellite data can have systematic seasonal errors (Gong et
al., 2016; Yang et al., 2017). For example, Yang et al. (2017) reported that
satellite remote sensing tended to overestimate concentrations of PMzs in

summer and underestimate in winter.

Another approach to overcoming a lack of monitoring data is to integrate
dispersion models with LUR models. Typically, dispersion models compute
concentrations of air pollutants with high spatiotemporal resolution at specific
background, roadside, and kerbside receptors. The concentrations at these
receptors can then be used as pseudo-observations in the LUR model and
eventually simulate the concentration variation over the city without applying a
computationally-intensive dispersion model over the whole area. The
integrated modelling approach also has the flexibility of developing more
temporally-resolved models. The approach has been exemplified in the USA
(Johnson et al., 2010) and in the UK (Mdlter et al., 2010). However, it must be
remembered that the pseudo-observations are not real monitor data.
Importantly also, a fundamental drawback to the application of dispersion
models in China is that they require very detailed input data on emissions
(particularly traffic emissions such as fleet composition, emission factors, road
width, canyon height, and time factors), meteorological variables (such as wind
field, cloud cover, and precipitation) and boundary conditions—datasets, which

as discussed above, are largely currently lacking in China.

As well as the challenges noted above in respect of pollutant data, another
important challenge for Chinese LUR studies is capturing the rapidly changing
urban landscape. The study by Xu et al. (2016) interpreted Landsat series
images from 2007 to 2014 to account for urban land-use change during that

period.
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3.5.3 Temporal variability

LUR models are often used in epidemiological studies to estimate the long-
term effects of air pollutants. LUR models for previous years were developed
(C.-D. Wu et al., 2017; Xu et al., 2016). Xu et al. (2016) used Landsat series
images over different years and modified traffic emissions and industrial
emissions by the number of registered motor vehicles and the numbers of

enterprises to account for the temporal variation over the years.

Greater temporal-resolution modelling data are needed for shorter-term-
exposure epidemiology. Some studies in China have developed several
unique models in different seasons (Chen et al., 2010a; Li et al., 2015; Shi et
al.,, 2016; J. Wu et al.,, 2015; Yang et al., 2017). Both NO2 and PM
concentrations during the winter tended to be higher than in the summer,
particularly over urban areas, which may be caused by a change of boundary
layer and increased emissions from heating and other activities, such as
setting off fireworks in the winter (ESCAPE, 2010). Under the influence of the
East Asian monsoon, wind and precipitation patterns substantially change
seasonally in much of China. Localized wind direction and speed data are
needed as predictors to help characterize these temporal changes (Chen et
al., 2010a; Liu et al., 2015; Shi et al., 2017).

Since PM2s and NO2 have shown high day-to-day and diurnal temporal
variations (Cyrys et al., 2012; Lin et al.,, 2016; H. Wu et al., 2015), more
detailed temporal resolution would benefit short-term epidemiological studies.
Two studies in China achieved this by using a linear mixed effects (LME) model
(Equation 3.1) approach including satellite data (Anand and Monks, 2017;
Meng et al., 2016). LUR models are typically fixed-effect models (Equation
2.3), in which the predictor variables are temporally invariant. LME combines

both fixed and random effects. In LME, additional time-dependent variables
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are used to model daily concentrations of pollutants. For example in Meng et
al. (2016), AOD data, meteorological data, and NDVI are time-dependent
variables. Liu et al. (2015) used meteorological factors to build neural network
models to explain the nonlinear relationship between meteorological factors

and concentrations of NO2 and PMio.

Equatlon 3.1 Ci,t =a+ Z}lzl b]Xl] + C; + Z?;l Z}lzl djtyijt + Eit

In this equation, C;, is the modelled concentration at location i at time t, a is
the fixed intercept for the regression model and c; is the random intercept for
time t, b; is the fixed slope and dj; is random slope. X;; and Y;;, are the fixed
predictor and the random predictor, respectively, ¢; is the error term,

representing the unexplained variation in concentrations.

3.6 Dispersion models for Chinese urban areas

Atmospheric dispersion modelling (Section 2.2) has been used for many years
in local air quality management in China. Previous applications of ADMS-
Urban (Cai and Xie, 2011; Chen et al., 2009; McHugh et al., 2005; Owen et
al.,, 2000) and American Meteorological Society-Environmental Protection
Agency Regulatory Model (AERMOD) (Cimorelli et al., 2005; Ma et al., 2013)
in China have largely focussed on evaluating the impact that emission control
schemes targeting individual sources have on the immediate environment.
Chen et al. (2009) combined pollutant concentrations simulated by ADMS-
Urban with population data to investigate the impact of traffic control policies
in Shanghai. Cai and Xie (2011) used the ADMS-Urban model to quantify the
effects of the odd—even traffic restriction (restricting vehicles with odd or even
number plates) during the 2008 Olympics on emissions from a selection of
major roads. The study finds that some of the previously most polluted areas
subsequently complied with the NAAQS. Ma et al. (2013) applied AERMOD

for future scenario simulation for SOz and NOx in Xuanwei (Yunnan Province)
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to study the effectiveness of emission control policy (emission reduction
targets in the national 12" FYP) on the air quality. Substandard modelling
results are due to insufficient monitored data and incomplete emission

inventories.

3.7 Comparison of dispersion and LUR modelling

Compared to LUR, dispersion modelling has the advantage of grounding
simulations of pollutant concentrations for different scenarios in a process-
based simulation of the controlling processes; but the approach requires
detailed input data on emissions (e.g. emission inventories), meteorological
parameters, and background concentrations, which are currently not fully
available/accessible in most cities in China. LUR is an efficient modelling
approach, but in areas with limited monitoring sites such as Guangzhou, with
only 11 monitoring sites, the selected variables may overfit the model and
hence cause bias in health-effect estimates (Basagafa et al., 2012). LUR is
also limited to modelling measured air pollutants and cannot predict air
pollutant concentrations under potential future emissions scenarios. However,
despite the disadvantages mentioned above, LUR is relatively cheap and easy
to implement; and once input datasets are assembled, LUR models can be
readily adapted to new ‘measurement’ data without needing to consider

complex physicochemical processes.

3.8 Future research needs

3.8.1 Improvement of data quality/accessibility

LUR models require monitored pollutant concentrations, road networks and

traffic data, land-use classification, population density and meteorological data
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(Table 2.3). Foremost amongst these are the air pollutant monitoring data.
Attempts have been made to improve the quality and the number of regulatory
monitoring sites by the Ministry of Environmental Protection (China National
Environmental Monitoring Centre, 2016) but formal archived historical data
available to the public, together with nationally-applied QA/QC approaches to
improve data quality, are still urgently needed.

In terms of predictor variable data, as summarized in Section 3.2, urban land-
use in China is rapidly changing so regularly updated land-use classification
data are needed now and going forward. In order to model the effects of high-
rise buildings, detailed building height and street width datasets are required
as a model proxy for potential street canyon effects. As discussed in Section
3.4.2, most LUR studies in China have used road lengths as a proxy for traffic
counts due to unavailable traffic data. Thus, traffic counts and fleet data are
also indispensable. At present, all the data mentioned in Table 2.3 are
produced by different organizations and archived (if at all) on various
platforms. It would save time and effort if these data were systematically
collected and stored.

3.8.2 Integration of modelling approaches and fusion of
sensor data

As shown by studies in both the UK and the USA (Johnson et al., 2010; Mélter
et al., 2010), the integration of dispersion and LUR modelling can provide an
alternative to simulating high spatial resolution pollutant concentration fields
with insufficient monitoring data. As discussed in Section 3.5.2, the integrated
approach makes it possible to design optimal monitoring sites network within
the dispersion modelling domain. Because the scale of Chinese cities, running
high spatially resolved processed based models can be computationally
expensive, the integration of dispersion and LUR modelling can solve this
issue by using statistical cheap LUR model to emulate the behaviour of
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dispersion model. Future research should use this approach to explore the
number of sites required to develop spatial models in Chinese urban areas and
how the design of monitoring networks affects the modelling results, as
demonstrated elsewhere (H. Wu et al., 2017). However, progress on this front
is contingent on the availability of detailed, temporally-resolved emissions and

meteorological data, which is lacking at present.

The integration of satellite and ground-based lower-cost sensing also has
potential for overcoming the limitation of monitoring data scarcity in China.
Data collected by sensors at different spatiotemporal scales may be used to
develop models and also to calibrate and validate them. Example studies
discussed in Sections 3.4.3 and 3.5.2 illustrate the benefits of incorporating
sensor data, despite remaining challenges in relation to data QA/QC,
metadata, access, spatiotemporal resolutions and data management (Reis et
al., 2015).

3.8.3 LUR model standards

Rigorous standards and requirements specific to cities in China need to be set
for LUR model development and validation to prevent substantial bias in
estimated concentrations and to improve applicability in health burden
research. Relevant standards could relate to a minimum number of monitoring
sites, the ratio of roadside sites to residential sites, key predictor variables and

published model-validation statistics.

3.9 Conclusions

China is at the forefront of this trend of rapid economic development and

urbanisation, which has led to the emergence of megacities (>10 million
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people) and megacity clusters and concomitant problems of poor air quality.
Two modelling methods are widely used to simulate pollutant concentrations
at relatively high spatial resolution within urban areas: dispersion modeling and
LUR.

Although an increasing number of LUR models have been developed at the
intra-urban scale in China, they remain constrained by the availability of air
quality monitor data. The quality of LUR modelling studies of intra-urban air
pollution concentrations in China is currently constrained mainly by the scarcity
of input data, especially monitoring pollution data. There is an urgent need for
the continued expansion of monitoring (including via passive and miniaturized
sensors), the application of minimum standards of measurement assurance
and accessible, long-term archiving of the data. There is a similarly urgent
need for higher spatial resolution proxy data for urban emissions, particularly
in respect of traffic-related variables. The rapidly evolving nature of the
Chinese urban landscape makes generating and maintaining up-to-date land-
use and urban morphology datasets a challenge but one that must be met to
support researchers, planners and policy decision-makers. It is important that
Chinese LUR models are subject to appropriate validation statistics. As is the
case elsewhere, the integration of LUR modelling with portable air pollution
monitor data, satellite data, and dispersion modelling has the potential to

enhance the derivation of spatially-resolved urban pollution maps.

Gaussian plume dispersion models, capable of simulating dispersion from an
array of explicitly represented emission source types, including road and point
sources, are instead often implemented to represent pollutant concentrations
at the scale needed to fully assess human health impacts and simulate the
fundamental physical-chemical processes in the atmosphere from emission
source to all selected receptor locations. Applications of either approach in
China have so far been limited by the city size and data availability (He et al.,
2018).
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Given the obstacles in availability of monitor data, emission inventories, and
other highly spatially resolved data, and the challenges in applying high
spatially resolved models in large domains, a novel method for estimation of
highly spatially resolved human exposure to atmospheric pollutants for health
burden calculation in cities in China is developed and implemented. The
approach combines the advantages of dispersion modelling and LUR
modelling. Details of development of the hybrid model and application of the

hybrid model are in Chapter 4 and Chapter 5 .
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Chapter 4 Modelling intra-urban variability of
NO: in Guangzhou

This chapter is based on a research paper published in ‘Environmental Research
Letters’ (He, B.; Heal, M.R.; Humstad, K.H.; Yan, L.; Zhang, Q.; Reis, S. A hybrid
model approach for estimating health burden from NO2 in megacities in China: a case
study in  Guangzhou. Environmental Research  Letters 2019, 14,
124019. https://doi.org/10.1088/1748-9326/ab4f96 ) I, in discussion with Stefan Reis
and Mathew Heal, conceived the aims and methodology of the research. Liu Yan and
Qiang Zhang assembled and advised on Guangzhou emissions inventories. | and
Kamilla H Humstad assembled additiona | datasets. I, with some assistance from
Kamilla H Humstad, undertook the modelling, mapping and calculations, plus all
table and figure presentations. | wrote the full first draft of the paper. Other co-authors
supplied further suggestions and revisions to the text.

4.1 Introduction

In this work, we demonstrate a practical approach to simulating annual-
average concentrations of NO2z in Chinese megacities in which we combine
the advantages of both dispersion and LUR modelling (Moélter et al., 2010). We
use an urban dispersion model to simulate annual-average NO:2
concentrations at strategically chosen ‘virtual’ sites. This network of virtual
measurements is then used to develop an LUR model to estimate NO:
concentrations over the whole region at 25 m x 25 m resolution, from which
mortality health burdens can be calculated. A particular advantage of this
approach is that it can be used to derive spatially-resolved LUR models for
future scenarios that are rooted in process-based dispersion model
simulations of those scenarios. Here we apply our methodology in the
megacity of Guangzhou, which is the third largest city in China. We use our
hybrid model to estimate the scale of long-term health burden currently existing

in Guangzhou due to the spatially varying NO2 concentrations.
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4.2 Study design

The city of Guangzhou is located on the north side of the Pearl River Delta
(Figure 4.1). It has a total area of 7,434 km? and a population of 14 million,
divided into six districts (Conghua, Guangzhou city centre, Huaxian, Nansha,
Panyu, and Zengcheng) (Table 4.6). Concentrations of NO2 are measured at
11 sites (Figure 4.1 and Table 4.1). The workflow for this study is shown in
Figure 4.2. The ADMS-Urban dispersion model v4.1 (CERC, 2017) was used
to derive NO2 concentrations at 83 additional strategically-selected receptors
locations across Guangzhou, which were then used to develop an LUR model
for NO2 concentrations across the whole city. The sources of data for the

ADMS-Urban and LUR modelling are summarised in Table 4.2.

A Zengcheng
J353A
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s 2846A
13! GA‘>1 352.}\ .1 349A

1348
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Panyu * monitoring sites
N
. A
0 5 10 20
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Figure 4.1 The location of Guangzhou in China and the locations of the 11
monitoring sites (red dots). The labels are the Guangzhou codes for the
monitoring sites. Shapefiles of the city-wide and district administrative
boundaries were obtained from the GADM database (GADM, 2019).
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Figure 4.2 Schematic of the integration of ADMS-Urban model results into
an LUR model. The methodology for selection of the 83 receptor locations is
described in the text.

Table 4.1 Descriptions and coordinates of the 11 automatic
chemiluminescence monitoring sites in Guangzhou.

Code Name Long (°) Lat(°)
T,345A __ Guangdong Guangya Middle School 11324 23.1%
1,346A Guangzhou No.5 Middle School 113.26 23.11
1,348A Guangdong Ug(i:\é%rgri]gll/cgf Finance and 113.35 23.09
1,349A  Guangzhou No.86 Secondary School 113.43 23.11
1,350A Guangdong Panyu Middle School 113.35 22.95
1,351A Huadu District Normal School 113.21 23.39
1,352A City monitoring station 113.26 23.13
1,353A Kowloon Town/Zhenlong 113.57 23.28
1,354A Wuhu (Luhu) 113.28 23.16
1,355A Maofengshan Forest Park 113.46 23.31
2,846A Sports West 113.32 23.13
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Table 4.2 Sources of data for the ADMS-Urban modelling and LUR modelling.
Data Year Source

Multi-resolution 2016 http://meicmodel.org/cloud/
Emission Inventory
for China (MEIC)

marcopolo-panda 2014 http://www.marcopolo- .
panda.eu/products/toolbox/emission-data/

openstreet map road, 2018 https://digimap.edina.ac.uk/
river, coast, port

GIIESQE ;nsg30 2010 http://www.qlobalIgﬂ%%%\)/((.agécc))(m/G LC30Downloa
ECMWEF-ERAS 2017 https://apps.ecmwf.int/datasets/
ECMWF-CAMS 2017 https://apps.ecmwt.int/datasets/

Measured NO2 2017 http://beijingair.sinaapp.com/

concentration

Altitude SRTM 90m 2014  https://cgiarcsi.community/data/srtm-90m-digital-
elevation-database-v4-1/

UN adjusted 2015  https://www.worldpop.org/project/categories?id=
population data 3

4.3 The ADMS-Urban model set-up

The ADMS-Urban dispersion model v4.1 (detailed description is in Section 2.2)
is used in this study. The input data and set up for Guangzhou is in Table 4.2
and Table 4.3. Hourly wind speed, wind direction, air temperature and cloud
cover data at 10 m above the ground from ECMWF-ERA5 (ECMWF, 2019)
were used because the meteorological measurement data from the only
weather station in Guangzhou was incomplete. Surface roughness in Beijing
has been reported mainly in 1-3 m (Zhang et al., 2017) and 2 m was chosen
based on results of sensitivity tests. Since there was one site (1355A) located
at hilly place, terrain file was used and prepared from altitude data. Gridded
emissions of NOx and VOC:s for the year 2016 were obtained from the Multi-

resolution Emission Inventory for China (MEIC) (Zheng et al., 2018a) and
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downscaled to 4 km x 4 km horizon resolution using various spatial proxies
(Geng et al., 2017; Zheng et al., 2018b). Detailed traffic flow and speed were
not available, hence daily vehicle NOx emissions on different road types in
Beijing had to be used to estimate emissions on different roads in Guangzhou.
Shipping emissions were taken from MarcoPolo-Panda for the year 2014
(MarcoPolo-Panda, 2017) due to shipping activities. The model was evaluated
using the NO2 concentrations at the 11 monitoring sites shown in Figure 4.1.
State-controlled sites were used in this study, but no information about
monitoring site heights was available other than they range in elevation from
2-20 m, 11.5 m was used as an estimation to validate the concentration with
the observations. When the model simulated concentrations at receptors to
estimate human exposure, 1.5 m was used assuming at this height human

beings inhale contaminated air.

Table 4.3 The parameters used in the ADMS-Urban for Guangzhou.

Dispersion model | Parameters in ADMS- | Set-up

parameters Urban
meteorological wind speed and 2 m temperature, 10 m u-
.\ o component of wind,10 m v-
conditions direction )
component of wind,
instantaneous surface sensible
heat flux, total cloud cover,
boundary layer height (ERADS)
surface roughness 2m
terrain terrain file for 1355A
emissions gridded MEIC 4 km and macro panda
shipping
road assigning MEIC transportation

emission to each road
background CAMS at 114.4, 24.7 (lat, lon)

concentration

receptor height for validation 11.5m
virtual receptors 1.5m
chemistry Chemistry with trajectory
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4.3.1 Emission inputs

Gridded emissions of NOx and VOCs for the year 2016 were obtained from the
Multi-resolution Emission Inventory for China (MEIC) (Zheng et al., 2018a) and
downscaled to 4 km x 4 km horizon resolution using various spatial proxies
(Geng et al., 2017; Zheng et al., 2018b). Shipping emissions were taken from
MarcoPolo-Panda for the year 2014 (MarcoPolo-Panda, 2017). A map of the
total NOx emissions is shown in Figure 4.3.

Motorway, trunk, primary, secondary, and tertiary roads, as defined by
OpenStreetMap, were explicitly modelled as road sources (OpenStreetMap,
2018). Emissions from roads were calculated by assigning total on-road traffic
emissions to the explicitly modelled roads according to road type and total
length of each road. NOx and VOC emissions from the transportation sector
were obtained from MEIC. The proportion of these emissions assigned by
MEIC as on-road is given in Table 4.4. To allocate the on-road NOx and VOC
emission to different road types (and for weekdays vs weekend), the relative
emissions from the three types of roads — urban freeway, artery, and local —
reported by Jing et al. (2016) and given in Table 4.5 was used. Since
OpensStreetMap classifies roads into motorway, trunk, primary, secondary, and
tertiary roads (OpenStreetMap, 2018) the following assignments were made:
motorway was assigned as urban freeway; trunk, primary, and secondary
roads were assigned as artery road; and tertiary road was assigned as local
road. For each road type, the emission from each road in each grid for
Guangzhou was calculated by using the total emission from that road type in
that grid multiplied by the ratio of the road length to total road length in that grid
(Equation 4.1).

Lroad

Equation 4.1 Eroad = Egridroad X7 *
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Figure 4.3 Total 2016 annual NOx emission for each 4 km x 4 km emission
grid in Guangzhou. Unit is Mg/grid. Data from Zheng et al. (2018a) and
MarcoPolo-Panda (2017).

Table 4.4 Split between on-road and off-road emissions from the
transportation sector in Guangzhou in 2,016 (Zheng et al., 2018a).

Type NOx VOC

on-road 0.840118 0.986973

off-road 0.159882 0.013027
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Table 4.5 Daily vehicle NOx emissions on different road types in Beijing
(unit: Mg day ) (Jing et al., 2016).

Date Road type NOx VOCs

Weekdays Urban freeway 111.09 22.40
Acrtery road 124.53 25.16
Local road 56.49 11.42

Weekends Urban freeway 95.39 19.21
Avrtery road 110.81 22.36
Local road 74.04 14.97

4.3.1 Meteorological inputs and background concentrations

Wind speed and direction at 10 m above the ground, and cloud cover, at a
horizontal resolution of 31 km, were obtained from ECMWF-ERA5 (ECMWF,
2019). As the prevailing wind direction in Guangzhou was from the northeast
(Figure 4.4), the background site for pollutant concentrations for the model was
chosen to be a rural location to the northeast of the model domain (Figure 4.5),
though south-easterly wind  mainly occurs in summer. Background
concentrations of NO2, NOx, and O3 were obtained from the Copernicus
Atmosphere Monitoring Service (CAMS) (ECMWEF, 2019). Figure 4.5 shows

the lowest concentration of background NO: is located to the north east.

92 Chapter 4



Improvement of modelling human exposure to NO:z in cities in China

0%
25% N

20%
15%

10%

A

mean = 2.548
calm= 0%

— L
Oto2 2to4 4to6 610137
(ms™)
Frequency of counts by wind direction (%)

Figure 4.4 Annual average wind rose of hourly wind speed and direction in
2017 in Guangzhou using data from ERA5 (ECMWEF, 2019) for the area
delineated by the latitude and longitude coordinates:
23.94°/112.95°/22.73°/114.05°. Data are summarized by direction by 30
degrees and by different wind speed categories. Wind speeds are represented
by different width “"paddles”. The plots show the proportion (as a percentage)
of time that the wind is from a certain angle and wind speed range.
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Figure 4.5 Annual-mean concentrations of NOz (in ug m=) at 0.1° (~11 km)
spatial resolution obtained from the Copernicus Atmosphere Monitoring
Service (CAMS) (ECMWEF, 2019). The lowest concentration of background
NO:z2 is located to the north east, upwind for the prevailing wind direction as
shown in Figure 4.4.
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4.4 Selection of the ADMS-Urban virtual receptor
sites

As the main purpose of modelling NO2 concentrations is to estimate NO2
where people live, the virtual sites were primarily selected to be proportionally
located across the residential areas of Guangzhou. The six districts have a
large range in population (Table 4.6) so site selection was first stratified across
the six districts so as to ensure that sites in the virtual network were located
across all districts. Centroids of each cell of population data (100 m x 100 m)
(Worldpop, 2013) were extracted as potential virtual receptor sites. Three
types of virtual sites were defined for each district so as also to span the range

in anticipated NO2 concentration:

e Background site: centroid of the population cell with greatest distance to the
nearest road.
e Roadside sites: centroids of the population cells with a distance to nearest road
of no more than 5 m.
e Residential sites: centroids of the population cells with the highest population
density.
In each district, residential sites were selected first, with number of residential
sties proportional to the relative proportion of the total Guangzhou population
in that district (the specific number is given in Table 4.6). One residential site
in two districts also fitted the definition of roadside site (see Table 4.6), but
these were retained under the category of residential. All other sites that
satisfied the definition of roadside site (17 across the six districts, Table 4.6)
were selected as receptor locations within the roadside site category. A
background site was selected in each district. An additional overarching
criterion was a minimum distance of 300 m between any pair of sites in each
district to ensure that all sites were distributed across the range of localities in
the study area. The locations of the 83 sites are shown in Figure 4.6. ADMS-
Urban was used to simulate annual-mean NO:2 concentrations at these

locations at a height of 1.5 m above local surface level.
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Table 4.6 Population of each district, the number of residential and roadside
sites selected and the number residential sites also satisfying the definition of
roadside site.

District Population ~ No. of No. of residential sites  No. of
residential  also fitting roadside  roadside

sites definition sites
Conghua 596,816 3 0 1
Guangzhou 7,909,399 37 1 6
city centre
Huaxian 916,916 4 1 2
Nansha 110,923 1 0 1
Panyu 1,986,223 10 0 5
Zengcheng 1,120,186 5 0 2

A

Conghua

% et
Zengcheng

Legend
type

¢ background
e residential

¢ roadside
sha
L

Figure 4.6 The locations of 83 virtual receptor sites for the dispersion modelling,
which were stratified into the six districts of Guangzhou indicated by the boundaries.
The basemap is from Word Topographic Map.
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4.5 Development of the LUR model

4.5.1 LUR model predictor variables

Sources of data used to develop the LUR model are given Table 3.4 and
potential predictor variables for the LUR model are listed in Table 4.7. Road
lengths in a buffer had to be used as surrogates for traffic flow and fleet
composition, as neither of these data are publicly available for Guangzhou.
The variables of number of people and artificial (i.e. non-natural) area within a
buffer do not directly affect NO2 concentration, but they are indirectly related
to road transport emissions and to domestic, industrial and electrical
generation emissions which contribute to total NOx emission in Guangzhou
(Figure 4.8). Distance to nearest port and its derivates were included as non-
buffer variables to account for the impacts of shipping, Guangzhou is close to
the South China Sea, and is a major port, with ship activities significantly
contributing to total NOx emissions in the southern part of the model domain
(Johansson et al., 2017; H. Liu et al., 2016) (Figure 4.8). A maximum distance
of 35,000 m was specified for the distance to port variable as the dispersion
modelling at the virtual sites indicated that NO2 concentration decreased to
urban background level at this distance from nearest port as shown in Figure
4.7. The reasons for having a cap on shipping is that, shipping effects are
represented as a variable without buffers (which shows the areas this variable
can affect). A scatter plot of NO2 concentration at “virtual sites” and distance
to the nearest port is shown in Figure 4.7 and it shows that the concentration
dropped most dramatically at distance before 20,000 m but it still decrease
with the distance increase and it's unclear which number gives best model
predictability. Sensitivity tests of different models with various cap distances
were conducted and and the one with highest R? is 35,000 m. Green, i.e. not
built-up, areas are assumed to mitigate NO2 concentration since they are not
sources of NO2 and also act as areas over which NO2 concentrations disperse

and dilute (and deposit), hence the a priori direction of effect of the green area
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variable is negative (Jim and Chen, 2008). Coordinates and altitude were

included to reflect physical geography influence and wind speed and direction

proxies.

Modelled NO, annual mean concentration (ug m"3)

Figure 4.7 Concentration of ADMS-Urban modelled NO: at the 83 ‘virtual
sites’ (black dots) as a function of distance to the nearest port. The blue line
is a smoothed conditional mean of the data and is presented only to guide the

eye.
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Figure 4.8 The dominant NOx emission source for each emission grid cell in
Guangzhou. A cell is designated as mixed when no single source contributes
>50% of total emissions. Data from MEIC (Zheng et al., 2018a) and

MarcoPolo-Panda (2017).
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Table 4.7 Predictor variables and buffer sizes included in LUR model
development, and a priori anticipated direction of effect of variable on NO2
concentration. The road categories assigned as being major or minor are the
names of the OpenStreetMap road types indicated in the table.

. A priori
Variable Abbreviation Unit Buffe(ﬁnr)adlus sign of
effect
25, 50, 100,
all road length all_len m 300, 500, +
1,000
major road length 25, 50, 100,
(motor, trunk, maj_len m 300, 500, +
primary) 1,000
: 25, 50, 100
minor road length . A '
(secondary+tertiary) min_len m 300, 500, *
1,000
25, 50, 100,
motorway (link) mot_len m 300, 500, +
1,000
25, 50, 100,
trunk (link) tru_len m 300, 500, +
1,000
25, 50, 100,
primary (link) pri_len m 300, 500, +
1,000
25, 50, 100,
Secondary sec_len m 300, 500, +
1,000
25, 50, 100,
tertiary ter_len m 300, 500, +
1,000
distance to the .
nearest road length dis_all m N/A B
distance to the
nearest major road . .
length (motor, trunk, dis_maj m N/A B
primary)
distance to the
nearest minor road s
length dis_min m N/A -
(secondary+tertiary)
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distance to the
nearest motorway
(link)

distance to the
nearest trunk (link)

distance to the
nearest primary (link)

distance to the
nearest secondary
road

distance to the
nearest tertiary road

distance to the
nearest port

square distance to the
nearest port

distance to coast

distance to river

number of people

artificial area

altitude

latitude, longitude

green area

district indicator

dis_mot m
dis_tru m
dis_pri m
dis_sec m
dis_ter m
dis_por m
sq_dis_port m?
dis_cst m
dis_riv m
Pop N/A
art_area m?
Alt m
lat, lon °
gre_area m?
Conghua,

Guangzhou city

centre, Huaxian, N/A

Nansha, Panyu,
Zengcheng

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A
N/A

100, 300, 500,
1,000, 5,000

100, 300, 500,
1,000, 5,000

N/A
N/A

100, 300, 500,
1,000, 5,000

N/A

N/A

N/A

100
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4.5.2 LUR model development and evaluation

A stepwise multiple regression approach was used to select the potential
predictor variables and the details are in Section 2.3.3. First, all predictor
variables were individually regressed against the dependent variable data
(annual-mean NO:2 concentrations modelled by ADMS-urban at the 83
receptor sites). The predictor variable which explained the most NO:2
concentration variation (highest R?) and with a coefficient in the a priori-defined
direction (Table 4.7) formed the initial model. The univariate linear regression
process was repeated with the remaining variables followed the criteria on
adjusted R?, p-value, and coefficients of variables (Section 2.3.3). Diagnostic
tests were then performed to check multicollinearity and influential
observations. In this study, no observation was removed. The model was

evaluated using both the measurement and virtual site concentration data.

4.6 Health burden calculation

The association with all-cause mortality of 2.45% (95% CI: 2.34%, 2.58%) per
10 yg m3 elevation of NO2 reported by Zhang et al. (2011) were used, since it
was derived from data in Shenyang, a province in China. The number of deaths
in 2017 in Guangzhou was 60,900 (Guangzhou Statistics Bureau, 2018). The
population data (100 m x 100 m) was resampled to the resolution of the
concentration map (25 m x 25 m). The population-weighted average
concentration (E) for NO2 across the whole of Guangzhou was calculated as

follows:
. 1
Equation 4.2 E= ﬁZi C; Pop;

where C; and Pop; are the concentration and the number of people in each cell

I of the concentration map.
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The attributable deaths from exposure to ambient NOz in Guangzhou was
calculated by multiplying the AF by number of all-cause deaths (Equation 2.5,
Equation 2.10 and Equation 2.11). Details are in Section 2.6.2.

4.7 Model Evaluation

4.7.1 ADMS-Urban model evaluation

The ADMS-Urban model showed good statistical performance against the
annual-mean NO2 concentrations at the 11 monitoring sites in Guangzhou
(Figure 4.9A). The model explains 72% of the spatial variation in the measured
NO2, with an RMSE of 17.7 ug m3, albeit with a tendency to overpredict NO2
concentrations (MB = 11.2 ug m=3, NMB = 0.22). A likely explanation for the
general overprediction is that the precise height of each monitoring site is
unknown. The only information provided to us is that they range in elevation
from 2-20 m, which is consistent with anecdotal information that pollutant
monitoring sites in Chinese cities are often situated on tops of buildings, and
thus at higher elevation (where NO2 concentrations would be lower) than the
receptor height used in the model. The greatest model overprediction at site
1354A (Figure 4.9A) is likely explained by the fact that this site is located in a
park in the city centre and is surrounded by dense vegetation whose effects
on NO:2 concentration (through dispersion, deposition, and temperature
reduction) are not sufficiently captured by the model. As the distance to nearest
road for all 11 monitoring sites is greater than 5 m, the observed data can not
verify the model for roadside locations where highest NO2 concentrations are
anticipated, but at the other end of the concentration range the model predicted
well the background site 1355A which is located in an area of natural land
cover (Maofengshan). It is also important to recognise that the observational
data have uncertainty. It has not been feasible to robustly quantify uncertainty
for the NO2 measurements in Guangzhou within the scope of this study, as

documentation of the processes applied for data quality control and assurance

102 Chapter 4



Improvement of modelling human exposure to NO: in cities in China

(QA/QC) and the operating principles at each monitoring site is not publicly
available (Section 2.5).

4.7.1 Hybrid LUR model and evaluation

The final LUR model contained three variables (Table 4.8): pop_ 5,000 (the
number of people within a 5,000 m buffer) sq_dis_port (the squared distance
to the nearest port), and all_len_25 (the length of all type of roads within a 25
m buffer). The three variables respectively represent the influence of people
(indirectly related to residential, industrial, and traffic emission, and inversely
related to green space), shipping emissions, and traffic emissions. Table 4.9
summarizes the results of hybrid LUR model evaluation against both the 83
virtual sites and the 11 monitoring sites and Figure 4.9B shows the scatter plot
for the LUR model predictions at the 11 monitoring sites.

Against the 83 virtual sites, LOOCYV evaluation shows the hybrid LUR model
explains 96% of the spatial variation of NO2 concentration with an RMSE of
5.64 pug m=3. The NO2 concentrations at the monitoring site provide an
additional evaluation of the hybrid LUR model independent of the NO2 data
used to construct the model (Table 4.9 and Figure 4.9B). For this plot, R? =
0.63 and MB = 9.08 ug m3, which corresponds to an NMB of 18.2%. These
statistical uncertainties seem reasonable for intra-urban modelling/mapping of
a domain of this size and with the paucity of detailed emissions data to support
modelling. Figure 4.9B shows that the hybrid model slightly overestimates NO2
concentrations, which as discussed earlier is likely the consequence of the
model predicting NO2 concentration at 1.5 m height, which is lower than the
height of most monitoring sites (2 — 20 m). Closer inspection of Figure 4.9B
shows that the model generally over-predicts more at locations with higher NO2
concentrations which can be rationalised because these are the locations most

affected by local traffic emissions for which there is insufficiently detailed input
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data. As noted above, it is also important to recognise that there is uncertainty

in the observed values.

Table 4.8 The final LUR model variables and their coefficients and standard

errors.

Variable Definition Coefficient Standard Error
(Hg m)

Intercept / 33.09 1.77

(g m?)

pop_5,000  number of people within a 2.875x 107° 1.087 x 107°

5,000 m buffer (ug m3)
sq_dis_port squared distance to the —9.543x107° 1.832x107°
(m?) nearest port
(m? pg m)
all_len_25 length of all type of roads 6.362 x 1072 1.261 x 1072
within a 25 m buffer
(m) (m pg m)

Table 4.9 LUR model performance evaluated by training (R?> and RMSE),
LOOCYV (R? and RMSE), and observation (R? and RMSE).

Evaluation method R?2  RMSE (ug m?®)
Using 83 virtual sites 0.96 5.48
LOOCYV using 83 virtual sites 0.96 5.64
Using measurement at 11 monitoring sites 0.63 18.0
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Figure 4.9 (A) Dispersion model NO2 concentrations versus observed NO2
concentrations. (B) Hybrid LUR and dispersion model NO2 concentrations
versus observed NOz concentrations.

4.8 Concentration map and premature attributable
deaths

Figure 4.10 shows the spatial distribution of NO2 concentration across
Guangzhou in 2017. Modelled concentrations vary between 21.5 ug m= in the
most rural areas in the north of the domain to 99.7 ug m in the most polluted
district of Guangzhou city centre. The map indicates that, as expected,
concentrations of NOz are highest on road links, particularly those with heavy
traffic as shown on the expanded map of the city centre. The model NO:2
concentration show high values at the boundary of Nansha, which is likely due
to shipping (Figure 4.8). The population-weighted annual-mean concentration
of NO:2 across Guangzhou is 52.5 pg m=. This population-weighted
concentration exceeds the Chinese air quality standard and WHO guideline of
40 pg m3 (Ministry of Ecology and Environment, 2012; WHO, 2006), and
Figure 4.10 indicates that, in large areas of Guangzhou, concentrations of NO2

are substantially in excess of this value.
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The modelled number of premature deaths attributable to long-term exposure
to NO2 in Guangzhou in 2017 was 7,270 (6,960-7,620; range based only on
the 95% CI for the health risk coefficient). For comparison, the total number of
deaths from road-traffic accidents in Guangzhou was 847 in 2015 (Guangzhou
Municipal Public Security Bureau, 2016). Approximately 60% of people in
Guangzhou experienced NO:2 concentration above the China air quality
standard/WHO guideline of 40 ug m=. The air quality plan (2016-2025)
published by the Guangzhou government to combat air pollution problems sets
the target of meeting the NO:2 air quality standard of 40 ug m= by 2020
(Guangzhou Government, 2017). Our model predicts that if all areas with NO2
concentrations greater than 40 ug m were reduced to the air quality standard,
the number of lives saved would be 1,900 (1,820-1,980) compared to the 2017
estimate. Walton et al. (2015) estimated the mortality burden of NOz2in London
in 2010. The AF in various boroughs in London ranged from 9.8% to 20% with
an average of 13.3% and the concentration-response coefficient used in the
study was 1.06. The AF values reported in London are comparable to 11.9%
using 1.0245 as the coefficient in Guangzhou in our study. Carnell et al. (2019)
calculated AF values for all-cause mortality in the UK associated with NO:2
using 1.023 as the coefficient. The AF values from 1970 to 2010 ranged from
2.96 % to 5.76%, which are lower than those in London and in Guangzhou.
The lower AF values are likely due to areas with much lower concentration of

NO2 than London and Guangzhou included in the calculation for the whole UK.
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Figure 4.10 The final hybrid dispersion-LUR model of NO2 concentrations
in Guangzhou. The most polluted district is Guangzhou city center. NO2
concentrations are higher at locations around the road links, industrial areas,
and close to the ports (in the southern part of the model domain).

4.9 Advantages and limitations of the hybrid model

4.9.1 Advantages of the hybrid modelling approach

The challenge of high spatial resolution air pollution modelling has driven
integrated data and modelling approaches (Beevers et al., 2012; Hao et al.,
2016; Hood et al., 2018; Johnson et al., 2010; Xue et al., 2019; Yang et al.,
2017). For megacities of large area like Guangzhou, without additional
monitoring data, our solution for simulation of an NO2 concentration map has
been to derive a hybrid modelling approach that uses a virtual network of
receptor locations for dispersion and LUR modelling. This approach gives
flexibility to choose the input sites (such as weighting towards residential
population (around 60% of the receptors are in Guangzhou city centre) and

number of sites (83 receptor sites). It also takes less time to generate a high-
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resolution map over a large domain compared with dispersion modelling only.
In this hybrid approach, dispersion modelling is used to conduct scenario
analysis and LUR is used for interpolating the spatial trends. This approach
can be easily used to derive concentration maps to calculate health burdens

(including for future scenarios) or for epidemiological studies.

4.9.2 Limitations of the study

There are of course uncertainties, as for any modelling approach. Even though
we have sought to play to the strengths of the available data for Guangzhou,
data accessibility and quality are generally an issue for China (He et al., 2018).
For example, detailed industrial emissions as point sources for the dispersion
model are not accessible in Guangzhou. Similarly, detailed traffic flow and
speed are not available, hence road length was used as a proxy in the LUR
model. Also daily vehicle NOx emissions on different road types in Beijing had
to be used to estimate emissions on different roads in Guangzhou. Since
detailed land-use data are not available, satellite observation derived data
Globeland30 were used (Globeland30, 2010). It is extremely difficult to get
access to monitoring data in Guangzhou; several websites provide real time
data (AQICN, 2019; CNEMC, 2019), but historical data are not available for
download from official sites and the detailed location and environment of the
monitoring sites are unclear. State-controlled sites were used in this study, but
no information about monitoring site heights was available other than they
range in elevation from 2-20 m. The quality of monitoring data is unknown.
ADMS requires concentrations of NO and NO2 background concentrations but
only NO2 was reported at each monitoring site, therefore ECMWF-CAMS re-
analysis data was used for the boundary concentration. No roadside
monitoring sites were available, so neither the dispersion nor the LUR model
simulations could be validated at highest NO2 concentrations. Since the LUR
model used ADMS-Urban modelled concentrations as input, the hybrid model

inevitably transmits any bias in the dispersion modelling to the final model.
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In terms of the health burden calculation, detailed census data is not available
and UN modelled population data (Worldpop, 2013) were used instead. A
health risk coefficient from a single-pollutant model was used which may
overestimate the actual effects due to NO2 (COMEAP, 2018). In common with
studies of this kind, population data at residential address was used. An
assessment of the impact of work location on population level of exposure
requires additional information on population distributions at different times
(Reis et al., 2018).

4.10 Conclusions

Given the current challenges related to data availability, accessibility and
quality in Chinese megacities, and their large spatial area, a single model
struggles to provide high spatio-temporal resolution air pollution maps for the
whole city. In this work, a combined dispersion and LUR model approach to
simulate annual average NO:2 for health burden assessments was
demonstrated for the megacity of Guangzhou. Ambient concentrations of NO2
simulated by the ADMS-Urban dispersion model at 83 ‘virtual’ monitoring sites,
selected to span both the range of NO2 concentration and weighting by
population density, were used to develop a highly spatial resolved LUR model.
To our knowledge, this is the first attempt to apply this approach to maximize
the advantages of both modelling approaches and to overcome data
shortcomings in relation to data availability in China. This method can be
employed in other cities in China, or globally, to model ambient NO:
concentration at high spatial resolution to investigate the effectiveness of
potential mitigation policies. The dispersion model simulates the effect of
different emissions scenarios on concentrations at the network of receptor
locations, from which LUR modelled maps are constructed to estimate future

concentrations and health burdens across the whole domain.
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Chapter 5 Modelling public health benefits of
various emission control options to reduce
NO;, concentrations in Guangzhou

This chapter is based on a research paper submitted in ‘Environmental Research

Letters’ (He, B.;, Heal, M.R.; Reis, S Modelling public health benefits of various

emission control options to reduce NO2 concentrations in Guangzhou) I, in discussion

with Stefan.Reis and Mathew Heal, conceived the aims and methodology of the
research. | undertook the modelling, mapping and calculations, plus all table and

figure presentations. I wrote the full first draft of the paper. Other co-authors supplied
further suggestions and revisions to the text.

5.1 Introduction

Guangzhou is an example of many cities in China that do not currently meet
the Chinese air quality standards (GB 3095-2012) (Ministry of Ecology and
Environment, 2012). Consequently, as required under both the Chinese
national laws cited above the Guangzhou Municipal People’s Government has
developed the Guangzhou Ambient Air Quality Compliance Plan (2016-2025)
(People’s Government of Guangzhou Municipality, 2017). The Chinese air
quality standard for NOz is currently set equal to the World Health Organization
(WHO) air quality guideline, at 40 pg m?2 as an annual average, and the
Guangzhou aspiration is to achieve this by 2020 (and also to achieve an
annual average NO:2 concentration of 38 ugm?3 by 2025) (People’s

Government of Guangzhou Municipality, 2017).

NO:2 derives primarily from NOx (NO and NOz) emitted from road transport,
domestic, commercial and industrial combustion, and shipping (Ding et al.,
2018; Fu et al., 2017; Liu et al., 2017; MEIC, 2016). Due to the ubiquitous
nature of combustion sources and the relatively short lifetime of NO2, its
concentrations are highly spatially variable (Beirle et al., 2011; Cyrys et al.,
2012; Gurung et al., 2017). However, although the Guangzhou Ambient Air
Quality Compliance Plan states that the NO2 target needs to be metin all areas

in Guangzhou, it is not defined how compliance is to be evaluated, for instance
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whether this includes at locations without monitoring stations. Furthermore,
because the ultimate aim of setting an NO2 concentration target is to alleviate
the negative impacts on health, the estimation of potential city-wide population
health gains from policy interventions that target NO2 emission reductions from

local sources also requires highly spatially resolved NO2 concentration data.

The hybrid modelling approach (Chapter 4 ) were applied in Guangzhou and
can be used to derive spatially-explicit maps of NO2 concentrations for the
whole domain under alternative future emissions scenarios that are
underpinned by process-based dispersion simulations. The aim of the study in
this chapter is two-fold. First, the modelling approach (He et al., 2019) is used
to investigate the ability of a range of example emission reduction scenarios to
meet the Guangzhou Ambient Air Quality Compliance Plan target of 40 pg m-
3 annual-average NO:2 concentration. Since it is not clear what constitutes
compliance with the target, we present results that illustrate the emissions
reductions required for modelled concentrations to meet the following

interpretations of a 40 ug m-3target:

e Target Interpretation 1: the average of the annual average concentrations at all
current NO2 monitoring sites meets the target (TI1).

e Target Interpretation 2: the annual average concentration at all current NO2
monitoring sites meet the target (T12).

e Target Interpretation 3: the population-weighted annual average concentration
in Guangzhou meets the target (TI3).

e Target Interpretation 4: the annual average concentration everywhere in
Guangzhou meets the target (T14).

Secondly, the modelled NO:z concentrations are used to determine the
changes in population exposure to NO2, and the associated population
premature mortality avoided. These data are used to illustrate that the use of

a concentration threshold as a policy metric can fail to convey to policy-makers
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and the public the extent of population health gain achieved across a range of
potential emissions reductions even where reductions fail to deliver the
concentration target (and the continuing public health gain for reductions that

go beyond meeting the concentration target).

The study does not set out to simulate real-world proposed policy measures,
but to illustrate an approach to identifying the scale of the mitigation challenge
to achieve city-wide concentration standards set under existing policy targets
and what their associated potential health gains may be. Economic costs and
benefits are not evaluated. Whilst the results are based on consistent model
results for the specific situation in Guangzhou, they provide relevant evidence
to decision makers designing effective air pollution control policies in other

fast-growing megacities in China and elsewhere globally.

5.2 Method

5.2.1 A hybrid modelling approach

The final LUR model variables and the evaluation statistics for the LUR model
for 2017 (‘base case’) NO2 concentrations, as reported previously in He et al.
(2019) and Chapter 4 , are summarised in Table 4.8 and Table 4.9,
respectively. The spatial resolution of the final modelled NO2 concentrations is
25 m. The same method here to develop spatial maps of NO2 concentration
for each of the emission reductions scenarios described in the following
section. The use of the dispersion model means that NO2 concentrations at
the set of 83 receptor locations for different emissions reductions scenarios
are derived from a process-based model. The variables selected for the
subsequent LUR models for the different scenarios are listed in Table 5.1.
Because road length was used as a proxy of traffic, and therefore cannot

reflect the proportion change of traffic emission, the final model might
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underestimate the impacts of traffic emission reduction. The ADMS-Urban
model was also used to derive NO2 concentrations at each of the 11 NO:
monitor locations in order to address target interpretations TI1 and TI2 of

compliance with a Guangzhou NO:2 target.

Table 5.1 The variables selected in the final LUR models for the different
emissions reductions scenarios modelled in this study. (pop_5,000:
population with 5,000 meter buffer, sq_dis_port: squared distance to the
port)

Scenarios Variables selected
A10-50 , B1o-90 pop_5,000, sq_dis_port
A60-90 pop_5,000

5.2.2 Modelling scenarios

To explore the scale of emissions reductions required to meet the Guangzhou
NO: concentration target of 40 ug m=, the following different scenarios were
simulated using ADMS-Urban to derive concentrations at the 83 pre-selected

receptor locations.

1) Base case: 2017 emissions

2) Scenarios Ax: reductions of NOx and VOCs emission in all source
sectors equally by 10% decrements (x) between 10% and 90%

3) Scenarios Bx: reductions of NOx and VOCs emission in the road

transport sector by 10% decrements (x) between 10% and 90%

Traffic is a dominant NOx emission source in Guangzhou (Figure 4.8) (MEIC,
2016) and is explicitty modelled in ADMS-Urban (CERC, 2017), so the Bx
scenarios were undertaken to demonstrate the change of NO2 concentration if
interventions focusing only on reductions of NOx and VOCs emissions from
road traffic were to be implemented.
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Under the base case scenario (2017), the total annual NOx and VOCs
emissions are 180.2 kt and 357.3 kt, respectively (Table 5.2). Emissions
reductions are substantially larger under the Ax scenarios than the Bx
scenarios. Scenario Boo, the reduction of NOx and VOCs emissions from road
transport by 90%, results in reductions of about 34 kt NOx and 45 kt VOC.
Scenario Ago, which reduces all sector emissions by 90%, corresponds to
reductions in NOx and VOC of 162 kt and 322 kt respectively (Table 5.2).

Emissions reductions in VOCs as well as NOx in the model simulations were
included since VOCs are the other class of primary emissions that can impact
on the gas-phase NOx chemistry. The same percentage reductions in VOCs
and NOx were applied, although equal reductions of each is probably not a
realistic outcome of particular policy measures. However, the VOCs reductions
imposed in the model scenarios in fact impact relatively little on the results of
our study which investigates the impacts of emissions reductions in the
Guangzhou domain on intraurban levels of NO2 in the Guangzhou domain. To
demonstrate this, a sensitivity simulation with the dispersion model of NO:2
concentrations at the 11 monitoring sites in Guangzhou for a scenario with
50% reduction in NOx emissions but baseline VOCs emissions was conducted.
The results from this simulation are compared in Figure 5.1 with those for the
simulation with baseline NOx and VOCs emissions and for the scenario where
both NOx and VOC emissions are reduced by 50%. Figure 5.1 shows that the
inclusion or not of 50% VOC emissions reductions alongside the 50%
reductions in NOx emissions has very little impact on the NO2 concentrations
at these locations (across a range of absolute NO2 concentrations) compared
with the change in NOz2 concentrations brought about by the reductions in NOx
emissions. The average change (increase) in NO:2 concentration for the
scenario with 50% NOx emissions reduction and no VOCs reductions
compared with the scenario where both VOCs and NOx emissions are reduced
by 50% is only 1.1 pg m-3, which equates to only a 2.5% change in the mean

of the NOz2 concentrations across the 11 sites under these scenarios (43 ug m-
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3). In comparison, the 50% reduction in the NOx emissions causes an average

change across the 11 sites of more than 18 pug m=.

Meteorological variability can have a significant influence on air quality by
affecting the advection, diffusion, and deposition of air pollutants, although less
so for annual average concentrations compared with shorter averaging times.
The magnitude of inter-annual meteorological variability on annual average
NO:2 in Guangzhou was explored by also running the dispersion model for the
11 monitoring sites using the Guangzhou meteorology for each of the years
2013 to 2016. Emissions were maintained at the 2017 base case year. The
ranges in the annual averages of the meteorological variables input into the

dispersion model across these five years are shown in Table 5.3.

W base MOx, base VOC m 50% MO, 50% VOC 50% NOx, base WVOC

100

5

40

3

2
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0

13454 1346A 13484 13494 13504 1351A 13524 1353A 13544 1355A 28464

58 385

[ =T~

MO2 concentration f ug m-3

=]

Monitoring site

Figure 5.1 Dispersion model simulations of NO2 concentrations at the 11 monitoring
sites in Guangzhou for the baseline scenario (blue), for 50% reductions in NOx and
VOC emissions, as included in the manuscript (orange), and for 50% reductions in
NOx emissions but zero reductions in VOC emissions (grey).
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Table 5.2 Total NOx (as kt-NOz) and VOC:s (as kt-VVOCs) emissions, and their
corresponding reductions compared with the base-case scenario, for the

different emissions reductions scenarios modelled in this study.

. No. o No. - vocs  VOSS
Scenarios errz:;s;;on red(nglon em(llii)lon red(llj(%ion

Base 180.2 NA 357.3 NA
Aio 162.2 18.0 321.6 35.7
A2 144.2 36.0 285.8 71.5
Azo 126.2 54.1 250.1 107.2
Ado 108.1 72.1 214.4 142.9
Aso 90.1 90.1 178.7 178.7
Aco 72.1 108.1 142.9 214.4
Ao 4.1 126.2 107.2 250.1
Asgo 36.0 144.2 71.5 285.8
Ao 18.0 162.2 35.7 321.6
B1o 176.4 3.8 352.3 5.0
B2o 172.6 76.7 347.3 10.0
Bso 168.7 11.5 342.4 14.9
Bao 164.9 15.3 337.4 19.9
Bso 161.1 19.2 3324 24.9
Beo 157.2 23.0 327.4 29.9
B7o 153.4 26.8 322.4 34.9
Bso 149.6 30.7 317.4 39.9
Bao 145.7 34.5 312.5 44.8

! kilotonne (103 tonne)
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Table 5.3 Annual averages for 2013-2017 of the hourly meteorological
variables needed as input to the dispersion model.

Sensible heat Boundary T Cloud Wind .W'n.d
Year 5 o Speed direction
flux (W m=) Layer(m) (°C) cover . o
(ms™) (®)
2,013 13.2 446.0 22.8 0.65 2.6 65.5
2,014 15.2 441.4 23.0 0.67 2.4 74.1
2,015 13.6 444.2 23.6 0.71 2.6 79.4
2,016 10.4 440.5 23.1 0.71 2.7 59.8
2,017 12.1 434.9 23.3 0.69 2.5 52.6

5.3 Modelled NO;, concentrations

5.3.1 NO2 concentrations at monitoring sites

The Guangzhou Ambient Air Quality Compliance Plan does not specify

whether modelling is to be used for compliance assessment. Without

modelling, compliance can only be evaluated using the monitor data. The NO:2

concentrations simulated using the ADMS-Urban dispersion model at the 11

monitoring sites for the base case and the 18 emissions reduction scenarios

are summarized in Figure 5.2. For comparison, the NOz concentrations

simulated at the 11 monitor sites for the base case for the five meteorological

years tested are shown in Figure 5.3. The latter figure shows that NO:2

concentrations at a given receptor varied relatively little for the different

meteorological scenarios (at most a few pg m=3) compared with the changes

associated with the emissions reduction scenarios shown in Figure 5.2.
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As expected, concentrations at monitoring sites under Ax scenarios, which
reduce emissions across all sectors equally, are lower than those under Bx
scenarios, which only reduce emissions from road transport (Figure 5.2). It is
notable that the range in NO2 concentrations across the 11 sites gets smaller
as emissions reductions become greater. Concentrations at sites with the
highest concentrations, which are located nearer to main roads, fall off faster
than at sites with the lowest concentrations, which are background sites. This
is because NO:2 concentrations are strongly influenced by local NOx emission
sources, so locations closer to strong sources, particularly roads, are more
immediately impacted by reductions in emissions from those sources. This
effect is greater for the Ax emissions reduction scenarios (Figure 5.2) since
these also include reductions in domestic and other local NOx sources, not just
traffic sources. As a consequence of the relatively greater effect of emissions
reductions on higher concentration locations, there is a smaller reduction in
the average NO2 concentrations for the scenarios with smaller reductions in
emissions (toward the left side of each panel in Figure 5.2) compared with the
reductions in the average NO2 concentration when emissions reductions are

already substantial (toward the right side of each panel in Figure 5.2).

Figure 5.2 suggests that to attain an average annual-average NO:2
concentration across all monitoring sites of 40 ug m= (TI1) would require a
60% reduction of emissions in all sectors (Aso). (We note here that since our
emissions reductions scenarios go in 10% increments it is more strictly
accurate to state that TI1 would be reached with a scenario somewhere
between Aso and Aeo, and likewise for other statements below referring to
emissions reductions required to meet certain target interpretations.) To attain
40 pg m3 or less at all 11 monitoring sites individually (T12) would require a
80% reduction from all emitting sectors (Aso). Figure 5.2 further suggests that
neither of the Target Interpretations 1 or 2 are attainable if interventions aiming

at emission reductions only from road transport are implemented.
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Figure 5.2 Modelled NO2 concentrations at the 11 monitoring sites under
(left) emissions reduction scenarios Ax, in which emissions are reduced by
10% - 90% across all sectors equally, and (right) emissions reduction
scenarios Bx, in which only traffic emissions are reduced by 10% - 90%. The
box plots summarise the range in NO2 concentrations across the 11 sites,
which are shown individually as the black dots, whilst the blue triangle shows
the average concentration across all 11 sites. The horizontal red line on each
panel demarcates 40 pg m=, the WHO NO2 guideline and Guangzhou 2020
target. The lower and upper hinges correspond to the first and third quartiles
(the 25th and 75th percentiles). The upper whisker extends from the hinge to
the largest value no further than 1.5 x IQR from the hinge (where IQR is the
inter-quartile range, or distance between the first and third quartiles). The
lower whisker extends from the hinge to the smallest value at most 1.5 x IQR
of the hinge. Data beyond the end of the whiskers are outliers and are plotted
individually.
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Figure 5.3 Box plots of dispersion modelled NO2 concentrations at the 11
monitoring sites for the base case emissions using meteorology for years
2013-2017. Individual sites are shown as black dots, whilst the grey triangle
is the average concentration across all 11 sites. The horizontal red line on each
set of plots demarcate 40 pg m3, the WHO NO: guideline and Guangzhou
2020 target.

5.3.2 NOz concentration maps

The data presented in Section 4.3.1 show modelled concentrations of NO2
under emissions reductions scenarios only for the 11 locations in Guangzhou
that currently have NO2 monitoring, yet compliance with the Guangzhou NO2
target may be required at non-monitor locations. Furthermore, 11 monitoring
locations in a city the size of Guangzhou cannot capture the full extent of
variation in population exposure to NO2. Our hybrid dispersion-LUR model
maps of the spatial variation in NO2 concentration across Guangzhou for six
examples of the 18 emissions reductions scenarios are shown in Figure 5.4.
For all scenarios, concentrations of NO2 remain highest in the city centre where
most people live and lowest in the north of the city domain. Figure 5.5
illustrates the spatial patterns the change of NO2 concentration against the
base-case scenario for the same emissions reduction scenarios presented in

Figure 5.4. As the finer spatial structure of the changes in NO2 concentration

Chapter 5 121



Improvement of modelling human exposure to NO: in cities in China

cannot be visualised in Figure 5.5, Figure 5.6 shows a magnification of the
changes in NO2 concentration in the city centre for the Aso and Bso scenarios
(using a different colour scale compared with Figure 5.5).

The Ax scenarios show more substantive reductions in annual average
concentrations of NO2 (Figure 5.4 and Figure 5.5) than the Bx scenarios, given
the larger absolute emissions reductions applied in the former set. In terms of
the spatial variation, the modelled annual average NO2 concentrations under
the Aco scenario ranged from 13.0 to 27.8 ug m2 while under the Bgo scenario
they ranged from 20.0 to 78.4 ug m (Figure 5.4). In the base case they ranged
from 21.5 to 99.7 ug m (He et al., 2019). Figure 4.5 illustrates the substantial
spatial structure to the changes in NO2 concentration that is difficult to discern
in the maps of Figure 5.5 that present the changes for the entire Guangzhou
city area. The NO:2 reductions are greatest near roads in both A and B
scenarios but Figure 5.6 illustrates that the A scenarios also lead to larger
reductions in NOz away from roads than the B scenarios. Nevertheless, these
simulations suggest that only the most stringent emissions reduction scenario
simulated (Aso) would result in NO2 concentrations of less than 40 ug m=3in all
locations, including in the city centre, i.e. would meet Target Interpretation TI4.
This target interpretation would not be achieved even with complete
elimination of road traffic emissions, without reductions in other sources as

well.

Figure 5.5 shows that under small and moderate emissions reductions the
annual average NO2 concentration are simulated to increase slightly in some
areas of Guangzhou. This is most apparent for the Bio scenario, under which
the maximum simulated increase in NO2 concentration is 2.59 pg m=3. There
are two explanations for the small increases in NO2 when emissions are
reduced. First, it reflects errors in simulated NO2 concentration inherent in the
two different LUR models being subtracted; when the effect of emissions

reductions in an area are small the subtraction of surfaces of roughly similar
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concentration can lead to a positive value. These positive values of a couple
of ug m provide an indication of model surface uncertainty. There is also
potentially an atmospheric chemistry contribution. Where NOx emissions are
large, the concentrations of O3 are low, and rate of oxidation of NO emissions
to NO:2 is suppressed (Section 1.1.2); therefore as the NOx emissions are
initially lowered more Os is available to convert NO to NO2. The effect is

proportionally greater where NO2 concentrations are lower.

NO, concentration (ng m’a)

) 3 )

Figure 5.4 Hybrid dispersion-LUR modelled maps of annual-average NO2
concentrations in Guangzhou under the Aio, Aso, Ag, Bio, Bso, and Boo
emission reduction scenarios. Highest concentrations occur in Guangzhou
city centre.
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Figure 5.5 Changes in modelled annual-average NO:2 concentrations in
Guangzhou for the Aio, Aso, Ag, Bio, Bso, and Beo emission reduction
scenarios compared with the 2,017 base case.

Guangzhou Aso

X _,
NO, concentration change (ug M™) 29 o5 20 -15 -10 -5

Figure 5.6 Changes in modelled annual-average NO2 concentrations in
Guangzhou for the Aso (centre) and Bso (right) emissions reduction scenarios
compared with the 2017 base case for a magnification of the city centre area
(shown by the red box on the map) to illustrate the spatial gradients in NO2
change. Note that the colour scale is different to that used in Figure 4 for the
equivalent maps for the whole of Guangzhou. The road network is apparent
from the spatial gradients in the NO2 concentration changes.
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5.4 Modelled potential health gains

Table 5.4 presents, for each scenario, the population-weighted NO2
concentration, the percentage of the Guangzhou population living at locations
where NO:2 concentration exceeds 40 pg m=, the number of NOz-attributable
premature deaths, and the number of NOgz-attributable premature deaths
avoided compared with the base case. Under Ax scenarios, the number of
premature deaths avoided is almost three times that of the equivalent
percentage NOx and VOCs reductions under Bx scenarios, which is due to the
greater absolute emission reductions in Ax scenarios than in Bx scenarios.
Under the Ax scenarios, no part of the population is exposed to concentrations
exceeding 40 pg m= when the emissions reductions reach 90% (Table 5.4).
Under the Bx scenarios, even for the Bgoo scenario nearly half (48.6%) of the
population resides in locations where modelled NO2 concentrations still
exceed 40 pg m3. The corresponding population-weighted NO2 concentration
for Aso and Beo emissions reduction scenarios are 18.0 ug m=2and 43.5 ug m=
respectively. However, although the population-weighted NO2 concentration
for the Ago emissions reduction scenario is less than 40 ug m=3, the modelled
number of NOz-attributable premature deaths under Ag is still 2,594 [2,481,
2,727].
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Table 5.4 Summary for each modelled emissions reduction scenario of the
population-weighted annual-average NO2 concentration, the percentage of people
living at locations with annual average NO2 concentration above 40 pg m, the
number of NOz-attributable premature deaths, and the number of NOz-attributable
lives saved compared with the base case. The ranges given for the numbers of
attributable premature deaths reflect the confidence interval given for the health
response coefficient used in the calculation.

Propofrtion Reduction
Population- 0 . eduction In
- population ) number of NO.-
_ weighted at locations Number of NO2 attributable
Scenario NO>  “With NO, attributable premature
gro]rl(ceng?és concentratip ~ Prematuredeaths  yehinocf base
Hg n >40 ug m3 case
(%)
Base 525 60.0 7,2706,960-7,620] na.
Emission reductions — all sources
Ao 49.9 58.6 6,932 [6,642,7,273] 338 [318, 347]
Az 46.9 52.5 6,530 [6,264,6,861]  731[696,759]
Aso 43.8 48.8 6,122[5,8636425] |y 05'61‘1‘8195]
Ado 40.4 44.4 5,676 [5436,5959] g 5%'45?4661]
Aso 36.8 37.8 5,195[4,9745454] [y 9§60£5165]
Aco 32.2 285 4,567 [437L47%6] 15 585 2 824]
Ao 28.1 18.8 4,008 [3836.421] 3 152321222409]
Aso 235 173 3365[3219,3536] 37414 0ed]
Ao 18.0 0 2504 [2481, 2727 14 475 4803]
Emission reductions — traffic sources only
Bio 51.7 63.4 7,167[6,868,7,519] 103 [92,101]
Bao 50.7 60.7 7,030 [6,736, 7,375] 240 [224,245]
Bao 49.6 58.2 6,891 [6,602, 7,229] 379 [358,391]
Buo 485 55.4 6,752 [6,469, 7,084] 518 [491,536]
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Bso 475 53.5 6,615 [6,337, 6,941] 655 [623,679]
Beo 46.5 52.1 6,479 [6,207,6,799] 791 [753,821]
B1o 455 50.9 6,345 [6,078, 6,658] 925 [882,962]
Bao 445 49.7 6,215 (5,953, 6523] g 06’70525097]

Beo 435 48.6 6,087[5831,6389] 1%§1§3231]

5.5 Discussion of policy targets

5.5.1 The scale of emissions reductions needed to satisfy
different interpretations of the NO2 concentration target

We have found that different interpretations of the Guangzhou Municipal
People’s Government's target to attain an NO2 concentration of 40 ug m=can
lead to different amounts of emissions reduction required. These are illustrated
in Figure 5.7. If modelling is not used, then compliance can only be assessed
via the concentrations measured at the 11 sites in Guangzhou that monitor
levels of NO2 (our target interpretations TI1 and TI2). Our simulations suggest
that the scenario in which NOx and VOC emissions from all source sectors are
reduced by 80% (the Aso scenario) would achieve the goal of reducing NO:2
concentrations at all monitor sites to <40 ug m=3 (T12). The slightly smaller
reductions in emissions required to reach this interpretation of the target,
compared with the Ago scenario that is required to satisfy the interpretation that
NO: concentrations must not exceed 40 ug m= everywhere (Tl4), and which
can only be evaluated through modelling, is because there are no monitors at
the ‘hotspots’ simulated in the spatial model to have the highest
concentrations. If an interpretation of the target is that the average NO:2
concentration across the 11 monitor sites is to be <40 pg m=3(TI1), then this is
met with the Aeo scenario. A population-weighted concentration of <40 ug m3

(T13) is met under scenario Aso, but this scenario still leaves 37.8% of the
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Guangzhou population living in locations where NO2 concentration exceeds

40 pg m3 (Table 5.4 and Figure 5.7).
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Figure 5.7 Changes as a function of the A set of emissions reduction
scenarios in different metrics of quantifying NO2 concentration and
associated population health gains in Guangzhou. Red squares show the
average NOz concentration for the 11 monitor sites. Green triangles show the
maximum NO2 concentration across the 11 monitor sites. Purple diamonds
show the population-weighted NO:z concentration. Blue dots show the
percentage of population in locations where NO2 exceeds 40 pg m=. The
horizontal red line demarcates 40 ug m=, the WHO NO2 guideline and
Guangzhou 2,020 target. The four vertical dotted lines marked TIn indicate
at what point of Ax scenario emission reductions each of our four target
interpretations (T1) of the Guangzhou target of 40 ug m= are met. TI1, the
average concentration at the 11 monitoring sites is below 40 pug m, is met
under scenario Aso (and greater emissions reductions). T12, the concentration
at all 11 monitoring sites is below 40 pg m=3, is met under scenario Aso (and
greater emissions reductions). T3, the population-weighted concentration is
below 40 pug m=3, is met under scenario Aso. TI4, the concentration
everywhere is below 40 pg m=, is met only under scenario As. The yellow-
orange shadings indicates the scenarios under which a given Tl is met.
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Our simulations illustrate the enormous challenge to reduce NO:2
concentrations to 40 yg m3, whatever way compliance with this target may be
assessed, via actions on emissions sources in Guangzhou alone. Although
NO:2 concentrations reduce more rapidly with emissions reductions at locations
where the concentrations are high initially, because these are the locations
closest to local emissions of NOx (e.g. heavily trafficked roads) huge efforts
are still required to reduce these ‘hotspot’ concentrations to <40 yg m3. These
hotspots also tend to be the places where most people live. None of the
scenarios reducing emission from road traffic sector alone (the Bx scenarios)
can achieve any of the four interpretations of the 40 ug m= target (Table 5.4).
Thus only substantial overall emissions reductions across all sectors will be
viable to make progress towards attaining the limit values. In fact, our
simulations show that only a scenario in which NOx and VOC emissions from
all source sectors are reduced by 90% (the Ago scenario) results in annual
average NO:2 concentrations <40 ug m3 everywhere in Guangzhou. This
scenario equates to emission reductions of 162.2 kt for NOx and 321.5 kt for
VOC (Table 5.2). Specific interventions targeted at very high concentration
areas may be a more practical approach to avoid such locations dominating

the overall attainment of limit values.

5.5.2 The use of NO2 concentration threshold as a policy
target

Given the scale of the emissions reductions required that are illustrated by our
model simulations, one could argue that a 40 uyg m= objective for NO:
concentration over a megacity is unattainable through actions in that city alone,
as long as internal combustion engines and combustion in stationary sources
are the predominant source of NOx emissions in cities. For example, since the
1980s, the UK government has committed to reducing NO2 concentration; but
despite the continuous improvement, in many larger cities in the UK it is still a
challenge to meet the current limit value for annual average NO:2

concentrations of 40 yg m3 (Carnell et al., 2019). The same is true for many
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cities across other European countries (Fuller, 2018). Overall behavioural
change (Vardoulakis et al., 2018) and measures attenuating negative health
impacts (Lucock et al., 2017; Stevens et al., 2019) might need to be explored
alongside traditional policy interventions aiming to reduce NO2 concentration

levels.

On the other hand it is important to remember that NO2 concentration targets
within cities are driven by the desire to improve adverse health outcomes
associated with the NO2, and in this context using a specific concentration
target to assess progress towards improvement in air quality can underplay
the actual extent of gains made in improving population health outcome. For
example, it is important to note that, even for our ‘softer’ interpretations of
attainment of the Guangzhou target (T11 and TI3), substantial reductions in the
number of NOz-attributable premature deaths compared to the base case are
anticipated: 2,703 [2,589,2,824] for TI1 and 2,075 [1,986,2,165] for TI3. These
represent reductions in attributable mortality of 37% and 29%, respectively,
relative to the 7,270 NOz-attributable deaths associated with the base case (in
comparison, the reductions in NOz-attributable premature deaths for TI2 and
T4 are 3,905 [3,741,4,084] and 4,676 [4,479,4,893] respectively), but with
substantially less stringent emissions reductions than needed to attain TI2 or
TI4.

The use of a concentration threshold as a policy target to deliver health
protection against NO2 has further shortcoming in that the 40 uyg m?3
concentration does not constitute a no-effect threshold for NO2, and in fact
current epidemiological evidence is that there is no zero-effect threshold for
exposure to NO2 (Beelen et al., 2014; COMEAP, 2018). In other words, there
are health gains if concentrations go down in locations irrespective of whether
the concentrations are above or below the target value. Therefore what is
fundamentally relevant in relation to potential policy measures is not the

change in proportion of locations with NO2 concentrations <40 ug m=3, nor the
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change in the numbers of people in locations with NO2 concentrations <40 ug
m=, but by how much the cumulative population exposure changes.
Quantification of the latter shows that there are greater rates of population
health gain as emissions are reduced than is implied by considering only the
rates of change of number of people with NO2 exposure brought below 40 pg
m3. This point is clearly illustrated in Figure 5.8 for our Guangzhou example
emissions reduction scenarios. The gradient of the plot of the number of NO2-
attribuable deaths saved (compared to base case) for the set of A emissions
reduction scenarios is steeper than the plot of the percentage of population at
locations with NO2 <40 ug m=. The message is particularly obvious for the
smallest emissions reduction scenario simulated (the Aio scenario), which
makes almost no difference to the number of people in locations with
concentrations <40 pg m= compared with the base case (and which might
therefore be deemed to be having no effect), but yet delivers health gains of
338 attributable deaths avoided. The need to consider cumulative population
health exposure rather than progress against a concentration target is again
graphically apparent in Figure 5.8 at the other end of the scale of emissions
reductions: further emissions reductions beyond the Ag scenario will not lead
to more people living at locations with NO2 concentration <40 ug m=3, since
100% of the population would then already do so, but further emissions
reductions would continue to deliver additional NOgz-attributable deaths
avoided.

The use of attainment of a specific concentration as a policy target actually has
the potential to promote a detrimental effect on policy ambition levels (Fuller
and Font, 2019), since there might be a perception that once a 40 yg m= is
reached that is ‘job done’; or worse, to encourage the perception that it doesn’t
matter if previously low concentrations are allowed to increase as long as they
still remain below 40 uyg m3. This may lead to situations where compliance
may be achieved, but more pronounced public health impacts could be
attained at lower cost, or irrespective of individual locations being in

exceedance. The data we present for our example modelling in Guangzhou
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illustrate the quantitative evidence on population health gain for different
scenarios (as opposed to evidence just on NO2 concentrations) that needs to
be fed into policy decisions related to costs and benefits associated with

attaining a concentration target in any large city.
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Figure 5.8 The percentage of population in locations where NO2 is <40 g
m (blue triangles) and the reduction in the number of NO2-attributable
premature deaths compared with the base case (red dots) under the Ax set of
scenarios.

5.5.3 Benefits of wider emissions reductions

The reduction scenarios investigated here only represent reductions in
emissions within the Guangzhou city domain. Emissions reductions in the

region surrounding Guangzhou will contribute to lowering background NO:2
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concentrations coming into Guangzhou, which would likely enable the city to
attain air quality limit values for NO2 with less additional emissions reductions
within Guangzhou itself than simulated here. In addition, emissions reductions
within Guangzhou will have the additional benefit of lowering NO:2
concentrations, with consequent gains in health, in areas surrounding and
downwind of Guangzhou, in addition to the health gains calculated here for
Guangzhou alone. As studies in both Europe and China have pointed out, joint
emissions controls within both the target area and surrounding areas are most
effective for improving air quality holistically (Ou et al., 2016; Reis et al., 2012;
Xue et al., 2014; Yu et al., 2019); although Yu et al. (2019) found that local
emissions control was more helpful in the reduction of the concentrations of
SO2, NO2, PM25, and PMio in Guangzhou compared with surrounding area

emissions control.

The benefits of emissions reductions in Guangzhou calculated as reductions
in NOz-attributable premature death presented in this paper also represent
only part of the overall benefits. Emission reductions have important additional
health and environmental benefits other than those directly experienced
through NO:2 on health. For instance, NOx emission reductions will also
contribute to reducing the formation of secondary inorganic aerosols and
hence PM2.s concentrations, and also reduce dry and wet deposition of reactive
nitrogen on terrestrial ecosystems (Gao et al.,, 2015; Guo et al., 2018;
Kanakidou, 2019; Qiao et al., 2019; Zhu et al., 2018). Measures to reduce NOx
emissions will also often lead to reductions in co-emitted pollutants such as
primary particulate matter and black carbon. Therefore, instead of focusing on
attaining regulatory concentration targets only, a focus on rate of change and
accounting for the integrated benefits from emission reduction might be more
appropriate. This paper only focuses on NO2, but benefits from emission
reduction need to be assessed along with other pollutants including PMz.s and
Os. For instance, Oz concentrations have been reported to be highest at the
regional background sites, decreasing at urban background sites and lowest

at traffic sites in both cities. This is explained by the rapid reaction between
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NO and Os close to the points of emission. At traffic sites, the dominant NOx
emission from vehicle exhaust is NO. A consequence of the reaction between
NO and Os is that Os is consumed and Os levels here are lower (Hagenbjork
et al., 2017). Therefore, the reduction of NOx can cause increase of Os short
time (Li et al., 2013) .

5.6 Conclusions

We used a hybrid dispersion and land-use regression model to explore the
impact of all-sector vs transport-sector-only emission reductions within
Guangzhou city on annual-average NO2 concentrations in relation to the 2020
policy target of 40 ug m=3. We also explored the effect of these emissions
reductions on estimated NOz-attributable premature mortality. From our model

results we derive the following conclusions:

1. An explicit definition of the compliance assessment criteria for the policy
target would clarify the most appropriate emissions reductions that

should be implemented.

2. Regardless of our interpretation of compliance, reductions from traffic
emissions alone will not be able to meet the target, and substantial

reductions in all-sector emissions will be required to meet the objective.

The ultimate goal to improve urban air quality is gains in population health. As
adverse health impacts are still observed at concentration levels far below
current limit values, any population exposure reduction will yield public health
benefits. A more specific target focusing on health gain (such as population
weighted concentration, or attributable pre-mature death avoided) is more
appropriate compared to setting a threshold. Even if the target value of 40 ug
m=3 was achieved, which can only be obtained in Guangzhou by very

pronounced emission reductions (>80% of all NOx emissions), a large
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population across the city would still be exposed to NO2 concentrations and no
evidence for any zero-effect threshold for it (Beelen et al., 2014; COMEAP,
2018). Evidence from other studies (Qiao et al., 2019; Yu et al., 2019; Zhong
et al., 2013) suggests that integrated emission control at regional level may
make it easier to attain concentration targets in an urban area embedded in
the region. To what degree this applies to Guangzhou should be investigated
in further studies. Whilst the results of the model simulations we present are
for the specific situation in Guangzhou, the methodology we use and our
discussion in relation to limitations of an NO:2 concentration target for
assessing effectiveness of air pollutant emissions policies, are relevant to
decision makers in other fast-growing megacities in China and elsewhere

globally.
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Chapter 6 Conclusions and future work

6.1 Overview of the thesis outputs

The aim of this PhD was to develop and implement a novel method for
estimation of highly spatially resolved human exposure to atmospheric
pollutants for health burden calculation in cities in China, given the obstacles
in availability of monitor data, emission inventories, and other highly spatially
resolved data, and the challenges in applying high spatially resolved models
in large domains (Chapter 3 ). The approach that has been developed and
applied combines the advantages of two widely-used methods: dispersion
modelling and LUR modelling. The model was developed for the exemplar city
of Guangzhou because it is one of the largest cities in China, and for NO2 as
the pollutant because of the large intra-urban variability of NO2 and the current
widespread exceedance of its associated target concentration (Chapter 4 ).
Ambient concentrations of NO2 simulated by the ADMS-Urban dispersion
model at 83 'virtual' monitoring sites, selected to span both the range of NO2
concentration and weighted by population density, were used to develop a
LUR model of 2,017 annual-mean NO2 across Guangzhou at 25 m x 25 m
spatial resolution. This hybrid model successfully simulated current highly
spatially variable NO:2 concentrations over a megacity and predicted
concentrations under different scenarios. The model was used to explore the
impact of all-sector vs transport-sector-only emission reductions within
Guangzhou city on annual-average NO2 concentrations in relation to the 2020

policy target of 40 ug m= (Chapter 5).
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6.2 Implications

6.2.1 Current obstacles in modelling NO2 concentrations in
cities in China

The application of urban-scale modelling in Chinese cities is constrained by
the scarcity of data. Table 2.1 and Table 2.3 and summarize the input data
required for applying dispersion models and LUR models (Chapter 2 ). Table
3.4 lists the data used in this study. The most widely-used emission inventory,
MEIC, provides monthly gridded emission data from 2008-2016 (2 year
intervals) at a spatial resolution of 4 km for the whole of China, for the power,
industry, residential, transportation, and agriculture sectors, but detailed and
consistent emission data with updated emission factors and activity are not
available for dispersion modelling. LUR modelling has often been used, but
the quality of LUR models are also constrained by the scarcity of input data,
especially monitoring pollution data and higher spatial resolution proxy data for
urban emissions, particularly in respect of traffic-related variables. Not enough
monitor data makes constructing and validating LUR models a challenge, and
the resultant model regressions can be subject to overfitting issues. There is
an urgent need for accessible archives of quality-assured measurement data
and for higher spatial resolution proxy data for urban emissions, particularly in
respect of traffic-related variables. Other challenges patrticularly in China are
the massive scale of cities and the rapidly changing urban landscape. It is more
computational demanding to simulate the physical and chemical processes in
a city domain because cities in China are larger, denser and more complex.
The rapidly evolving nature of the Chinese urban landscape makes

maintaining up-to-date land-use and urban morphology datasets difficult.
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6.2.2 Applicability of the hybrid model

The hybrid approach used simulated concentrations of NO2 from dispersion
models as ‘virtual receptors’ for LUR models. Gridded emissions of NOx and
VOC:s for the year 2016 were obtained from MEIC and shipping emissions for
2014 were obtained from MarcoPolo-Panda. OpenstreetMap was used to
explicity model road emissions and gridded emission from MEIC was
assigned to each road. Meteorological data from ECMWF-ERA5 and
background concentration from CAMS were also used to run the dispersion
model (ADMS-Urban) (Table 3.4). The model was validated with 11 monitor
data in Guangzhou and the model explains 72% of the spatial variation in the
measured NO2, with an RMSE of 17.7 ug m™=.

The key to develop an appropriate LUR model is to select receptors based on
the study aim. In some studies, researchers collect campaign data themselves
in order to ensure that receptor sites cover the whole domain as well as capture
the concentration variation, but this is time and money consuming. Campaign
data also often span only a few weeks which may not accurately represent the
annual averages that long-term health burden studies require. Therefore, in
this work to estimate human exposure, virtual locations were selected to meet
the minimum number requirement of sites (n > 40), weighting towards
population, and stratified across all districts within the city for developing LUR
models. The selection of buffers and variables were based on the expectation
that emission sources, dispersion, and physical geography may contribute to
NO2 concentration variation in urban areas. The final LUR model was validated
against the ADMS-Urban results as well as the monitor concentrations. The
final LUR model contained three variables: pop_5,000 (the number of people
within a 5,000 m buffer), sq_dis_port (the squared distance to the nearest port)
and all_len_25 (the length of all type of roads within a 25 m buffer). Against
the 83 virtual sites, LOOCV evaluation showed the hybrid LUR model

explained 96% of the spatial variation of NO2 concentration with an RMSE of
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5.64 ug m3. The NO2 concentrations at the monitoring sites provided an
additional evaluation of the hybrid LUR model independent of the NO2 data
used to construct the model (R? = 0.63 and MB = 9.08 yg m=, which
corresponds to an NMB of 18.2%).

6.2.3 Advantages of the hybrid model

This study demonstrates a practical approach to simulating annual-average
concentrations of NO2 in a Chinese megacity in which the advantages of both
dispersion and LUR modelling are combined. ADMS-Urban-simulated
concentrations at receptor sites are used instead of limited monitor sites in this

approach. The advantages are summarised here:

(1) It overcomes the issues associated with overfitting arising from too few
monitor sites, and the location of each monitor site can be chosen to
optimize the results rather than reliance only on the sites in the CNEMC
national monitoring network which do not capture the full concentration

range.

(2) LUR modelling permits much easier and faster simulation of
concentrations over a large domain, compared with applying a process-

based dispersion model on the scale of Chinese cities.

(3) Since users can select predictors in the LUR model to explain the
concentration variability, LUR can be adapted to each city by adding
new variables (for example, in China, variables representing fireworks
during Chinese New Year were included in some studies and shipping
proxy variables and green space variables are included in the model for

Guangzhou).

(4) Integration of the two models can also help to simulate different
scenarios for testing policy effectiveness which LUR modelling alone

cannot achieve.
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(5) To develop this hybrid model, only a dispersion model and open data
sources (summarised in Table 4.2) are required, so this approach can

be easily transferred to cities both in China and elsewhere.

6.2.4 Implications from model results

This hybrid model simulates the spatial distribution of annual-mean NO:2
concentration across Guangzhou in 2017 and 22 different emission reduction
and meteorological scenarios. Modelled concentrations in 2017 vary between
21.5 ug m=2in the most rural areas in the north of the domain to 99.7 ug m=in
the most polluted district of Guangzhou city centre. In large areas of
Guangzhou, concentrations of NOz are substantially in excess of the Chinese
air quality standard and WHO guideline of 40 ug m3. The population-weighted
annual-mean concentration of NO2 across Guangzhou is 52.5 ug m3. The
modelled number of premature deaths attributable to long-term exposure to
NO2 in Guangzhou in 2017 was 7,270 (6,960-7,620; range based only on the
95% CI for the health risk coefficient). As expected, model results from
simulating different emission reduction scenarios show number of NO2-
attributable premature deaths reduce dramatically when NOx and VOCs
emissions are cut from all sectors, but to bring concentrations for everyone in
Guangzhou below the WHO guideline of 40 ug m-, emissions reduction in all
sectors in Guangzhou by ~90% are required, which roughly equates to 162.2
kt NOx reduction and 321.6 kt VOCs reduction. Emissions reductions from the
transport sector alone cannot achieve this target. Compared with effects from
emission controls, meteorological variation is not the major factor contributing
to concentration change in Guangzhou. Based on MEIC data, in Guangdong
province, total NOx emission has only reduced ~24% from 2010 to 2016. This
suggests the hard work needed to reduce NOx emission further for a relatively

healthy atmospheric environment.
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The local governments set targets of a threshold based on the 13th Five-Year
Plan (2016-2020) on air quality, and the Guangzhou aspiration is to achieve
this by 2020 (and also to achieve an annual average NO2 concentration of
38 ug m3 by 2025). However, it is not clear what constitutes compliance with
the target, different emission reduction scenarios were simulated to test
different interpretation of compliance. Regardless of the interpretation of
compliance, reductions from traffic emissions alone will not be able to meet
the target, and substantial reductions in all-sector emissions will be required to

meet the target.

There is no zero-effect threshold for exposure to NO2z found in epidemiological
studies and the ultimate goal of improvement in urban air quality is gains in
population health. Any population exposure reduction will yield public health
benefits, but the use of attainment of a specific concentration as a policy target
cannot directly promote population exposure reduction. A more specific target

focus on health gain is more appropriate compared to setting a threshold.

6.3 Future work

In this section, future work related to modelling air pollutant concentrations in
Chinese megacities for health impacts estimation and effectiveness of policy

intervention are explored.

6.3.1 Improvement of data quality/accessibility

Despite rapid expansion of the CNEMC monitoring network across China, the
number of monitor sites are still not enough to construct and validate LUR
model results and represent human exposure. The CNEMC monitoring

network is not designed for these purposes. There is therefore a need to
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expand the monitoring network as well as to carefully plan the new monitoring
locations. Real-time concentration data are published on the National Air
Quality Publication Platform (http://106.37.208.233:20,035/) but are not for
archived historical data. Historical data are also collected and archived
elsewhere by private companies without validation and detailed
documentation. Therefore, formal archived historical data available to the
public, together with nationally-applied QA/QC approaches to improve data

quality, are still urgently needed.

Emission inventories are key to drive air quality dispersion models. However,
discrepancies exist between the inventories at both national and local scales.
Complete emission sources such as burning biomass predominantly in rural
areas, residential emissions, or often uncontrolled local emission sources (e.g.
small, cottage industries) are needed to be collected as well as updated
emission factors and activity data since the government regulations being
implemented. In order to accurately estimate human exposure, detailed

population and activity data are needed in the future.

6.3.2 Improvement of urban-scale air pollution modelling

Urban-scale air pollution modelling can be improved in the following areas:

e Coupling urban-scale dispersion model with regional-scale atmospheric
transport models. Urban-scale models normally use rural background
concentrations to represent long-range transport. Combining regional
modelling with urban local modelling takes into account both short
range and long-range transport and chemistry effects. It can simulate
climate change related scenarios and the local effects of regional
emissions changes. It can be used to investigate emission control at
regional level and its effects on attaining concentration targets in an

urban area within the region. Attempts have been made to couple local-
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scale atmospheric dispersion models with regional-scale atmospheric
chemical transport models, such as CMAQ-urban (the regional scale
CMAQ coupled with ADMS road) (Beevers et al.,, 2012), CAMx (a
chemical and transport Eulerian model) coupled with AUSTAL2,000 (a
local scale Lagrangian dispersion model) (Pepe et al.,, 2016),
EMEP4UK coupled with ADMS-Urban (Hood et al., 2018) and uEMEP
(Denby, 2020). These coupled models have not been applied in cities
in China.

e Incorporating urban climate effects (urban heat island and complex
boundary-layer structures) in modelling air pollutants. Examples are
WRF/Chem with MICROSYS (a CFD model) (San José et al., 2018)
and WRF. Urban-scale climate model such as WRF-urban (Chen et al.,
2011; Yang et al., 2015) can also be used.

e Application of spatial data mining in modelling spatiotemporal variation
of air pollutants. The empirical modelling approach LUR intrinsically is
a supervised learning approach which assumes the relationships
between concentrations of pollutants and predictor variables are linear.
LUR efforts to find a linear function to model the data with the least error
and considers the spatial pattern constant. It therefore can only model
annual average concentration. This limitation does not exist in spatial
data mining methods. Spatial data mining approach can find relations
between air pollution and affecting parameters and considers air
pollution patterns as moving objects during space and time (Akbari et
al., 2015).

6.3.3 Improvement of human exposure assessment

The current model only calculates impacts of annual average NO:2
concentration no attributable pre-mature deaths, however, short-term NO:2
health impacts also needs to be assessed, therefore models explain NO2
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spatiotemporal variability needs to be developed. n terms of the impact of air
pollutant exposure on human health, it is critical to better understand: (1)
pollutant exposures at the level of individual and (2) cofactors that have a
bearing on health at the level of individual. All air pollutants are correlated with
each other, these needed to be considered holistically and so as the policy

decisions.

Urban-scale air pollution models do not take account of exposure within the
home, at work/school, and in different microenvironments. Future models need
to capture the difference between personal and outdoor exposures (Reis et al.,
2018). One example is LHEM (London Hybrid Exposure Model) which
estimates outdoors, as well as in-building, in-vehicle, and walking and cycling
exposures (Smith et al., 2016). Recent progress in environmental sensing and
the corresponding increasing measurements taken by citizens and
researchers make it possible to explore personal exposure and to incorporate
‘Big Data’ from sensors and health-related datasets (Reis et al., 2015). Data
collected at different spatiotemporal scale can be used to calibrate and validate

models.
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