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Abstract

This study aims to investigate the exposure to air pollution and the consequent

health e�ects in Seoul, South Korea, and suggest possible solutions using agent-based

modelling (ABM). ABM is a useful technique that can simulate pollution generation

and exposure, mobility patterns of unique individuals, and explore future scenarios.

The �rst study compared Universal Kriging and Generalised Additive Models to

spatially interpolate pollution station data over Seoul. A new method was discovered

to enhance the accuracy of the NO2 prediction on roads. Next, ABM was used to

evaluate potential health loss for a set of demographic groups after being cumulatively

exposed to particulates (PM10), with a nominal heath impact threshold of 100µg/m 3.

Finally, a tra�c simulation examined the coupled problem of non-exhaust emissions

and behaviour, and estimated exposure to PM10 for groups of drivers and pedestrians

in central Seoul. Having tested the sensitivity to calibrated parameters, scenarios of

tra�c restriction and modi�cation of pedestrian behaviour to avoid polluted areas was

investigated. With less di�erence between interpolation methods, the result showed a

remarkable contrast between roadside and background NO2 as well as a daily cycle,

while PM10 had a small variance over the time of the day but had greater seasonal

oscillation. The �rst ABM study showed that disparities in health may arise as a result

of di�erences in socioeconomic status, especially when a group was exposed over a

long period, and road proximity caused additional health loss. In the tra�c simulation

study, extreme PM10 was found along roadways, but although drivers were exposed to

extreme values, longer exposure for pedestrians led to higher health risks. Despite the

absence of reliable data linking exposure to actual health e�ects, it is possible to make

progress with ABM. In addition, pollution exposure can vary by commuting patterns

and the urban development of one's location. Scenario forecasting such as these can be

advantageous for healthcare policy - to aid the most vulnerable groups and districts.

Keywords : Air pollution, Health vulnerability, Agent-based model, Seoul
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Chapter 1

Introduction

1.1 Research rationale

The adverse health e�ects of pollutants are an important concern for our society.

Industry, power plants, vehicles, and domestic appliances emit pollutants that lead to

smog, haze, and acidi�cation in the urban atmosphere (Guarnieri and Balmes, 2014).

The e�ect of some pollutants is extremely dangerous because pollutants are generally

invisible and can easily penetrate and accumulate in the human body, regardless of the

type of substance, either particulates or gases. Their toxicity may eventually lead to

various ailments, such as cardiovascular or pulmonary diseases (Guarnieri and Balmes,

2014; Wardekker et al., 2012).

In recent decades, megacities in East Asia have been facing a number of health

challenges driven by air pollution (see Figure 1.1). Beijing, for instance, had an

extremely high amount of PM2.5 concentrations at around 534µg/m 3 on February 26,

2014, which was far beyond the moderate level of 100µg/m 3 (Liu et al., 2016). Seoul is

another pollution-risk city where the city's PM10 level remained at 50µg/m 3 during

2016, but has lately experienced several pollution episodes, of which the most severe

level was 162µg/m 3 on March 5th-6th 2019 (Lee and Park, 2019). This exceeds the

levels of the World Health Organisation guidelines for PM10 of 20µg/m 3 as an annual

mean, and 50µg/m 3 as a 24-hour mean (WHO, 2012). However, Asian megacities,

despite their rapid growth during recent decades, have yet to set stringent regulations

for emission control. Although the recent announcement by China to aim to be carbon

neutral by 2060, still some giant cities, including Beijing, and Seoul, have already agreed
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to add more coal-powered plants (as coal is perceived to be the most cost-e�ective

substance for energy production). As a consequence, these citizens are more likely to

be exposed to pollutants generated from local industrial sites, as well as from vehicle

emissions, and atmospheric import from other areas (Wardekker et al., 2012; WHO,

2012)

The situation in urban areas is particularly problematic because the exposure level

can vary by socioeconomic status and individual behaviour. Evidence has shown that

people who live close to roads or industrial sites are socially deprived, and that the

young and the old are more likely to be vulnerable to pollution (Beevers et al., 2013;

David and Don, 2012; Guarnieri and Balmes, 2014; Heinrich et al., 2013; Li et al., 2012;

O'Neill et al., 2003); in addition, drivers are exposed to much higher risk compared to

other transport users due to the ingress of particulates and emission exhausts through

�lters and recirculation (Amato, 2018; Kreider et al., 2019). These problems, therefore,

have highlighted the need to discover vulnerabilities to pollution across populations,

and to develop tools to help prevent future health problems.

Fig. 1.1 Estimated 2013 annual average of PM2.5 (particulates less than 2.5 micrometres
in diameter) in the troposphere as detected by the grid cell average of satellite-based
estimates from the TM5-FASST simulation. (imported from Brauer et al. (2016))
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In an e�ort to help assessments of air pollution and health problems in various

regions, there have been attempts at developing the concept of health vulnerability.

According to Parry (2007), vulnerability is de�ned as "the susceptibility of individuals to

the impacts of hazards as well as their resilience to recover from them", and this is made

up of three components:exposure, as in the amount of in�uence from air conditions;

sensitivity, as in the individual's biophysical susceptibility and characteristics associated

with social status; andadaptive capacity, as in the ability or resilience that a population

can adapt to harmful air conditions (Parry, 2007). Renaud (2006) has explained

vulnerability measurement as a means of identifying (locating) places in need of

assistance, as well as a tool for monitoring progress and analysing trends.

1.2 Key Criticisms from Previous Studies

Despite the growing importance of measuring health exposure and vulnerability, weak-

nesses exist in terms of how the concepts and ideas outlined in the previous paragraph

apply in the case of exposure in air pollution. Some of the gaps in the published

literature include the following points where:

First, predicting air quality maps with `temporally rich but spatially poor'

resolution monitors will not fully account for the variability in space. Air

pollution is highly variable in terms of space and time, which ranges from minutes

to years, and from centimetres to kilometres. However, previous exposure studies

that used spatial interpolation or dispersion models may have used sparsely located

monitors to produce maps that were visually smoothed. Many exposure studies have

used IDW (Inverse Distance Weighted), Kriging (Ordinary, Block, Co-), Generalised

additive models to collect the information from disciplines researching pollution (Dewulf

et al., 2016; Greater London Authority, 2017; Min et al., 2020; Nyhan et al., 2016;

Son et al., 2010; Wong et al., 2004). Although the overall output seems visually

meaningful, the predicted maps were too smooth to the point that it neglected the

small-scale variability that usually happens between pollution monitoring stations. In

reality, pollution levels vary by building blocks and even by the height of buildings

(Aristodemou et al., 2018). These studies also used seasonally or annually averaged

values to understand the aggregated levels of PM10, which smoothed away the extremes

of pollution levels. Hence, ignoring granular spatial and temporal scale pollution will

cause ecological fallacies when evaluating population exposure.
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Second, earlier studies have assessed the exposure to air pollution without

considering individual behaviours and susceptibility. Previous works have often

assumed that residents have equal exposure to air pollutants which is far from the

case in practice (Atkinson et al., 2016; Halonen et al., 2016; Heinrich et al., 2013;

Moreno-Jiménez et al., 2016; Samoli et al., 2016). Exposure can vary in individuals

depending not only on their demographic groups, socio-economic status (i.e. where

they go), and residential addresses (i.e. where they live) but also on their physical

condition and activity patterns (i.e. where they go). Some studies that apply OD

(Origin-Destination) matrices have estimated exposure patterns based on people's

home and workplaces; however, the matrices only give starting and ending points

that lack the trajectory the individuals have taken (Dewulf et al., 2016; Nyhan et al.,

2016; Xu et al., 2019). Mobile phone data collected from cell towers provide positional

information within a boundary, however, this can only display the location of a biased

population who use a mobile service (Xu et al., 2019). Because people move across

space, more accurate measurements of activity patterns and pollution concentrations

need to be achieved (Hwang and Lee, 2018).

Third, studies have neglected the e�ort to project future circumstances

that can avoid further adverse health outcomes. Many epidemiological studies

have attempted to understand exposure and air pollution through historic data. The

factors that represented an individual or population were put into a model, analysed

and were interpreted. Retrospective research is useful because of the depth of the

data and the tools which facilitate interpretation. However, they lack the capabilities

that are needed to understand what might happen in the future (Hammond, 2015).

Prospective scenarios, such as climate change or air pollution change, anticipate a

variety of possible outcomes with possible uncertainties, but this allows people to

understand where di�erent interventions can lead in the long term (Hammond, 2015;

Wilensky and Rand, 2015).

Most of these limitations come from a deterministic and linear approach in which the

assumptions smooth spatial features of pollution emissions and people's movements.

Therefore, there is a need to consider social phenomena using a bottom-up (individual-

based) approach that also accounts for the dynamics of exposure.
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1.3 Research Motivation

Agent-based modelling (ABM) has been spotlighted as a novel approach for simulating

actions and interactions between a collection of discrete entities and can capture aspects

of emergence as a result of interactions (Bonabeau, 2002; Gilbert, 2008). Compared

to statistical studies, ABM enables heterogeneous agents to move and interact across

di�erent locations without the need to aggregate up to population level, and to allow

learning behaviour so that the structure of the feedback loops themselves can change

over time. The dynamics of integrating agents and space have become signi�cant in

exposure modelling not only because it combines agents and space in a multi-scalar

frame, but also it takes into account di�erent representations of air quality during the

agent's movement over time (Gilbert, 2008; Stanilov, 2012).

Rather than relying on static monitoring stations to derive pollution data, ABMs

can also provide the pollution levels at an exact location so that there is less mismatch

for assessing exposure levels. One way of doing this is to input pollution sources, vehicle

emission or factory chimneys, for example, to understand how pollution is generated

over space and diluted in time, and how individuals are exposed according to their

activity patterns. This way of modelling will hopefully lead to better understanding the

causal relationship between pollution and disease. A simple example of the approach is

the conceptual model called the �Urban Suite Model � Pollution�, part of the Netlogo

modelling environment, that examines the fragile equilibrium of a predator-prey system

where predators are pollution patches and prey are the population (Felsen and Wilensky,

2007).

Lastly, ABM can be used as a testing ground to experiment hypotheses and to

apply scenarios for future decisions, in other words, �what if. . . � scenarios (Stanilov,

2012). The models are not used as tools to predict what will happen but rather used to

explain the behaviour of the system (Epstein, 2008; Hammond, 2015; Stanilov, 2012).

For this thesis, scenario forecasting is especially important because clinical trials of air

pollution exposure are di�cult to conduct. Numerous experiments can be conducted

in the in silico environment.
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1.4 Research Questions and Objectives

Based on the motivation of this research and the gaps in the existing literature, the

research questions and objectives are described as follows.

Overall Aim

The overall purpose of this study is to estimate how health vulnerability from an

unequal distribution of individuals can be a�ected by air pollution in the case of Seoul,

South Korea. These results will provide new insights for suggesting a reduction policy

for the population's future exposure.

Key Questions

This thesis addresses the following questions that fall under the research aim:

1. How can vulnerability to air pollution be conceptualised to take in the full account

of exposure and sensitivity?

2. What do spatial and temporal trends of pollution reveal about its distribution

and how can the methods be used to estimate pollution in a large urban space?

3. How does the response pattern from pollution vary between population groups and

how does it appear on the geographical landscape after applying an agent-based

model?

4. What do GIS and agent-based modelling scenarios suggest for the case-study

city about future patterns of risk and the need for interventions, e.g. in terms of

protection and support?

Research Objectives

1. To construct a conceptual framework for exposure assessment by reviewing the

existing literature about pollution patterns, human exposure, and actual disease

symptoms

2. To understand the spatial and temporal trends of pollutants in Seoul, and

interpolation and visualisation techniques
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3. To select and test a variety of exposure-response models to estimate how exposure

might translate into disease, and validate patient data

4. To investigate the health, social, and environmental impacts of pollution episodes

in both short and long-term periods using an agent-based model

5. To discover the changes in population groups or areas at risk in di�erent scenarios

The novelty of this work is that it uses open data and methodology to tackle the

research questions. The data and codes are stored in a public repository1.

1.5 Thesis Structure

The remainder of this thesis is presented in 5 chapters (see Table 1.1). Chapter 2

investigates the existing literature to better elucidate the process of pollution patterns,

human exposure, and actual disease symptoms (Research Objective 1). The chapter

then harmonises the relationship between pollution-exposure, exposure-activity, and

exposure-health outcomes to understand the sensitivity of adverse health e�ects,

analysed by demographic groups and socioeconomic status in many case studies. As

this study focuses on the movement of individuals through ABM, the chapter reviews

simulation studies that take into account activity patterns and behavioural responses

in relation to air pollution.

Using 57 stations around greater Seoul, Chapter 3 explores a time-series of PM10

and NO2 to reveal the temporal distribution of pollutants in various aspects (Research

Objective 2). Following this, the chapter compares two spatial interpolation methods,

General additive models (GAM) and Universal Kriging (UK), to estimate how the

pollutants vary over the urban scale. GAM is one of the methods used to statistically

infer unknown values between observations based on unknown smooth functions of

indicators. UK is also a statistical method but predicts the unknown values based on

the weights of the average of the observations in the neighbourhood areas, which are

governed by the semivariogram (Kumar, 2007). As both methods have weaknesses in

predicting small scale variances, this study also considered adding weights to the road

networks. The results present two points during the day in summer 2013 and winter

1Chapter 3 in https://www.github.com/mrsensible/SpInterpolation, Chap-
ter 4 in https://www.github.com/mrsensible/PollutionABM, and Chapter 5 in
https://www.github.com/mrsensible/Seoultra�cABM.
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2014. The chapter ends with a discussion of how spatial estimations can be used to

account for health e�ects and the pros and cons of using spatial interpolation methods

in pollution studies.

Chapter 4 evaluates the health e�ects of long-term exposure to PM10 in Seoul

districts. This chapter begins with the idea that the response from a cumulative

exposure can vary by which demographic group one belongs and where one moves

to (Research Objective 4). This chapter applies point-to-point movement to infer

the population's activity patterns, with a variation by demographic subgroups. Even

though the modelled PM10 results from Chapter 3 have the same temporal scale of 12

hours with this chapter, the chapter did not import the results because the interpolated

pollution �elds are made out of the mean and the variance, which may miss out the

extremes of PM10. A health loss parameter was developed to associate health outcomes

with PM 10 exposure with a nominal threshold of 100µg/m 3. The sensitivity of the

parameter was tested and calibrated against hospital admitted patients with respiratory

disorders (Research Objective 3). The study applies scenarios of long-term pollution

change and adjustments of health resilience across all 25 districts (Research Objective

5).

Chapter 5 investigates how tra�c simulations can be used to model emission and

estimated exposure to PM10 by di�erent groups of commuters (Research Objective 4,5).

The chapter simulates the movement of pedestrians and vehicles on a minute-by-minute

basis and generates non-exhaust emissions that come from tyre and brake wear. The

sensitivity of the rate of in�ow cars, the vehicle emissions and dilution patterns, health

loss (with the same parameters as the previous chapter), and walking speed were tested.

PM10 at a sample roadside patch was calibrated against the roadside PM10. After

testing, the model executed 'what if' scenarios of vehicle restrictions and path�nding

algorithms (Research Objective 5).

Chapter 6 concludes by discussing the contribution of the thesis of exposure

assessment using an agent-based framework and its implications for future health

research. This study explores the topics in �ve areas: (i) data biases and missingness,

(ii) issues related to exposure-response, (iii) scenarios for future health applications,

and (iv) the bene�ts of aiming for an open computing environment.



1.6 An Overview of Seoul 9

Table 1.1 Thesis Structure by Research Objectives and Chapters

Research Objective Chapter

1. To construct a conceptual framework for exposure as-
sessment by reviewing the existing literature surrounding
pollution patterns, human exposure, and actual disease symp-
toms

Chapter 2

2. To understand the spatial and temporal trends of pollu-
tants in Seoul, and interpolation and visualisation techniques

Chapter 3

3. To select and test a variety of exposure-response models
to estimate how exposure might translate into disease and
validate patient data

Chapter 4

4. To investigate the health, social, and environmental
impacts of pollution episodes in a short or long-term period
using an agent-based model

Chapter 4, Chapter 5

5. To discover the changes in population groups or areas at
risk in di�erent scenarios

Chapter 4, Chapter 5

General Discussion Chapter 6

1.6 An Overview of Seoul

1.6.1 Geography

Seoul was selected as a case study for this project. Seoul is the capital of South Korea

and is located at 37°33'57"N, and 126°58'42"E. The total area of Seoul is 605.21 km2

(233.67 sq. mi), and this accounts for 0.6% of the whole country. The area of Seoul

known asTukbyulshi (translated as 'special metropolitan area') had a population of

9,904,312 as per the 2015 census. The city has a population density of 16,365/km2,

with approximately 3.9 million households. Furthermore, there are over 8 million

commuting to the city every day (Kwon et al., 2015).

Seoul was not only selected due to its high local air pollution levels and its proximity

to China (from which there might be an advection of polluted air) (Bae et al., 2020),

but also because the city landscape surrounded by high peaks causes air circulation

di�culties. As can be seen in Figure 1.2, the city is surrounded by 26 peaks, with

Mt.Bukhan (836m), in the northern highlands, Mt.Gwanak (632m) in the south, and

Mt.Acha (350m) to the east. There are also hilly terrains dotted across the city, which

also disturb wind �ows.
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In general, the typical climate in Seoul is warm and mild throughout the year,

as the annual mean temperature indicates 10-15°C. However, there are tremendous

temperature variations from -6 to 3°C in January to 23-26°C in August, which, in

other words, means it is humid during summer and dry and windy during winter. This

is because the geographical location is heavily a�ected by two seasonal winds: the

Siberian winds during winter that bring both mild and freezing air masses, and the

Paci�c winds during summer that have the e�ect of contributing hot, humid, and

muggy air (Shin, 2016).

Annual precipitation in Seoul is reported to be between 1400mm and 1500mm, but

over 60% of it falls during the monsoon period: June, July, and August (Shin, 2016).

Average wind speed in a year is 2.3m/s, but the velocity peaks up to 2.8m/s in spring

and dips to 1.9m/s in autumn. With the topography and climatological features, it

is inferred that the worst pollution in Seoul is likely to occur during the transition

between winter and spring as well as autumn and winter.

Fig. 1.2 Basemap (A) and Topography (B) of Seoul

1.6.2 Pollution Emission in Seoul

The National Environmental Research Institute (NIER), a�liated to the Ministry of

Environment, established a special law for air quality improvement in 2005, aiming to

reduce the pollution levels to the level stated in the WHO recommendation. After the

data release was legalised in 2013, the institute published the pollution emissions of

Seoul and adjacent cities on their new website (http://airemiss.nier.go.kr/).
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Fig. 1.3 Annual Amount of Pollution Emission in Seoul (Units: Tonnes/Year(s)). For
the reports and statistics, please refer to http://airemiss.nier.go.kr/

Figure 1.3 illustrates a brief summary of pollution emissions in Seoul in 2003-2013.

Eight categories of pollutants include: carbon monoxide (CO), nitrogen dioxide (NOx),

sulphur dioxide (SOx), total suspended particles (TSP), particulates in 10 and 2.5

micro-diameters (PM10, PM2.5), volatile organic compounds (VOCs), and ammonia

(NH3). Carbon monoxide was Seoul's largest pollutant throughout the entire period,

but it declined by 38%, from 166,006 to 103,039 tonnes, between 2003-2013. VOCs

and NOx are the next most abundant pollutants, which account for just over half the

level of CO. Slightly more than 1,500 tonnes per year of PM2.5 has been emitted after

the institute commenced its measurement. Even though Seoul's annual emissions have

declined remarkably compared to the past, the table still shows more than 250,000

tonnes of emissions are reported in Seoul, of which 180,000 tonnes of particles and

70,000 tonnes of gaseous substances may cause respiratory disorders and disorders of

cardiovascular metabolism.

Figure 1.4 describes air pollution emissions of Seoul in 2013 by various sources2.

Amongst them, road mobile pollution sources and non-road mobile pollution sources

account for 56.7% of the overall emissions. This implies that more than half of the

emissions are generated from transport. The transport sources additionally produce a

2Road mobile pollution sources: vehicle emission gases (diesel, gasoline), Non-road mobile pollution
sources: heavy industries (bulldozers, excavators), ships, agricultural machines Units: Tonnes/Year
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Fig. 1.4 Seoul Air Pollution Emissions by Sources. For the reports and statistics, please
refer to http://airemiss.nier.go.kr/

great proportion of carbon monoxide, nitrogen dioxide, and volatile organic compounds

(VOCs) at 40.8%, 25.4%, and 27.6% respectively.

With regard to PM 2.5, the amount of emissions in Seoul in 2013 was about 1.5

thousand tonnes, which is only 2% of the national amount of 76 kilo-tonnes. Over all

sources, both road and non-road mobile pollution sources were the main pollutants

that accounted for 677 tonnes (44.2%) and 598 tonnes (39.1%) each. Since documents

less frequently report emissions at the city scale, this could only be compared between

countries. From published working papers and journals, it was found that the PM2.5

emission in the UK reached 70,000 tonnes in 2009 (Air Quality Expert Group, 2012),

which was slightly less than that of Korea, while in 2010, Germany and China were the

countries that emitted more than Korea at 100,000 and 638,000 tonnes respectively

(Guan et al., 2014).

1.6.3 Car Ownership

According to the previous section, the use of roads has been a primary factor in

emissions. Thus, this section particularly focuses on the frequency of car ownership by

years as well as fuel types.

Table 1.2 presents car ownership in Seoul by vehicle registration and personal

vehicles in between 2010-2016. It is clear that both total and personal vehicles have
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Table 1.2 Car Ownership in Seoul by years (Unit: millions)

Type 2010 2011 2012 2013 2014 2015 2016

Personal Vehicles 2.28 2.30 2.32 2.34 2.39 2.43 2.47
Total Vehicles 2.98 2.97 2.97 2.97 3.01 3.06 3.08
% (76.6) (77.3) (78) (78.6) (79.2) (79.7) (80.3)

gradually increased during the period. A total of 2.98 million vehicles were registered in

2010, and registrations then rose continuously to 3.08 million vehicles, which increased

the total number of vehicles by 275,000. As for personal vehicles, the �gure was 2.28

million in 2010, and it increased, similarly to total vehicles, to 2.47 million in 2016,

meaning a di�erence of approximately 90,000 vehicles. It is clear that personal vehicle

owners account for most of the total registrations in the current decade.

The total number of vehicles by fuel type during 2016 in Seoul is shown in Figure 1.5.

Gasoline is indicated as the most common type by 1,596,819 vehicles, followed by

diesel engines at around 1.1 million vehicles. LPG vehicles were in third place, which

the �gures not just above 10%. In terms of vehicle types, the proportion of cars was

more than half, and gasoline engines were signi�cantly greater in number than any

other vehicles. Other vehicle types, by contrast, mostly used diesel engines, such as

vans (74.7%), lorries (88.3%), and special vehicles (e.g. fork-lift, cranes) (97.1%). To

summarise, in 2016, gasoline vehicles were the most common out of the total number

of vehicles in Seoul, but diesel engines were the most numerous in other vehicle types.

Thus, it is presumed that tailpipe emissions would have been signi�cantly generated

from these vehicles, and the compositions of the total vehicle emissions will be applied

to the tra�c model.

Electric vehicles have been registered in recent years, and they made up around

around 1% in 2016 (although it is not illustrated in the table). Seoul is anticipating

reducing the amount of exhaust emissions substantially, targeting below the legal limit

of the WHO. However, Timmers and Achten (2018) insisted that even if all vehicles

were electric, there would still be substantial particulate emissions from brake and tyre

wear Kreider et al. (2019), which has received less attention than tail-pipe emissions.
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Fig. 1.5 Total Vehicles in Seoul 2016 by fuel types

1.6.4 Migration Patterns

The population of Seoul and its surrounding area, theSudogwon, have been continuously

increasing as the national economy has developed, and also as the 'baby boomers'

reproduced to create a new generation. The rate of population growth in the period

1975-2015 is shown in Figure 1.6. The yellow bars account for the overall population in

South Korea every 5 years. The blue and green line shows the rate of the population in

the Sudogwon and the non-Sudogwon respectively. It clearly shows that the population

around Seoul has gradually increased from around 30% to 49.5% in 40 years.

In 1975, the total population in the Sudogwon area was just over 30%, then rose to

around 45% in 1995. The �gures continued to increase until it reached 49.5% in the

2015 census. It is therefore clear that people have constantly migrated to Seoul since

1975, and if these patterns continue, population of theSudogwonis likely to exceed

the non-Sudogwonpopulation in the coming years.

These changes can be more explicitly demonstrated by their spatial patterns. In

Figure 1.7, the population in 1985 was extremely dense in Seoul and in some districts

of Incheon, a harbour city besides the Yellow Sea. The population density in Seoul

was 15,921 persons/km2 in 1985. In 1995, Seoul city decided to add three new districts

to make 25 in total. At the same time, as the city's population density had already

peaked at 18,000 person/km2, the government built new towns in the southern and

western outskirts of Seoul, in the expectation of a population decrease and in order to
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Fig. 1.6 Temporal patterns of population change between theSudogwon(Seoul and
the surrounding counties) andNon-Sudogwon area

reduce contaminants across the city. Despite the city's societal, economic, and cultural

growth, it has managed to maintain a population density of around 17,000 persons/km2

since 2000, by building new bed towns near Seoul, particularly in the south and west.

More migrants, however, from distant cities are moving to Seoul. This in�ux of

population made several local governments and stakeholders concerned about investing

new towns further outside. One idea was to construct new towns in the north and

northeast of Seoul to help disperse the population, but unfortunately this action has

achieved little success (Kwon et al., 2015). Understanding the dynamics of population

trends is important for this project because the transformation rate from the statistics

will be applied to evaluate the performance of a long-term simulation.

1.6.5 Air Quality Standards

The nation's atmospheric quality standards were created by the Ministry of Environment

in 1978 to monitor sulphur dioxide. Since then, the standards had been revised six

times by 2012, with pollutants expanded to eight categories in total. Notably, the

importance of dust has been emphasized in recent decades, as coarse categories of total

suspended particles (TSP) were once the only pollutant to be measured in 1991 but

was removed in 2000 and replaced by PM10 and PM2.5 in 1993 and 2012 respectively.

The Korean government has managed to reduce the average level of pollution

concentration whilst attempting several environmental renovation plans. For example,

temporal restrictions on tra�c had been implemented in metropolitan cities during
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Fig. 1.7 Spatial and temporal change in population of South Korean provinces between
2000-2020. The shaded area (grey) in the northwest represents theSudogwonarea.
This choropleth map illustrates the distribution of the actual population for each census
and the numeric labels indicate the percentage of the total population. In line with
Figure 1.6, more migrants from thenon-Sudogwoncities have moved into Seoul and the
neighbouring counties which led to a rapid population decline in other parts of South
Korea. While the population in the Sudogwon area have increased, the population rate
of Seoul have declined as citizens move out to the adjacent cities.

the 2002 FIFA World Cup (Lee and Kim, 2007) as per the low emission legislation of

Seoul city. Nonetheless, these actions were less e�cient to control local level pollution.

Many reasons have been raised about the causes of pollution rise. Initially, the

pollution standards were more than twice as high as the WHO recommendations (see

Table 1.3). There are arguments that the country's air quality standards are not as
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tight as other European countries, which can miss the intermediate levels of pollution

that can possibly harm vulnerable groups. Secondly, due to the fact that nearly half of

the population reside on 10% of the land, pollution concentration and emissions are

problematic. The Special Act on Seoul Metropolitan Air Quality Improvement has

come into e�ect according to a presidential decree, which is leading the way to protect

the health of residents in Seoul, Incheon and the Gyeonggi area. There are also claims

that in recent years, a large amount of pollutants has been transported to Seoul due to

emissions from the Chinese industrial complex on the east coast. The concerning fact

is that the Chinese government has set a relocation plan for an industrial complex from

Beijing to counties in the Shandong peninsula, which is only 250km away from Seoul.

This section provided concise but explicit reasons of why air quality is poor in Seoul

with a description of standards in di�erent countries. From a modelling perspective, it

gives an idea to create possible scenarios that can help prevent deleterious e�ects on

health, e.g. controlling pollution standards, or imposing congestion charges in the city

centre. In the upcoming chapters, a mean of PM10 at 100µg/m 3 over the previous 24

hours will be used as a threshold parameter.

Table 1.3 Particulate Standard Comparison between Korea and Other Countries

Pollutant Type Korea UK US WHO

PM10
Annual Mean 50µg/m 3 40µg/m 3 - 20µg/m 3

24 Mean 100µg/m 3 50µg/m 3 150µg/m 3 50µg/m 3

PM2.5
Annual Mean 25µg/m 3 25µg/m 3 15µg/m 3 10µg/m 3

24 Mean 50µg/m 3 - 35µg/m 3 25µg/m 3

NO2
Annual Mean 30ppm 40µg/m 3 53ppm 40µg/m 3

24 Mean 10ppm - - -





Chapter 2

Literature Review

Chapter Outline

This literature review starts with a general introduction of pollutants in the atmosphere

and how they are transported in urban space (Section 2.1). Section 2.2 documents

the details of pollutants and their potential health e�ects, and how exposure patterns

can vary the outcome. In addition, Section 2.2.3 introduces the main pollutants used

in this research, which are PM10 and NO2 that have the most su�cient evidence of

causal association with adverse health outcomes. Section 2.3 constructs a conceptual

framework that links the �ve key concepts of pollution, exposure, health risk, sus-

ceptibility and adaptation. The focus here is to not to critique the published studies

but to better understand the relationship between the concepts. Once the concepts

are established, Section 2.4 critiques how recent studies have quanti�ed exposure

both spatially and temporally � more speci�cally, how di�erent toolkits are used in

population and individual exposure research. Insights and gaps from the review suggest

that agent-based modelling (ABM) is a suitable way to better understand the dynamics

of exposure to air pollution for heterogeneous individuals. Finally, Section 2.5 outlines

the methodological principles of ABM, its pros and cons, and a short review of how

ABM and air pollution are applied empirically. Note that this chapter covers the core

conceptual framework of the study, and more sophisticated reviews that target the aim

of each study are documented within the following chapters.
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2.1 Overview of Air Pollution

According to Britannica (2004), air pollution is de�ned as "a mixture of gaseous,

�ne solids or lique�ed aerosols that exceed the environmental boundary of dilution,

dissipation, or absorption". These substances are chemically classi�ed in a dust form

as particles, or a gas form as sulphur dioxides, nitrogen monoxide and dioxide, carbon

monoxide, lead, methane, VOCs, and ozone. Most substances are generated from

arti�cial emissions e.g. industrial sites, tra�c, and domestic heating. Hence, people

walking through these areas may be exposed to an unexpected level of pollution, and

vulnerable groups are more likely to risk undesirable health problems such as pulmonary

disorder, cardiovascular dysfunction, and eye irritation (Brook et al., 2004; Chen et al.,

2007; IARC, 2013).

Most pollutants are generated in urban areas, and the level of pollution will increase

strongly as urbanisation continues (see Figure 2.1). Megacities, including Seoul, are

struggling with air pollution due to rapid growth of population and vehicles (Chen

and Kan, 2008), and since South Korea has 25 million people (49%) living in and

around Seoul, cars and building chimneys have contributed harmful pollutants to the

atmosphere, which can further chemically react with other pollutants and deposit on

surfaces (see Chapter 1 Migration Patterns for more information).

Air pollution can travel from a few metres to thousands of kilometres depending

on the emission levels and weather conditions. A recent example was the Australian

wild�res, which lasted for months between September 2019 and early 2020, where the

�res released air pollutants like carbon monoxide, sulphur dioxide, nitrogen dioxide,

and particulates, which contaminated the urban areas of Australia, some parts of

New Zealand, and even South America. Malaysia also experienced a massive wild�re

in 2015, where smoke from the forest was transported to Singapore and adjacent

countries during the dry season. The wild�res whether natural or human-caused, make

it evident that particles and other pollutants can be transported long distances and

can potentially risk people's health in remote locations (Black et al., 2017). Therefore,

locally experienced air pollution may be a mixture of long-range transported and locally

generated material.
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Fig. 2.1 Emission-transport-deposition circulation in the atmospheric environment
(Guarnieri and Balmes, 2014)

2.2 Types of Air Pollution and Their Health Ef-

fects

2.2.1 Types of Pollutants

Atmospheric pollutants are categorised as gas or particulates. Korea's Ministry of

Environment and the United States Environmental Protection Agency (US EPA) has

established legal standards for three ambient gaseous pollutants, NO2, SO2, CO and

for two ambient particulate pollutants, PM10 and PM2.5. VOCs do not have a legal
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standard because they mostly occur indoors but legislation was introduced to help

understand there are other pollutants which can harm one's health.

Gaseous Pollutants

ˆ NOx: Nitrogen oxide is a highly reactive substance that is generated from fuel

combustions of vehicles and power plants, and it becomes oxidative when it reacts

with oxygen, which is known as NO2. NOx is currently the most harmful gaseous

component reported in most urban areas globally.

ˆ SOx: Sulphur oxide is a substance that is mainly generated from fossil fuels

in industrial sites, and the yellowish colour and the toxic odour are directly

noticeable. Sulphur is also highly reactive to oxygen (SO2) and it can be harmful

to breathe. However, levels have dropped in Seoul since industrial sites have

migrated to other areas or started to use renewable sources.

ˆ VOCs (volatile organic compounds): VOCs are compounds of chemicals which

include methane, carbon, ammonium carbonate, and so on, which have a high

vapour pressure at indoor room temperature level (USEPA, 2020). VOCs are

invisible but have a strong odour (e.g. paint). This, in the short term, can be

negligible but can aggravate health in the long-term.

ˆ CO (carbon monoxide): Carbon monoxide is a colourless and odourless gas type

that is generated from the outside (e.g. vehicles, machinery, and burnt fossil fuel)

as well as the inside (e.g. gas heaters, chimneys). While most developed countries

have successfully regulated CO outdoors, developing countries and informal cities

therein have struggled to meet standards.

Particulates

ˆ PM10 (coarse particles): Particles are formed of numerous chemical substances,

and usually the coarse particles primarily come from road dust, automobile

engines (road and non-road), and secondarily from natural events such as wood

burning, and dust transported from deserts. Coarse particles are easily recognised

as a murky haze in an urban atmosphere as a result of stable air�ow and a mixture

with other chemical components.
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ˆ PM2.5 or less (�ne particles): The sources of �ner particles are in indoor dust and

cooking as well as unnoticeable components outdoors. In 2013, the IARC (Inter-

national Agency for Research on Cancer) and WHO (World Health Organisation)

declared outdoor particulates a Group 1 carcinogen (the worst substance group

that causes cancer) because these particles penetrate one's lungs, bloodstream,

and even brain which in turn deteriorates human organs (Hamra et al., 2014;

IARC, 2013).

2.2.2 Health E�ects of Pollutants

Prior to the section on exposure patterns, this section explores the potential health

e�ects of exposure to pollutants mentioned above. Note that while some pollutants

have evidence of short- and long-term causal relationships with health outcomes, others

may only have long-term relationships (UK Department of Health, 2015; USEPA,

2020).

Gaseous Pollutants

Breathing gaseous pollutants can irritate the airways in the respiratory system.

Studies have identi�ed positive associations between short-term exposure to gaseous

pollutants and hospital admissions for respiratory and cardiovascular symptoms (UK

Department of Health, 2015). In particular, health e�ects from short-term exposure to

NO2 will result in nose and eye irritation (Idarraga et al., 2020) , coughing and wheezing,

and for children, it can sometimes develop into acute bronchitis (see Figure 2.1) and

pneumonia (Pershagen et al., 1995). However, how to de�ne `short-term exposure'

might be controversial, because the e�ects were discovered either from 30 days (He

et al., 2020) or 24 months (Chiusolo et al., 2011) of study period, which did not

include exposure under 4 hours (European Commission, 2014). CO levels are rarely

high outdoors but can surge indoors due to indoor garages, smoking, barbequing, or

other burning activities. Short-term exposure to a high level of indoor CO will lead to

dizziness and breathing problems. Short-term exposure to VOCs will cause nose, eye,

and throat irritation (USEPA, 2020).

1Case courtesy of Dr Ian Bickle, Radiopaedia.org, rID: 50375
2https://www.openaccessgovernment.org/air-pollution-in�ammatory-lung-diseases/67352/. COPD

is a chronic/acute in�ammatory lung disease that causes airway obstruction from the lungs. One of
the common symptoms that appear on the X-ray isemphysema, which means the lungs get larger
than normal. This in�ation is attributed to many reasons but is likely to appear to children who are
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Fig. 2.2 Nitrogen exposure can result in (A) pulmonary �brosis as a long-term e�ect1,
or (B) chronic obstructive pulmonary disease(COPD) as a short-term e�ect common
in children2

Health outcomes from long-term exposure to NO2 are pulmonary �brosis3 (see Fig-

ure 2.2), respiratory failure for children, and also mental illness. CO and SO2 will also

reduce the amount of oxygen that can be transported into the bloodstream, which will

inevitably cause heart and brain malfunction (USEPA, 2020). In particular, long-term

exposure to CO will lead to dizziness, unconsciousness, and death. A Chinese case

study found that SO2 had a strong association with asthma prevalence for children who

had atopy (Dong et al., 2011); however, a more threatening aspect is that it contributes

to form the particulates. Symptoms of long-term exposure to VOCs will cause nose and

throat discomfort, continuous nausea, and sometimes dyspnoea (shortness of breath).

Particulates � PM 10 , PM 2.5 , and Ultra�ne Particles

When a person inhales dust, it penetrates the upper respiratory tract and deposits

itself in deep parts of the body depending on its size distribution and composition (see

Figure 2.3). The reaction of the human body also varies with the dust's background

source, whether it was anthropogenic or natural emissions, e.g. fungal spores or pollens

(USEPA, 2020).

It is known that the health e�ects of short-term exposure to particulates are linked

to respiratory and cardiovascular morbidity, such as acute asthma, respiratory problems,

exposed to (indoor/outdoor) air pollution. As pollution penetrates and damages the lung tissue, the
airways will get obstructed and without treatment will likely lead to emphysema.

3Pulmonary �brosis is a lung disease that happens when the lung tissue becomes damaged. The
word �brosis is named because the lung tissue thickens and becomes harder. In Figure 2.2A, multiple
scars on the lungs indicate tissue damage in other words show how severe the symptoms are. As it
worsens, the tissues will become harder leading to breathing disorder.
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and eye irritation, but the consequence of long-term exposure to PM10 can lead to

COPD4, asthma, stroke, and cancer (Bhome and Brashier, 2014; Guarnieri and Balmes,

2014; Maantay, 2007). Recent studies have discovered that �ner particulates less than

1µg/m 3 are associated with cardiovascular symptoms as the small particles can enter

the bloodstream (Cambridgeshire City Council, 2016; Guarnieri and Balmes, 2014;

Loomis et al., 2013).

Fig. 2.3 Possible respiratory disease after particle inhalation (Figure imported from
Guarnieri and Balmes (2014))

2.2.3 Pollutants Focused on in this Research

Amongst the many pollutants, this study focuses on PM10 and NO2 for the empirical

chapters. PM10 was selected because it has been recognised after the �nding that the

increasing level of PM10 is highly correlated to lung cancer � outdoor particulates are

carcinogenic to humans, and thus is categorised with Group 1 carcinogens (IARC, 2013).

NO2 is also a detrimental pollutant a�ected by tra�c levels and also generates ground-

level ozone levels which can create respiratory problems in humans. The causality

between pollution and the outcome has been proven in journals and governmental

documents and are still the most frequently analysed components in the literature.

4A progressive disease that makes it hard to breathe (National Institutes of Health)
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PM10 is the main pollutant focused on in Chapter 3, 4, and 5. NO2 is also the focus of

in Chapter 3.

2.3 Contextualising Air Pollution Exposure and

Health Risk

This section constructs a conceptual framework to better understand the relationship

between air pollution and health risk. Parry (2007) de�ned vulnerability as �the

susceptibility of individuals to the impacts of hazards as well as their resilience to

recover from them�, which was originally one of the key concepts of climate change. As

mentioned in Chapter 1, vulnerability is composed of exposure, sensitivity, and adaptive

capacity. A similar concept was discovered in spatial epidemiology by Jerrett et al.

(2009), where the authors provided a diagram of `health risk' from air pollution exposure

as a Venn diagram. For this study, the Venn diagram was converted to a process diagram

to illustrate how one's health risk results from the exposure pattern to air pollution

(exposure), the variability in innate status or societal status (sensitivity/susceptibility),

and personal resilience or the regional environment which helps mitigate the risk from

air pollution (adaptation) (see Figure 2.4). While Parry (2007) and Jerrett et al. (2009)

suggested a conceptual and deterministic approach respectively to account for the

relationship between the main e�ects, there are, in reality, uncertain factors that can

result in health risk that include the time spent outside and mobility patterns, which

interact in a complex way.

In this regard, this thesis takes a step forward by asking the questions, �how

can di�erent exposure patterns translate to risk?�, �how sensitive is the outcome to

behaviour and demographic status?�, �what is the personal/regional reaction to adapt

or cope with air pollution?�. The �rst question is answered in the following section

by examining various exposure patterns both conceptually and empirically. The next

section explores further the susceptibility of individuals relating to their societal status

and demographic groups and within these groups, and how behavioural patterns can

also be important to address susceptibility. The �nal section attempts to understand

the con�icting concepts of adaptation and susceptibility which have been used in

exposure studies.
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Fig. 2.4 Conceptual model for the research project (developed and converted from a
diagram drawn by (Jerrett et al., 2009))

2.3.1 The Relationship between Exposure and Health Risk

To answer the �rst question "how can di�erence exposure patterns translate to risk?",

this section describes how various exposure patterns can lead to di�erent adverse health

outcomes. Examples of exposure patterns in Figure 2.5 include: (a) continuous, (b)

intermittent, (c) cyclic, (d) random, and (e) concentrated (Deshpande, 2002). These

patterns can appear in a short-term cycle from hours and days or a long-term cycle

to months and years. This means that one can have severe health issues having

been exposed to a constant level of intermediate pollution or resulting from myriad

experiences of extreme pollution episodes (Laumbach et al., 2015).

Conceptually, the association with health risk is determined by how frequently

people are exposed to ambient air pollution especially when the levels exceed the

national standards, either short-term or long-term (Deshpande, 2002). There is a

higher chance for people to be exposed to a detrimental level of pollution during

weekdays as people commute to their o�ces at the same time. Weekday commuters are

likely to be exposed to intermittent or sudden peaks of pollution caused by heavy tra�c

congestion, road dust, and indoor resuspended particles. In addition, exposure can

depend on the time of the day in which the individual was exposed. In the literature,

highest exposure has been reported in the morning rush hours (06h-09h) where most

of the tra�c congestion is seen in the business districts (Beevers et al., 2013; Cariolet

et al., 2018; Vreeland et al., 2017; Zhang and Batterman, 2013). European cities have

introduced vehicle restrictions to curb air pollution from exceeding the WHO standards;
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Fig. 2.5 Patterns of Pollution Exposure (redrawn from Deshpande (2002))

nonetheless, those who drive in rush hours have higher health risks due to the harmful

pollutants that can ingress inside vehicles (Kumar et al., 2020).

Furthermore, exposure also depends on which place an individual is located. In

urban areas, city centres have the highest population density and tra�c volume during

working hours. Cariolet et al. (2018) used a 500mÖ500m resolution map of greater

Paris and found that inner Paris had the least capacity to reduce NO2 concentrations

due to high building densities and higher tra�c. A study in London found that the

city centre was not the hotspot of black carbon (BC) and NO2, rather the surrounding

roads that lead to the city centre had greater pollution (Rivas et al., 2017). Kobza and

Geremek (2017) also found that motorways and urban expressways had experienced

a higher NO2. Subways were also known as a hazardous area for increased health

risks. In London, Smith et al. (2020) monitored PM2.5 levels between Waterloo, and

alternating destinations of Oxford Street (high tra�c location) and Hyde Park (low

tra�c location) via the Jubilee Line for �ve months. The study revealed that the
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underground PM2.5 was around 89µg/m 3 on average (median 28µg/m 3), which was

greater than at ambient background locations (mean 19µg/m 3, median 14µg/m 3) and

the roadside in central London (mean 22µg/m 3, median 14µg/m 3); however, there

was signi�cant variability between the shallow and deeper stations with an average

of 4µg/m 3 and 361µg/m 3 respectively. A similar study has been conducted for Seoul,

where PM10 and PM2.5 were measured from subway platforms and carriages at 22

stations on Line number 1-4. Between November 2004 and February 2005, the study

discovered that the average level of PM10 and PM2.5 exceeded 300µg/m 3 and 120µg/m 3

at the platform and inside carriages, while the driver's seats also had 271µg/m 3 and

127µg/m 3 respectively. High exposure was also reported near schools during drop-o�s

and pick-ups (Kim et al., 2004; Kumar et al., 2020; Min et al., 2020).

Finally, exposure is highly dependent on meteorological and infrastructural compo-

nents. Exposure patterns are known to be substantially lower when the wind speed is

higher because the wind blows away the deposited pollutants, but when the wind speed

is low, the air�ow tends to trap the �ow of the pollution in tall building areas, which

in turn increases the pollution levels (Cariolet et al., 2018). In these areas, vehicle

emissions, either exhaust or non-exhaust, can disperse to roads and nearby paths which

can harm both the in-vehicle passengers and pedestrians.

In practice, many studies have found a causal relationship between exposure and

adverse health outcomes, mostly through long-term investigation of patients whose

diseases were attributed to air pollution (Halonen et al., 2016; Hoek et al., 2013; Kaur

et al., 2005). These studies found the relationship by monitoring the chart history of

patients from the start of the symptoms to drug type and dosage, days of hospitalization,

and the discharge from hospital. Even if a small sample was collected for the analysis,

the outcome was still meaningful. However, the government reports suggest that more

evidence needs to be collected to associate the causality between short-term exposure

and adverse health outcomes because short-term morbidity or mortality can be a�ected

by other hidden confounding factors such as alcohol ingestion and smoking (European

Commission, 2014; Guarnieri and Balmes, 2014; UK Department of Health, 2015).

The WHO (2003) and Atkinson et al. (2016) also supported the idea that long-term

assessment provides more accurate results in terms of health outcomes. Atkinson

et al. (2016) compared both the short and long-term (722 days) exposure to NO2,

PM2.5, and black carbon (BC) in London, and discovered that there was a weak, but

positive association between long-term exposure and respiratory mortality (but not
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with cardiovascular mortality); however, the study found no association with short-

term exposure to NOx or NO2. Indeed, there are uncertainties and other auxiliary

factors that may lead to death and this cannot be causally related in a short period

(UK Department of Health, 2015). Also, using station data to model pollution can

di�erentiate the locations of where people were exposed.

Although a few studies still support the health e�ects of short-term exposure

arguing that evidence of a response to acute pollution is present, particularly to cohorts

of asthmatic children and adults who are exposed to outdoor PM2.5 and PM2.5-10

(Cambridgeshire City Council, 2016; Guarnieri and Balmes, 2014), it is di�cult to

conclude whether health outcomes are more detrimental when one is exposed to an

intermediate pollution level over a long period, or to several events of instantaneous

peaks. People who are already made vulnerable by chronic exposure over a long period

may then experience a sudden e�ect owing to an acute incident.

2.3.2 Associating Exposure and Sensitivity with Health Risk

Sensitivity1 relates to the characteristics of individuals whereby the negative impacts of

air pollution can appear unequally. The determinants of sensitivity can be categorised

as biological sensitivity and environmental sensitivity. Biological sensitivity can be

age, sex, genetics which are innate components, while acquired components include

diet, smoking, and disease history (Holgate, 2017). Environmental sensitivity includes

housing address, type of house, distance to roads/industrial sites, commute patterns,

and occupational surroundings (Holgate, 2017). Amongst these determinants, this

study answers the question "how sensitive is the outcome to behaviour and demographic

status?" by documenting essential parameters that had a causal association between

pollution and health risk.

Initially, groups vulnerable to air pollution are more likely to be children and the

elderly (Cambridgeshire City Council, 2016; O'Neill et al., 2003). Children are the

most susceptible group out of three age classes: 0-14, 15-64, 65+. Sacks et al. (2011)

and Pearce et al. (2006) suggested that higher morbidity/mortality for children is

more likely due to the children's immature physical system and many hours of outdoor

activity. For example, in the UK, a 9-year-old girl living near the M25 motorway

in south London su�ered and died of an acute asthma attack: this was a landmark
1Here, the term sensitivity and susceptibility can be used interchangeably
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case of nitrogen oxide (NOx) directly associated with fatality (Hancock, 2020). Wang

et al. (2008) discovered that population-weighted exposure (PWE) of elderly groups

was highest among all demographic groups because these groups have retired from

labour and have more time spent indoors, and perhaps exposure to solid fuel heating

in developing countries.

Additionally, studies found that people of lower socioeconomic status (SES) tend to

be vulnerable to air pollution (Batterman et al., 2015; Dons et al., 2014; O'Neill et al.,

2003; Sacks et al., 2011). Environmental justice researchers have shown the existence

of a correlation where people who live in disadvantaged neighbourhoods have a higher

risk of a health disorder due to noise, pollution concentration, and lack of green areas

(Mitchell and Dorling, 2003; Moreno-Jiménez et al., 2016; Pearce et al., 2006); this is

also strongly linked to race (Loo et al., 2017; Mitchell and Dorling, 2003; Park and

Lek, 2016; Pearce et al., 2006; Sacks et al., 2011), income (Guarnieri and Balmes, 2014;

Hoek et al., 2008; Sacks et al., 2011), and education (Bravo et al., 2012; Jerrett et al.,

2001; Kan et al., 2008). Dons et al. (2014) pointed out that low SES (Socioeconomic

Status) people inhaled an average of 465ng/day more than that of high SES because

these people had less of a commute distance and might have stayed in rooms where the

air �ltration rate is low (Ott et al., 2006). Professor Jamie Pearce has worked on the

geographic features of social inequality for a long period, and through his outputs of

environmental justice in the case of New Zealand, the lower socio-economic deprivation

quintile was substantially associated with high PM10 exposure (Pearce et al., 2006,

2011).

Infrastructural factors have also continuously been associated with health e�ects.

Guarnieri and Balmes (2014) highlighted that the concentration of many constituent

pollutants rapidly diminishes with distances within 500m of roads in North America,

and 300m in European cities. Van Roosbroeck et al. (2007) measured personal exposure

to tra�c-related air pollution in Utrecht, the Netherlands. For 54 young participants,

the personal exposure to NOx was 37% lower in near-road school children compared

to those who went to school further from main roads. Kim et al. (2004) conducted

10 school-based surveys on students who walk to school to compare NOx exposure

levels based on their residential location in San Francisco, USA, using a logistic model.

Children who lived within 300m to major roads and at a downwind location had higher

exposure levels (OR: 1.05± 0.1) compared to those who live far from and upwind of

major roads.
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In short, sensitivity is a very important parameter because the health conditions

not only depend on the person's innate status (e.g. sex, age, being inherently allergic

to some chemical products) but also on the societal status (e.g. occupation, residential

area, type of housing, income). If this study assessed exposure at a regional scale,

then the �regional averages� of education, age, or income would have been used to

measure health risk. However, as this study intends to quantify the exposure levels at

an individual level, the levels would vary substantially within the groups. Moreover,

whether one has a history of disease or which behavioural patterns they have also

translates to a di�erent health outcome. Obtaining a �ner scale can be di�cult but

it is important to collect as detailed information as possible because creating unique

pro�les for every single individual will allow a �rm foundation to create more realistic

outcomes.

2.3.3 Relating Adaptation to Exposure

Adaptation (or resilience) is how an individual or society can adapt to the impact of air

pollution. Adaptation has been applied in both individual and regional level research.

An individual level of adaptation from air pollution exposure can be seen through

physical activities. Recently, the Centre for Diet and Activity Research (CEDAR), part

of the Epidemiology Unit at the University of Cambridge, has found that the health

bene�ts of cycling and walking can outweigh the aggravated e�ects of air pollution

(Tainio et al., 2016). In this study, the authors compared the exposure levels between

walking and cycling participants as a representative group of physical activity and

driving participants as a group of inactivity. Having collected the data from many cities

around the world, the study revealed that cycling and walking for 45-60 mins daily can

outweigh health risks from air pollution compared to driving (inactivity). A similar

study used Cox proportional hazards regression to understand how physical activity

can help lower the risk of long-term exposure to PM2.5 for the elderly (Sun et al.,

2020). The study found that cardiovascular death risks were negatively associated

with physical activity, particularly for those who were doing indoor spinning and Tai

Chi (Chinese exercise) classes, although a 10µg/m 3 increase in PM2.5 was associated

with a hazard ratio2 of 1.19 (95% CI: 1.05, 1.35) for cardiovascular mortality. Both

2The hazard ratio is a comparison of the probability of events in a case group, compared to the
probability of events in a control group. If the ratio is above 1, then it means that 1.19 times as many
patients in the case group are experiencing an event compared to the control group.
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of these studies have provided insights that exercise can help lower health risks even

in highly polluted areas, but careful consideration is needed for people who travel or

exercise less than 30 minutes per day or take other modes of transport. One thing to

note is that these studies have only taken a few participant samples and controlled the

activity patterns, which does not monitor the behaviours for a continuous period. This

means that people might possibly have improved or worsened their health through

other activities.

From a regional aspect, the level of adaptation has been assessed based on land

use types. Panko et al. (2013) investigated the relationship between potential human

exposure to non-exhaust emissions, mainly from tyre and brake wear. The authors

collected air samples from roadside, residential, commercial, school, urban, rural and

recreational settings from selected cities in the US, France, and Japan. They discovered

that the contribution from tyre and brake wear was less than 1µg/m 3 on average,

and areas that had more recreational spaces (e.g. parks) and less major road sources

had fewer particles. Cariolet et al. (2018) assessed the resilience of urban areas to

tra�c-related air pollution in Greater Paris. Using raster grids to calculate the capacity

to decrease exposure to NO2, the authors revealed that 6% of grid squares in Paris have

continuous exposure to NO2 and most of the inner Paris region currently has a low

capacity to decrease exposure due to having such closer distances to roads that have

more than 10,000 daily users. Also, the building density in inner Paris disturbs the

wind which blows away the pollution levels, thus suggesting that more building-level

ventilation is needed. Xiong et al. (2019) assessed how social resilience will potentially

mitigate the health risk from air pollution in Sichuan, China. Resilience parameters

included hospital density, GDP, roads, and land use. The study found that the regions

with grazelands accounted for higher social resilience, although the hospital density

was very low. These results can be useful to understand how administrative regions

are capable of mitigating risks from air pollution, but on the other hand, it implies

that a few weighted factors, such as land type, can over-determine the outcomes, which

might not be true at the individual level.

From the review above, adaptation at an individual scale has provided a solution to

mitigating health risk from air pollution by taking action with one's �tness: exercise is

good even in high air pollution. Although it depends on the frequency and the distance

between home and work, this is a useful indicator that can be used in simulation studies.

Regional-scale adaption does not o�er as many dynamics of human interactions and
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resilience than individual-level outcomes. This is because health risk is evaluated by

land type features or by gridded outcomes, which will allow a holistic perspective.

Since the focus of this study is to estimate population exposure to air pollution from

an individual-level simulation, it might not be feasible to consider physical activity by

every individual to test the resilience, but it can apply ways to downscale the regional

components to an individual level, for example assuming access to the hospital is

higher/lower for individuals in a certain area.

2.3.4 Summary of the Section

This section contextualised the process of how spatial and temporal patterns of exposure

to air pollution can lead to health risks. From the review, it is understood that air

pollution itself appears to spatially vary by metres to kilometres, and temporally vary

by minutes to years, yet more importantly, varies by how long one is exposed to (the

ambient levels of) pollution, and how much time is spent at that place. The chapter

also notes that even though the exposure might be equivalent between individuals it

can be very sensitive to the innate health condition of an individual as well as which

demographic/societal group the person belongs to. For adaptation, physical activity

was used in individual adaptation while land-use types, wind speed, ventilation, and

hospital access were selected for regional adaptation.

2.4 Exposure Assessment Methods: From Spatial

Interpolation to GPS Tracking

To date, the mainstream topics in exposure science include the keywords `population

exposure' or `individual/personal exposure'. This section reviews studies with a focus

on the methodologies that have been used to evaluate `population' and `individual'

level exposure, how di�erent spatial and temporal resolutions are, their pros and cons,

and �nally will discuss the gaps which need improvement.
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2.4.1 Spatial Interpolation

Before the 2000s, it was very common to get uniformly interpolated air pollution (using

nearby monitoring data) across a spacious area when fewer monitors existed. Obtaining

nearby pollution data was e�ective in small area studies where the monitoring station

was close enough to examine, for example, school children's exposure to particulates

(Miller et al., 2007; Moshammer et al., 2006), but it became obsolete as more stations

installed in cities gave more detailed information about pollution. Still, this `nearby'

method has been used as a reference method in spatial interpolation studies (Son et al.,

2010; Wong et al., 2004; Xie et al., 2017).

Spatial interpolation methods have inferred unknown locations based on their

arithmetical algorithms. Studies have applied Inverse Distance Weighting (IDW),

Kriging (Ordinary, Universal, Block), and Generalised Linear Models from the monitor

data (Min et al., 2020; Son et al., 2010; Wong et al., 2004; Xie et al., 2017). These

methods used an annual or seasonal average of pollution to predict the generic level of

pollution over a large surface area by weighting algorithms.

From a spatial aspect, the accuracy of air pollution in the predicted areas was

determined by the density of the �xed-site monitors. This is because spatially dense

monitors can provide more information to reduce the error estimation that can happen

if the monitors are not present. However, if the distribution of the stations is biased to

particular zones (i.e. violating the assumption of stationarity), then it may be di�cult

to get accurate predictions in data-sparse areas. The biased distribution of monitoring

stations clustered in California and Northeastern regions in the US can be used as a

good example of why data biases can be problematic for pollution exposure studies.

From a temporal aspect, interpolation studies used annual mean pollution to predict

population exposure. This is because the seasonal cycles of pollution, particularly

for PM10 and PM2.5, are very distinctive compared to other pollutants, but it can be

pointed out that an annual average will smooth away any real variability which can be

hazardous to health.

Min et al. (2020) have associated school children's exposure to annual NO2, PM10,

and PM2.5 with allergic atopy symptoms. With Universal Kriging, the outcomes

have found a positive relationship between tra�c and allergic symptoms in children

as the schools were closely located to roads. However, as atopy more likely occurs

during seasonal transitions where the range of daily temperature is high, the annual
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averages will not fully articulate the relationship between the disease that happens

to be monitored day by day. Also, the exclusion of built environments such as roads,

buildings, and parks will cause a large discrepancy to model accurate numbers. The

London Atmospheric Emission Inventory (LAEI) has measured NO2 exposure in 2016

at a 1km by 1km spatial resolution and counted potential health harm by boroughs

that exceeded 40µg/m 3 (Greater London Authority, 2017). Greenwich, for instance,

had 22,900 people (8%) potentially exposed to high NO2. However, in central London,

the population-weighted exposure to PM2.5 in 2008 was 28% lower when the building's

indoor/outdoor ratio was considered compared to the method that simply used ambient

PM2.5.

Note that this section does not introduce the development of spatial interpolation

models but will compare Kriging and Generalised Additive Models (GAMs) in Chapter

3.

2.4.2 Dispersion Models

Atmospheric dispersion modelling is a mathematical and computational method that

simulates the concentration of air pollution by calculating chemical physical processes

of plumes, and dispersion mechanisms (Holmes and Morawska, 2006). Dispersion

modelling has its signi�cance in pollution studies because pollution monitoring sites

only collect point data, which cannot su�ciently estimate concentrations over wide

areas, Whereas models can give results at multiple scales, from street canyons to a

country scale, although some degree of validation is necessary (Barratt, 2013).

Dispersion models also help make a better estimation of pollution concentration,

since the models take into account various weather events: plume generation and convec-

tion, building downwash, meteorology, and topographical conditions. Published studies

from an interpolation approach have yet to consider much about built environments

and climatic e�ects, despite sophisticated algorithms and a variety of tools.Compared

to earlier studies, fewer geostatistical interpolation methods have been used recently

because a consensus has not been made for a better way to make estimations in air

quality modelling (Bravo et al., 2012), and due to the di�culty accounting for road

network and buildings.

There are a number of dispersion models that researchers can choose based on the

spatial scales. If the study examines data at a street canyon scale (<500m resolution),



2.4 Exposure Assessment Methods 37

then the Gaussian plume models are adopted e.g. CALINE3, ADMS4, or R-LINE 5;

however, if the study examines data at a mesoscale area (> 5km), then an Eulerian model

(three-dimensional gridded transport system) is considered e.g. CMAQ6, TAPM 7. A

detailed explanation of ADMS, CMAQ, or TAPM is covered in the Appendix. Gaussian

plume models take advantage of pollution concentration in near-�eld situations, which

might be from a few hundred metres distance to a few kilometres (Williams et al.,

2011), but lack the mixture of chemistry conditions that commonly happens in the

local atmosphere, which is important in urban scale modelling. Thus, for a city-scale

dispersion, there is a need for background level concentrations from regional models.

Using CMAQ, previous studies have also discussed the relationship between health

impacts and ambient air pollution, particularly ozone (Bell, 2006; Knowlton et al.,

2004), both ozone and PM2.5 (Beevers et al., 2013; Smith et al., 2016). Reviewed

research was conducted in the USA (mainly northeast), the UK, and Korea, but other

studies have been carried out in almost 50 countries.

Knowlton et al. (2004) investigated the summer ozone concentrations and their

relation to mortality, with CMAQ's dispersion model SMOKE8 and weather forecast

model MM59. The authors concluded that the rise of ozone projected an increase

in the mortality rate by around 4.5% for New York by 2050 if the USA continues

to generate equal amounts of airborne emissions from power plants or continues to

over-use air conditioners or dispose waste at land�ll sites. Similar work was conducted

by Fann et al. (2012), where CMAQ was used to estimate PM2.5 and 8-hour ozone levels

with a 12km grid cell, and examine the relationship between statistics of premature

death and life expectancy in the United States. The result predicted 130,000 deaths

to PM2.5, and 4,700 to ozone and that over 1.1 million elderly people are more likely

to have their life expectancy reduced. Also, Fann et al. (2012) gave an interesting

rank of the mortality rate of cities that were a�ected by ozone and PM2.5 in 2005.

However, these results might have over-predicted risks in terms of interpreting pollution

3a line source air quality dispersion model that is based on the Gaussian di�usion equation and
employs a mixing zone concept to characterize pollutant dispersion in the proximity of roadways.

4Atmospheric Dispersion Modelling System
5A Research LINE-source dispersion model for near-surface releases
6CMAQ is a three-dimensional air quality model to estimate concentration of multiple pollutants

at di�erent geographic scales (Beevers et al., 2013; Bravo et al., 2012; Hoek et al., 2008). CMAQ,
pronounced `see-mak', was conceived with the intention of building a `one atmosphere' and a high-
quality model which can help to observe air quality over a long time series (Williams et al., 2011)

7The Air Pollution Model
8Sparse Matrix Operator Kerner Emissions
9mesoscale meteorological model - 5
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concentration associated with mortality �gures. Hence, more consideration is needed

before examining the link between mortality and air quality standards.

Some epidemiology studies used CMAQ without putting health measures forward

(Bell, 2006; Bravo et al., 2012). These studies used CMAQ modelling to �ll in area

gaps for estimating exposure levels where monitoring stations do not exist. These

studies were possible because CMAQ improved the spatial resolution down to 1km,

which can verify the data with more than 2000 stations. Hourly-based time series also

gave a detailed pollution pattern. Bell (2006) estimated exposure levels with multiple

approaches, including area-weighted average pollution using CMAQ, nearest monitor,

and spatial interpolation (i.e. IDW, Kriging). They concluded that previous methods

gave a poor value at places where monitoring stations were sparse, and suggested the

need to thoroughly examine modelling methods before measuring personal exposure.

Bravo et al. (2012) also simulated pollution dispersion by aggregating the values from

1km grid cells and compared the modelled values with populations where monitoring

stations are either close or not. Results showed that people who reside within 50km of

the station have higher incomes, higher academic education, higher employment rates,

and a lower poverty index.

In short, CMAQ has strongly contributed to pollution and health studies with

respect to technical improvement. However, area-weighted average values in 1km grid

cells are too coarse to detect the dispersion concentration on an intra-urban scale, and

suggests where new measuring stations should be installed, either at a regular distance

or population-derived measurements (Song and Kim, 2016).

Fig. 2.6 CMAQ grid cell features (http://bioearth.wsu.edu/cmaq_model.html)

To overcome the limitation of coarse spatial resolution, a new hybrid model of

city-scale dispersion was constructed by combining a street canyon model, ADMS.
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King's College London's epidemiology team developed KCLurban, where they combined

the US EPA's CMAQ model and ADMS-Road as per the need to estimate individual

exposure rather than from �xed monitor stations (Beevers et al., 2013; Smith et al.,

2016). Despite the existence of KCLurban as a UK standard model of NOx and O3,

Beevers et al. (2013) suggested a new model that takes into account a hybrid of regional

and road dispersion models, with a mesoscale weather forecasting model (WRF v3.1).

With KCLurban, the result between predicted and observed values of NO2 and PM10

at 16 monitoring sites showed a strong R2 at 0.93, and 0.96 respectively.

A project by Smith et al. (2016) constructed a city level exposure model for the

Greater London population to assess air pollution sources that a�ect outdoors, indoors,

and in-vehicles using time-activity data from surveys of 8,000 households per annum

between 2005-2010, and a trip route simulation from 45,079 people taking 98,770 trips.

Using a con�rmed CMAQ-urban model, the output was given as an annual average of

NOx, NO2, and PM2.5 concentrations in a 20m� 20m resolution map across the UK

on a single day of 2011. The authors found that over 95% of people spent most of their

time indoors, and that time a�ects the population exposure up to 92% for NO2 and

approximately 95% for PM2.5 from outdoor e�ects. They gave a clear idea of exposure

levels by using a sample number of residents' addresses to reduce biased records, but

the activity model is only recorded for a day, which could still produce biases.

Cambridgeshire City Council (2016) also used ADMS to report adverse health

impacts from air pollution in Cambridgeshire with the 2016 data (see Figure 2.7).

The council estimated 257 deaths (5% of all deaths in Cambridgeshire in 2010) were

attributable to air pollution in Cambridgeshire, particularly the elderly and children,

who live near or pass through the city centre (Drummer Street) or trunk roads (A14)

and are more likely to experience risks due to tra�c congestion. Although the dispersion

of PM10 is not shown in the �gures, it was reported that an increasing trend was seen

between 2009 and 2013 in A14 roads in Impington which may have been a�ected by

tra�c, and Cambridge city had the highest monthly mean concentration in March.

Although ADMS considered meteorological factors and vertical convolution e�ects

to provide high-resolution and accurate results, there might be a possible downside.

Firstly, it is too slow to model a city with an ADMS-Urban package, most likely due to

the model's single-core design, or an unsorted algorithm when blending two di�erent
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Fig. 2.7 Annual average values of NO2 and PM10 2016 in Cambridgeshire using ADMS-
Road

packages10. Also, ADMS is for commercial use only, which means a certain amount of

money needs to be paid (at least ¿3,000) for the annual license plus tutorial classes.

2.4.3 Towards Personal Exposure: GPS and Mobile Phone

Data

Estimating population exposure with activity patterns has been introduced to improve

the accuracy of location and exposure levels both in space and time. These activity

patterns are demonstrated with surveys, OD (Origin-Destination) matrices, GPS, and

smartphones.

Smith et al. (2016) used time-activity data based on the London Travel Demand

Survey (LTDS) to model the movements of Londoners. KCLurban was rebranded as the

London Hybrid Exposure Model (LHEM). Having taken surveys of 8,000 households

that approximated 98,770 trips for a single day in 2011, the average exposure to PM2.5

was 37% lower, and NO2 was 63% lower in the survey results than merely calculating

ambient concentrations based on residential addresses. The survey-based results seemed

to be a plausible approach because the survey found out that 95% of the participants

10According to Williams et al. (2011), it was revealed that the structure of ADMS-Urban was a
blend of ADMS-Road and ADMS 5.
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spent most of the time indoors during the day, and the indoor/outdoor ratios varied

by 15 building categories, from houses to schools and institution buildings.

Using 5-million mobile locations from residents of Belgium11, Dewulf et al. (2016)

estimated exposure to hourly NO2 maps that were produced by the RIO-IFDM model12.

With a full two days of pollution estimation, it resulted that compared to the static

census data, the mean exposure to NO2 per person from mobile phone data was

1.2µg/m 3 higher. Nyhan et al. (2016) also compared census data to an estimated

population data generated by 3G Mobile Networks in New York City. Although PM2.5

was very coarsely interpolated with IDW, over 10 districts in NYC was appeared to be

higher in PM2.5 exposure than the census result. However, Xu et al. (2019) criticised

that mobile phone data only displays the location of a population in a given grid

provided by the cell-tower data, which will allow some representation of movement

but not for unique individuals. Larkin and Hystad (2017) also pointed out that the

representation of the data can strongly depend on the mobile company and whether

the users agree with sending their location due to personal privacy.

With new smartphone technology and low-cost air pollution sensors (Larkin and

Hystad, 2017), a growing number of studies have evaluated exposure at a �ner scale

(Hwang and Lee, 2018; Liang et al., 2019; Sanchez et al., 2020; Steinle et al., 2015).

Participants and study periods have ranged from �ve participants to 50, and from 12

days to 60, but from the reviewed studies, the number of participants was inversely

proportional to the length of the study period. Steinle et al. (2015) and Sloan et al.

(2016) validated PM2.5 concentration with the monitoring station data to validate the

experiment outcomes.

Compared to the spatial interpolation and dispersion modelling, the usage of

wearable devices has bene�ted synchronising time and location and getting an accurate

measurement of pollution by each microenvironment (ME). For example, Hwang and

Lee (2018) collected GPS and PM1, PM2.5, and PM10 on a minute level basis and

discovered that restaurants in Seoul had PM2.5 at 96.1 ± 165.8 in summer and 85.4

± 103.3 in winter, which was 5 times higher and 4.5 times higher than that of o�ce

spaces and residential parks. Although the selected studies used low-cost sensors, some

studies (until the mid-2010s) had to pause the experiment to recharge batteries or to

11Locations were collected where the calls and messages were made
12�This model couples the land use regression model RIO, the road emissions model MIMOSA4

(taking into account COPERT4 emission functions, vehicle �eet and vehicle counts), and the Gaussian
plume model IFDM.� (Dewulf et al., 2016)



42 Literature Review

transfer �les to the hard disk, but more recent studies were o�ered larger memory

space, longer battery life, and even wi� and Bluetooth options to easily send �les

to a suitable device. Despite the �ner spatial and temporal scale of pollution and

location information that the GPS studies provided, the study period and the number

of participants was not su�cient to generalise the �ndings because exposure levels can

depend on travel modes, time and length of trips. Also, the trajectories and exposure

patterns can be biased to a certain age group, a particular population subset, or people

with particular travel patterns.

Smart cities can be another alternative to collect data of movement and pollution

which can enhance the accuracy to evaluate pollution exposure at a �ner spatial and

temporal scale. Newcastle, for example, installed over 600 monitors (at lampposts) to

collect pollution, weather, tra�c (vehicle count, average speed, time to reach the next

junction), soil, etc and transferred minute level data to the urban observatory with

free access for the public. With a high density of pollution monitors across the city

with high temporal resolutions, the database pairs nicely with the GPS data that will

bring new research designs to facilitate evidence-based decisions for future urban air

quality guidelines (Smith and Turner, 2019).

In summary, trajectory-based activities have provided a wider range of activity

patterns, from OD matrices to GPS tracking. As people spend most of their time

indoors or in transit, low-cost sensors to measure pollutants have improved the quality

of exposure research by the time spent in various MEs rather than an estimated value

from ambient pollution. However, biased pro�les of participants and battery lifetime

are still areas for improvement. Smart cities can substantially complement phone data

by using smart sensors at every street that collects real-time data which can potentially

o�er more information between location and pollution exposure.

2.4.4 Summary of the Section

Section 2.4 has reviewed the existing literature of various methods that have been

used for exposure assessment. Section 2.4.1 began with a uniformed interpolation

that collected data from nearby stations, then reviewed studies that applied IDW and

Kriging. While studies that used uniformed interpolation did not exceed the geographic

boundary of a city scale13, those that applied IDW and Kriging were applied from urban

13Except from Wong et al. (2004) who analysed the study before 2000
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to nationwide areas. Section 2.4.2 reviewed dispersion models that considered vehicle

emissions, meteorological e�ects, chemical transport, and even small-scale eddies that

disperse vertically (more in the Appendix). This study reviewed a quasi-Gaussian

model (ADMS) from the UK and an eulerian model (CMAQ) from the US. ADMS was

the only model focusing on street canyon scale at 20m resolution, while the eulerian

model took account of dispersion in a mesoscale at 1km resolution. In order to model

a spatially high-resolution model to consider the variability of exposure across the

city, the best solution was to combine ADMS for roadside dispersion and CMAQ for

the background areas (Smith et al., 2016). Although both methods created maps to

help indicate the impact on exposure levels, this study critiqued that creating maps

with temporally rich but spatially poor resolution normally leads to a very smoothed

map. Studies that use this method will neglect small-scale variability that might be

detrimental for individual exposure assessment. Overlooking this granular dynamic

will end up creating an ecological fallacy where `all will have the same exposure level

at this location', which is not true in reality.

More recently, GPS and mobile phone data have substantially bene�ted the problem

of ecological fallacy by tracing individual participants' trajectories and their exposure

levels. Considering zone-by-zone movements with OD matrices has helped to improve

the population-movement to a �ne-resolution, to get two snapshots of exposure between

work (daytime) and home (after work/school). However, this method does not provide

any information during travel. As mentioned in Section 2.3.1, the positional information

and the time spent outdoors can diversify the exposure levels. Mobile phone data

collected from cell towers provide positional information within the boundary, however,

it depends on which mobile company the study chooses, and whether the people agree

to share their data. GPS and low-cost sensors have also shown exposure at human

height but the battery life and the limited number of participants can be a problem in

conducting a long-term exposure study.

Even though personal exposure studies with light and portable devices provide

accurate results, this can only be used forad hocanalysis which is already proving

useful but is perhaps least e�ective in comparing alternative routes. For example, if

an individual has two options to arrive at their destination, which one is the shortest

distance if the other has less tra�c but takes a longer time to arrive. Current techniques

have to send two people at the same time to get that result, but the decision can

also be explored computationally with simulation techniques. One of the methods is
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agent-based modelling (ABM), which can model pollution exposure at an individual

level and test di�erent path�nding methods in a virtual environment. More details

about path�nding and exposure will be introduced in Chapter 5, but prior to that, the

subsequent chapter takes a look at the basics of ABM and reviews air pollution studies

that have used ABM.

2.5 Agent-Based Models in Air Pollution Studies

2.5.1 Concepts of ABM

ABM is a generic (or bottom-up) approach for simulating actions and interactions

between agents to view their e�ects on the entire system (Gilbert, 2008). As mentioned,

ABM produces macro-e�ects from micro-level interactions that construct a cornerstone

of this complex methodological framework. Thus, within this paradigm, dynamic phe-

nomena and evolution emerge when there is feedback between components (Castle and

Crooks, 2006; Gilbert, 2008; Wooldridge, 2009). Also,interactions among autonomous

agents can create new ideas which cannot be made by themselves. The main advantage

is developing a model by inputting assumptions, simple or complex (equations), on

active individuals to better understand how the system works (Auchincloss and Diez

Roux, 2008).

Fig. 2.8 Conceptual Structure of ABM
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In the agent-based system,agents are de�ned entities which are heterogeneous,

autonomous, and decision-making individuals (Gilbert, 2008; González, 2012). Agents

do not necessarily need to be human. They could be animals, vehicles, plants, and

so on, depending on the researcher's focus, but humans are generally used (Smith,

2012). Agents can be cooperative and adaptive, and their behaviour and movement are

typically speci�ed by a set of rules (Benenson and Torrens, 2004; Railsback and Grimm,

2011). The agents may also interact with nearer agents, based on their social network

structure, or cluster into groups at di�erent levels, such as households or administrative

regions (Galea et al., 2010). Agents need not always have location information but can

exist as a background parameter.

Space is a position where agents move and interact (see Figure 2.8). In many cases,

ABM uses a group of discrete spatial grids that are spatially located and interconnected

with each other through the neighbouring grids. In the tessellated space, the attributes

of grids tend to be heterogeneous. Multiple structures of space including buildings,

roads, and polluted sites, can in�uence and be in�uenced by the circumstances of the

agents. There have been attempts to optimise model outcomes by tuning the grid

resolutions or de�ning di�erent types of neighbours e.g. von Neumann neighbourhood,

Moore neighbourhood (Stanilov, 2012).

An external environment is a factor that can control agents and gridded space

(González, 2012). This component is also de�ned as a parameter in software such as

Netlogo, where once de�ned it a�ects any agents or spatial variables. Rainfall and

weather, earthquakes, or other large-scale phenomena not directly a�ected by the

agents could be considered as external environments.

2.5.2 ABM Model Environments and the Selection

Table 2.1 shows a number of software for agent-based modelling that have their

own platform and syntax. These include AnyLogic (Weimer et al., 2016)14, GAMA

(Taillandier et al., 2010), MASON (Dunham, 2005), NetLogo (Wilensky and Rand,

2015), and RePast (Collier, 2003).

Amongst the software mentioned above, NetLogo was chosen for this study for a

few reasons. Firstly, the Netlogo codes were relatively easier to comprehend. Every

programming language has its own syntax, pros, and cons, but given the study design

14Free license for academic use
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Table 2.1 List of ABM Software (partly adapted from Zheng et al. (2013))

Name Scalability Programming License

AnyLogic Large Java Commercial/free(academic)
GAMA Large Java Free
MASON Large Java Free
NetLogo Intermediate NetLogo Free
RePast Large Java/C++ Free

and the learning curve, NetLogo was much convenient because agents are created

through relatively well- structured syntax and provides a 'point and click' parameter

settings in the interface. MASON, on the other hand, is faster and scalable but is

more complicated to create both the agentset and GUI (Gilbert, 2008). Secondly, a

vast majority of agent-based modellers are using NetLogo as their main software. This

means that most of the queries can get answered through forums (e.g. comses.net,

StackOver�ow), journal articles, and example models. In fact, this study was inspired

by a library model "Urban Suite - Air Pollution" (Felsen and Wilensky, 2007). Finally,

although the speed of execution is slower than other software, R and Python developers

have created useful packages to overcome the slowness by calling NetLogo in headless

mode. R has RNetLogo (Thiele et al., 2014) and nlrx (Salecker et al., 2019), while

Python has PyNetLogo (Jaxa-Rozen and Kwakkel, 2018). These packages can also

take advantage of the automation process from parameter testing, data pre-processing

and analytics, and visualisation using a few lines of codes; and the greatest bene�t is

that the users can launch the whole process on the cloud computing service, such as

HPC (High-Performance Computing) or AWS (Amazon Web Services), for the sake of

quicker execution and without exhausting a personal machine.

Indeed, embedded ABMs such as MESA in Python (Masad and Kazil, 2015) and

R(Bauduin et al., 2019) might have been considered, but these packages were excluded

for a couple of reasons. One was because the package arguments were appropriate to

cover a list of basic examples, such as the wolf and sheep predator model (Wilensky

and Reisman, 2006), but not able to simulate networks and GIS-based arguments that

were crucial in Chapter 5. Although these packages may develop further in the future,

they were still underdeveloped when the PhD project started.

Hereafter, the following sections may include some NetLogo arguments as an

example to help the explanation.
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2.5.3 Opportunities and Challenges in ABM

Opportunities

ABM has been spotlighted as a novel method in computational social science (CSS).

The primary strength of ABM is the consideration of individual interactions and

feedback loops over time and space (Auchincloss and Diez Roux, 2008; Gilbert, 2008;

Koch and Carson, 2012; Smith, 2012).

Compared to deterministic methods, ABM enables heterogeneous agents moving and

interacting across di�erent locations without the need to aggregate up to population

level, and to allow learning behaviour so that the structure of the feedback loops

themselves can change over time. The dynamics of integrating agents and space

have become signi�cant in urban modelling, not only because it combines agents and

space in a multi-scalar frame, but also it takes into account di�erent representation of

the landscape's heterogeneity (e.g. roads, junctions, parks, hills) during the agent's

movement over time (Stanilov, 2012).

Second, the richness of the spatial and temporal resolution of ABM allows models

to be made at many di�erent scales (Wilensky and Rand, 2015). When a modeller

designs an ABM from the beginning, s/he will initially simulate a proof-of-concept

(or a demo) model that contains a small population in a small area. If modelling a

sample of a population is valid, then this can be scaled to represent a larger population,

although this is a complex task and depends on the model and the phenomena being

explored.

Third, ABM can be used as a testbed to test hypotheses and to apply scenarios

for future decisions, in other words, �What if. . . � scenarios (Stanilov, 2012). The

models are not used as tools to predict what will happen but rather used to explain the

behaviour of the system (Epstein, 2008; Stanilov, 2012). Scenarios include predictions

of the stock market (Farmer and Foley, 2009) or health care policy (Gurram et al.,

2019).

Finally, ABM can incorporate many di�erent kinds of rule types and allows one to

mix di�erent types of calculations, making it a �exible tool able to represent multiple

kinds of phenomena (An, 2012; Gilbert, 2008).

Challenges
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Despite the opportunities, several challenges also exist that one should be aware of.

First and most importantly, ABM is computationally expensive. The �price� can be

broken down into three parts:

1. The di�culty of construction: ABM requires an individual settings (agent)

and environmental settings (patches, though not necessarily), each with their

unique attributes and behavioural rules (Crooks et al., 2018). This takes some

time to pre-process the data and to call the dataset from the adequate package

libraries (or extensions in NetLogo). For example, for the hourly PM10 from

the monitoring stations one needs to �rst verify the proportion of missing data,

�ll in the missing parts after choosing a suitable imputation method, and then

�nd ways to interpolate the data from the stations. Constructing individual

behaviours is more complicated as decisions can vary by the heterogeneity of

agents' characteristics, e.g. demographic features or mode of transport.

2. The computational power required for model implementation: The execution

speed depends strongly on the computational power used as well as on the

e�ciency of the implementation. This statement can be controversial because

the execution speed depends on the simulation environment, where more detailed

results require more computational power (Wilensky and Rand, 2015). However, if

the slowness of the model run is due to ine�cient coding � for example, primitives

of with , max-n-of , and in-radius in NetLogo � this can be solved, but if this

is not the case, then it can vary by computer con�gurations and sometimes by

the operating system15 (Railsback et al., 2017).

3. Memory storage to post-analyse results: una�ordable memory is a challenge

if many parameters are tested over many iterations16. Although the NetLogo

helpdesk does not mention any �xed limit size, it has, by default, an upper

limit of 1GB memory for storage with a 64-bit JVM (Java virtual machine)

execution (Wilensky, 1999). Also, this thesis veri�ed that NetLogo technically

cannot create over 999 x 999 patches in the model; therefore, it is required to

reduce either the spatial resolution or the spatial extent. In cases where a model

consumes rapidly more RAM as it runs, then the modeller has to decide whether

to simplify the model structure or to frequently export the �le to the disk rather

15The author tested that with the same condition Windows was the quickest among Windows,
MacOS, and Ubuntu (Linux)

16Behaviourspace in NetLogo
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than keeping it. Otherwise, the system will run out of available memory and

crash. High-Performance Computing (HPC) might solve the memory issue to

some extent, but in this case, all post-analyses need to be operated through the

RAM of the cloud, which is very time-consuming, i.e. waiting in the queue to

interactively use remote HPC resources. Possible alternatives are to lighten the

data by slicing �les into several parts or save it to a �le extension that compresses

the data, e.g. feather17 .

Another drawback can be the computational e�ort for testing `free parameters' that

are neglected in equation-based models (EBM). The term `free' means the values are

determined by the modeller (Wilensky and Rand, 2015). Compared to EBMs, ABM

typically has extra parameters to take control of the model and calibrating multiple

parameters with real-world data is time-consuming. As mentioned, stochastic e�ects

between parameters can happen at every model run, and it gets more problematic

when the model has too many parameters to handle or the model testing gets very

computationally intensive. Thus, each parameter to be tested may need multiple

models runs to deal with the e�ects of stochastic variability.

Furthermore, ABM, as with all social system models, su�ers to validate ground

truth data even if there is enough data. ABM can be aggregated to match census tract

data and then calibrated; however, one may need more data as a result. But in any

case, even if individual data were available, the model would not match it because of

errors and stochastic variability. Thus, the ABM's approximation would only be one

way to calibrate the model.

2.5.4 ABM Studies in Relation to Air Pollution Exposure

ABM has been used in environmental public health research since the early 2000s

(Auchincloss and Diez Roux, 2008; Holland, 2003). Both studies mentioned here agreed

with the signi�cance of individual interaction models when discussing place e�ects

on health. Auchincloss and Diez Roux (2008) realised that traditional regression

approaches can only discover the association between independent and dependent

variables but overlook the processes of dynamic interactions between heterogeneous

individuals. The dynamic features of ABM, therefore, have been applied to both

17Feather is a fast, lightweight, language agnostic and easy-to-use binary �le format for storing data
frames
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communicable or non-communicable diseases in which individual behaviour can cause a

population-level change (Galea et al., 2010). With ABM, however, simple but random

elements might be applied to individual actions, allowing one to ascertain measures of

uncertainty.

In general, ABM research has been conducted in tra�c simulation and emission

studies using MATSim18 (Hülsmann et al., 2014, 2011) or SUMO19 (Lemos and Pasin,

2016), or path�nding algorithms to better suggest transport routing in large cities

(Crooks et al., 2019; Manley and Cheng, 2018; Manley et al., 2015a,b). However,

only a few have combined the two topics. David and Don (2012) developed an urban

pollution model (EPICast-API) that built a hybrid model of ABM, an air dispersion

model (TAPM), and a dose-response model20 to estimate possibilities of mortality

and morbidity in the greater metropolitan area of Sydney. In more detail, the model

generated human movement and estimated its pollutant dosage by their time of

exposure. The authors validated the result of respiratory hospital admissions and

emergency room visits. As far as this project is aware, this was the �rst approach

using ABM that used a synthetic population rather than that of sampled to investigate

pollution vulnerability. However, exploring the relationship between mortality statistics

at a coarse grid scale (1.5km2), and only for a single year may miss the e�ects of spatial

variability and cumulative exposure. In addition, the model did not break down their

results by social class.

Another hybrid model was published by Gurram et al. (2019), where the authors

evaluated the unequal exposure to NO2 in the population of Tampa, Florida using

high-resolution data. The model integrated: 1) an activity-based travel demand model

for the population to schedule the timelines in a day (DaySim, individual-scale), 2) a

microscopic tra�c assignment model that can simulate thousands of cars at a city-wide

domain (MATSim, individual-scale), 3) a mobile source emission model to generate

NOx from the tailpipes (MOVES, road-scale), and 4) a pollution dispersion model to

disperse NOx when the pollutants are released from the vehicle (R-LINE, road-scale).

The integrated model gave great insights that the models, which have di�erent scales

18Multi Agent Transport Simulation
19Simulation of Urban MObility
20Dose-response model is a statistical approach to measure personal health associated with pollution

exposure levels. Dose is de�ned as an amount of agent ��a chemical, biological or physical entity that
contacts a target�� that enters a target ��any physical biological or ecological object exposed to an
agent�� in a speci�c time duration after crossing the absorption barrier, and response is a biological
response to an agent: di�erent function, morbidity, or mortality (Ott et al., 2006)
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and are already complex on their own, brought together to assess individual exposures

according to their time-activity patterns. However, this model overestimates the results

by associating the likelihood of health risks with lower income, non-whites, a deprived

neighbourhood in Tampa city, having only executed the model for a single day. Even

if short-term e�ects of NOx can trigger immediate harm to the human system, it

will be very unlikely that people living in a deprived neighbourhood or who are not

well-o� would be regarded as more at risk without knowing their underlying disease

histories. Another limitation is that the study only chose passenger cars according to

its connection with other models, but in the real world, long-distance commuters and

logistics can contribute more pollution load to the atmosphere.

Most recently, researchers King's College London and other researchers around

the UK have initiated an Air Pollution Exposure model (APEx) to suggest ways of

protecting the most vulnerable groups from air pollution . The proposed model will

take into account the urban models of air pollution, buildings and urban form, and

create an agent-based model to simulate the human behaviour of a sampled population.

To date, no papers have been published yet, but considering that they already have

a solid urban air pollution model - the London Hybrid Exposure Model (LHEM) �

up and running (Smith et al., 2016), the only remaining job might be to examine

the movement patterns of agents, particularly the vulnerable populations they are

targeting, and apply current or augmented air policy scenarios to envisage possible

improvements of health outcomes.

2.5.5 Summary of the Section

In summary, in the agent-based modelling section, most of the grounds were devoted

to exploring concepts and important features of ABM. One reason was to simply

understand the fundamental knowledge of complexity theory and seek studies that

are relevant to this project. The other reason was to observe the possibilities of

modelling health vulnerability and exposure with a synthetic population by tracking

agent trajectories in a heterogeneous space. While spatial interpolation and dispersion

methods have worked closely with air pollution and health, relatively fewer research

studies have been done using agent-based modelling. This might be because quantifying

a health response to pollution exposure requires a lot of assumptions and conditions,

and more risks in long-term modelling might assume more uncertainty in terms of

how to parameterise a person's ageing and the structural dynamics of urban growth.
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Despite a few reviews, both studies have selected their study environments in an urban

context (i.e. Sydney and Tampa), however, the spatial and temporal scales were very

di�erent.

The Sydney model investigated the mortality and morbidity of the population based

on an agent-based simulation and a pollution dispersion model (TAPM). However,

there were some gaps in oversimplifying the results derived from a coarse resolution

(1km2), and only estimating risks of a synthetic population, neglecting the degree of

di�erence in social class as well as their trajectories.

The Tampa model was established to assess the near-realistic exposure to NO2,

by combining an activity model for the whole population of Tampa, a microscopic

transport model that transported individual Tampa citizens, an emission model that

generated NOx, and a dispersion model that dispersed NOx to the closer atmosphere.

Despite the integration which allowed the study to estimate individual exposure with

more accuracy, the simulation period was too short to evaluate whether exposure

levels are likely to be unequal between di�erent social groups. A new air pollution

exposure (APEx) simulation for London is currently under development. The project is

promising not only because it has a high-resolution air pollution model completed, but

also because they have unique personal exposure measurements gathered from several

research campaigns which can be used for calibration. This will all come together in a

large-scale ABM that will show how people are exposed to air pollution according to

their patterns and use scenarios to help mitigate health risk by the augmented clean

air policy.

2.6 Chapter Summary

ˆ The study has looked though di�erent types of pollutants that can harm human

health.

ˆ This study chose PM10 and NO2 for the empirical chapters.

ˆ This study contextualised the association between pollution, exposure, and health

risk, and how sensitivity and adaptation can change the patterns of exposure.

ˆ Exposure studies are categorised into population exposure and individual ex-

posure. And this normally is tied with the method used. This study reviewed

spatial interpolation and dispersion models, and criticised that using a static
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population does not fully account for the temporal variability that individuals

might experience; using spatially poor station levels too does not consider the

small-scale variability that can happen in the real world.

ˆ OD matrices have �lled the gaps of activity patterns to some extent but have

not been able to consider the routes to which the individuals take every day.

Mobile phone data cannot trace individual data due to privacy issues, and the

representation of users strongly depends on the mobile company within the

country. Low-cost sensors and GPS signals have shown minute based trajectories

and pollution levels at human height; however, these have shortness of battery

problems and a number of participants to test di�erent routes.

ˆ ABMs can be an alternative to the above methods as they can evaluate population

exposure for all heterogeneous agents, conduct short or long-term simulation

studies that can take up to a decade, assign cognitive decisions for an individual's

path�nding, and experiment with scenarios that might happen in the future.

However, this too is a model that takes into account many assumptions, and

constructing an ABM taking into account all the individual attributes takes a

long time until completion (approximately two years). With huge output �les, it

might also need to be subsetted and restructured to produce the results with the

computer memory secured.

ˆ Published studies of Sydney have introduced a pollution dispersion model and a

dose-response model to estimate the health risk of air pollution. Using a static

population and a coarse resolution oversimpli�ed the result. A more recent study

in Tampa used a microscopic simulation method that considered tra�c, pollution

and population activity to assess the uneven distribution of NO2 exposure across

the city. However, the execution period was too short (one day) to determine

the e�ect of socioeconomic factors.





Chapter 3

A Comparison of Spatial

Interpolation Methods for the

Estimation of Seoul's Air Pollution:

A Support Tool for Population

Exposure Modelling

Chapter Overview

Understanding the association between pollution exposure and the deleterious e�ect

on population health is a vital precursor for modelling. Chapter 3 takes a step forward

from the previous chapter, by exploring the spatial and temporal aspects of air pollution

by employing geostatistical methods. This chapter initially argues that the comparison

amongst methods should not merely conclude with error measurements but should add

more information to the di�erence; secondly, it argues that a �ner temporal scale is

needed in pollution studies due to human mobility and daily and seasonal dynamics of

pollution; and thirdly, compared to dispersion models, spatial interpolation methods

in air pollution still have a great advantage that is faster, open, and free to use. This

chapter aims to compare spatial interpolation methods that can support population

exposure to daily air pollution. Seoul was selected as a case study.
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This chapter �rstly explores the pollution data in di�erent time sequences and types

of monitoring stations. Then it compares two spatial interpolation methods, Universal

Kriging, and GAM (Generalised Additive Model), with additional weights on road

layers as an e�ect of roadside pollution �elds. After the calibration and validation, this

chapter �nally discusses issues relevant to interpolation methods and health e�ects.

As a result, a remarkable contrast was found between roadside and background

areas of NO2 on a daily basis: this allowed the enhanced levels of NO2 on roads to be

mapped. PM10 had a small variance in daily cycles but had greater seasonal oscillation.

This means that the population may be exposed to high levels of PM10 in particular

seasons regardless of location while that of NO2 might be more variable. Neither of

the interpolation methods was noticeably superior to the other, but the sparse station

data meant that only very smoothed large-scale �elds could be recovered, which did

not accurately represent the extremes observed at individual stations.

Keywords : Seoul, Spatial Interpolation, Kriging, generalised additive model (GAM),

Road-weighting, road non-road ratio

3.1 Background

Population health has been seriously threatened by daily ambient air pollution in

South Korea. Despite the e�orts to legislate national pollution standards, daily peaks

in recent winters and springs have already exceeded the standards countless times.

During 5th-8th March 2019, the entire country experienced over 200µg/m 3 of PM10 and

smog episodes; the national authorities warned everyone to reduce outdoor activities.

As most of Seoul's areas tend to experience disastrous levels of pollution frequently,

residents can be exposed to air pollution unconsciously, which in the long-term can

lead to respiratory or cardiovascular ailments (Zhang and Batterman, 2013). Thus,

understanding the spatial and temporal aspects of air pollution and its relationship

with exposure is crucial.

Exposure research has exploited spatial interpolation (SI) to investigate the rela-

tionship between ambient air pollution and population exposure in a spatial context �

"which places have high air pollution?" and "how many people can potentially become

unwell from high episodes?". SI is a statistical method that can compute pollution �elds

over a wide area with a given set of point measurements. SI can mainly be split into
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a group that follows the assumption of spatial autocorrelation (e.g. Inverse Distance

Weighted (IDW), Kriging), and a group on statistical inference e.g. generalised linear

models and generalised additive models (Wood, 2019). Methods that take spatial

autocorrelation into account assume that the values tend to be more similar when

closer together, whereas methods that use (spatial) statistical inference delineate the

inferential surfaces over a region by minimising the residuals of the model.

However, when air pollution monitoring stations such as those in Seoul are small in

number compared to the size of the city, the estimation of the potential population at risk

due to air pollution can be completely di�erent depending on the measurement method

used (Wu et al., 2019). Wong et al. (2004) used four spatial interpolation methods

� spatial averaging, nearest neighbour, IDW, and Kriging - to estimate children's

exposure to air pollution across the USA. The outcomes of the four methods only

showed a small di�erence of PM10 and O3 where the monitoring stations were denser,

for example in the northeastern cities and urban California, but was di�cult to predict

in the mountainous regions and high-altitude zones. Aalto et al. (2013) compared a

Generalised Additive Model (GAM) and an Ordinary Kriging (OK) to predict monthly

mean temperature and precipitation and found that the GAM outperformed other

methods by a small amount but the biased distribution of stations ("concentrated in

the urban areas" of Finland) might have evened out the RMSE measures.

In addition, previous studies have provided tentative estimates of population risk

based on annual or monthly statistics, but the aggregated �gure lacks the potential

for including acute injuries after an abrupt pollution rise, which may be more severe.

However, there is likely to be a greater di�erence when the population at risk is

measured at a �ner temporal scale. This might support guidelines for surveillance of

short-term exposure.

This chapter aims to compare spatial interpolation methods that can support

estimating population exposure to daily air pollution in Seoul. This study compared

Universal kriging (UK), Generalised additive model (GAM), UK with additional road

e�ect, and GAM with additional road e�ect to model PM 10, and NO2 in Seoul as an

intermediate phase of pollution modelling. Compared to previous studies, this chapter

generates outcomes on a 12-hour basis to understand the daily cycle of the pollution

over the city and superimposes road e�ects to take into account small scale variables

that might be neglected in the typical spatial interpolation outcomes.
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3.2 Spatial Interpolation for Pollution Review: A

Selection of GAM and Kriging

In pollution and related studies, there have been some comparisons of SI methods

(Wong et al., 2004; Zhang and Shen, 2015). Wong et al. (2004) used IDW (Inverse

Distance Weighting), Kriging, and Nearest Neighbour methods to predict O3 and PM10

in the US where the monitoring stations are unequally distributed. They discovered

that the predicted areas, which seldom had stations nearby, had similar values from

di�erent methods, and the landscape of California - �at and static landcover, with

numerous monitoring stations - was ideally the best state to conduct this study. This

study used leave-one-out cross-validations (LOOCV) to estimate the accuracy between

the model and the observations with R2, but noted it was di�cult to get reasonable

evidence of spatial autocorrelation for the entire country as the spatial continuity of

the semivariogram that appeared well in the northeastern and southwestern regions

that the others due to the spatial variability of station installations. Zhang and Shen

(2015) compared IDW, Ordinary Kriging, and Trend Surfaces to predict PM2.5 in Xian,

China, using 13 monitoring sites. The accuracy was compared by using Mean Error

(ME), Mean Absolute Error (MAE), Mean Relative Error (MRE), Root Mean Square

Error (RMSE) and the System Error (SE). According to the indices, IDW was the

most accurate tool. Deligiorgi and Philippopoulos (2011) used IDW, Kriging, Nearest

Neighbour, and Arti�cial Neural Network (ANN) to predict NO 2 and O3 in Athens,

Greece. The accuracy was cross-validated with the leave-one-out method, resulting in

MAE and MAPE (mean absolute percentage error) values. The study revealed that

ANN outperformed the other methods both on NO2 and O3, but other methods were

more accurate at some stations.

To the author's knowledge, there have so far only been a few publications that

compared Kriging and GAM (Aalto et al., 2013; Parmentier et al., 2014). Aalto et al.

(2013) imported precipitation and temperature data from stations over Finland for

response variables, while elevation, sea percentage, and lake percentage were used to

support spatial variability in the model. The study used RMSE and MAD (Mean

Absolute Di�erence) to evaluate the results. GAM was revealed to be the best overall

method for predicting the monthly mean with only a very small di�erence, but a wide

variation was observed through seasons. For precipitation prediction, Kriging with

external drift (KED) and residual Kriging (GK) performed better. Parmentier et al.
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(2014) compared GAM with UK, and geographically weighted regression (GWR) to

predict 1 year of monthly mean temperatures in 2010. This study also concluded that

GAM outperformed the other methods but the di�erence was small, mainly because

the 1km spatial resolution was too large to predict the spatial variability at small

scales.

Apart from Wong et al. (2004), all of the studies used statistical measures to

evaluate the accuracy. However, it is di�cult to determine an appropriate method (no

methodology is superior over others) since the results vary by spatial extent or data

density. In other words, the predictions can vary by the number of stations and their

evenness of locations, or some methods can work better in one situation but worse

in another compared to other methods. This study also argues that cross-validation

statistics (e.g. RMSE) should be reconsidered when applying spatial interpolation.

This is because the model accuracy is dependent on the model setup or the backbone

formula � such as variograms, even if the predicted outcome is similar. This will be

discussed in the Discussion and Conclusion section.

In this respect, using spatial interpolation for urban air pollution is very challenging

as the concentration will not only di�er by the time of day but also in the areas which

people visit. However, given that many cities still have a limited number of monitoring

stations - also sparsely distributed - and that recent research still uses this approach,

it is worth examining the pros and cons in pollution studies. This will be summarised

in the method section.

3.3 Methodology

This chapter comprises three stages to achieve the research goal. The �rst stage

is to tidy and explore a time-series of pollution around Seoul. The cleaning job

from this stage links to the next stage of comparing interpolation methods. This

study employs Universal Kriging (UK) and GAM (Generalised Additive Model) to

draw estimated maps of PM10 and NO2 in Seoul. In R 4.0.2 , data cleaning and

exploration were implemented using thetidyverse meta-package (Wickham, 2019),

Kriging interpolation with gstat (Pebesma, 2019), and GAM interpolation withmgcv

(Wood, 2017).
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3.3.1 Data Collection

Pollution

This chapter explores the spatial and temporal patterns of pollution in Seoul as well as

the extent to which background and roadside stations are similar or di�erent. The NIER

(National Institute of Environmental Research) provided 6 pollutants, PM10, PM2.5,

NO2, CO, SO2, O3, which were released as an hourly aggregation. This study selected

PM10 as the main source that can causally result in human cancer and NO2 as the

main source that harms respiratory symptoms, whether constantly or instantaneously

(Europe, 2013).

Pollution data were collected from two di�erent types of stations: background

stations (installed on the rooftops of district o�ces), and roadside stations (close to

the major roads which are strongly a�ected by nearby tra�c). This study took into

account 57 urban background stations and 19 roadside stations that were within 10km

from the city boundary (see Figure 3.1). Amongst these 76 stations, Seoul itself had

25 background stations and 15 roadside stations. Roadside data were retrieved from

the 19 stations installed on the roads near the city centre, 8-lane junctions, and a

highway entrance. The possible download period was between 01/01/2010 01:00 and

01/01/2018 00:00. Units are measured in ppb (parts per billion) for NO2, and µg/m 3

for PM10.

Road Layout

Road layout was provided by the Korean Transport Database (KTDB). Seoul had

59,319 road segments in total, and the attributes of each segment included node ID,

link ID, number of lanes, maximum speed, tra�c light density, and road ranks. In

Table 3.1, Road segments were grouped by their road ranks as a level to distinguish

di�erent pollution loading. Rural and county roads 105, 106, and 107 were excluded

due to a small fraction existing in Seoul. The roads were regrouped as general roads

(103, 104), and highways (101, 102, 108) to distinguish the pollution loads by two road

types.
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Fig. 3.1 57 Background pollution stations that are considered for spatial interpolation
(boundary area: Seoul)

Table 3.1 Road hierarchies and groups

Rank Name Group

101 Highway Highway
102 Urban highway Highway
103 National road General
104 Metropolitan road General
105 Rural road, government-supported -
106 Rural road -
107 County road -
108 Highway ramp General
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Table 3.2 Summary statistics of NO2 and PM10 from 57 Seoul background stations

Type Season Mean Min Max

Mean NO2

Spring 34.6 16.9 64.2
Summer 25.4 9 52
Autumn 31.5 10.7 60.2
Winter 37.5 13.6 67.3

Mean PM10

Spring 62.1 28.2 181.7
Summer 39.4 15.2 126.8
Autumn 40.8 16.9 199.6
Winter 56.2 21.3 161.7

Max NO2

Spring 124.8 79 274
Summer 122.4 53.6 255
Autumn 118.5 69 340
Winter 122.1 70 240

Max PM10

Spring 235.1 105 1160
Summer 146.6 63.7 334
Autumn 172.4 80 1613
Winter 205.4 62 1086

3.3.2 Data Exploration

This section examines the spatial patterns and associated temporal patterns of NO2 and

PM10 between 2010 and 2017. Using the raw data of hourly pollution from the Seoul

Institute, the initial analysis is to explore the temporal time series of pollutants from

76 di�erent pollution stations across Seoul (57 background stations, 19 roadside/urban-

highway stations). The same data were used to compare background and roadside

concentrations.

Weekly averaged data were used for the temporal graph of pollution by years to

understand the overall seasonal and interannual variability of pollutants and partly to

remove outliers. The following exercise used a boxplot of weekly means by 24-hour

bins to identify the daily variation of pollutants.

Exploring Daily Air Pollution in Seoul Stations: Time-series Analysis

Figure 3.2 shows a time series of NO2 and PM10 across 57 background stations around

Seoul from 2010 to 2017. Each point in Figure 3.2(a) represents a weekly average while
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Figure 3.2(b) represents a weekly maximum value. The weekly average was used to

present outcomes with a less cluttered view but this study is aware that the extreme is

smoothed out. Each graph indicates a temporal oscillation by season, but the peak

seasons di�er by pollutants. Seasonal averages are presented in Table 3.2.

Overall, both pollutants seemed to have indicated a downward trend over time

(see Figure 3.2). Although the pollution charts have di�erent y-axes some points of

comparison can be made NO2 showed a wide range in daily oscillations from tra�c

or other combustion processes while PM10 tended to be similar between weeks but

showed a wider range between seasons (17-200µg/m 3). The maximum NO2 depicted a

mean close to 100ppb which is 50% higher than the nation's daily standard of 60ppb.

The maximum PM10 maintained a mean of around 180µg/m 3 throughout the whole

period and often skyrocketed over 1,000µg/m 3. Thus, the time series of NO2 can be

summarised as frequent oscillations between days (according to Figure 3.4) and seasons

and PM10 as seasonally oscillating but with occasional very high episodes.

Throughout the whole period, summer was distinctively low for both pollutants,

where the average NO2 was at 25.4ppb and PM10 at 39.4µg/m 3. These were around

12ppb and 23µg/m 3 lower than the highest season. As with the results from Figure 3.2,

the highest mean NO2 for all seasons except winter managed to fall under the daily

standard, but the mean in the maximum NO2 were twice as high as the standard. The

highest PM10 of the mean values was all over 100µg/m 3 and 3-4 times higher than each

seasonal average. The average3 maximum of PM10 in spring was 235.1µg/m 3 which

was almost twice as high as summer. Peaks from both pollutants tended to appear

during the transition period of autumn-winter and winter-spring when the air mass

gets drier and transnational air pollution from the continent arrives in Korea.

To understand the daily cycles of pollution, the dataset was illustrated as a boxplot

(see Figure 3.4). Overall, PM10 (51.77µg/m 3) remained near the annual average where

small rises were monitored during 09h-14h but the values were maintained during the

rest of the day. Unlike the mean time series, the maximum PM10 signi�cantly exceeds

national standards regardless of the time of the day. This implies that despite the lesser

daily variability shown for PM 10, several occurrences of pollution episodes can cause

peaks that surge up to 1,500µg/m 3. On the other hand, NO2 had two peaks during

07-10h and 22-24h. The initial rise was most likely due to the tra�c in rush hours.

The second rise was discovered between 22-02h, although another long rush hour took

place between 18-20h, perhaps because the residual layers of substances such as ozone
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Fig. 3.2 Time series of NO2(ppb) and PM10(µg/m 3) from 57 Seoul background stations
between 2010 and 2017 by weekly (a) mean and (b) maximum concentrations

Fig. 3.3 Averages of NO2 and PM10 from Figure 3.2 converted to histograms
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remained at nighttime and the chemical decay in the absence of sunlight might have

caused additional oxidation to NOx, whereas reduction in NOx due to photochemistry

would be active during the day (Kim et al., 2016). From the daily plots, the occurrence

of high values of NO2 did not vary much by seasons but varied in hours of the day.

Comparison between the background and roadside stations

During 2010 to 2017, the annual average for roadside stations was seemingly higher

than that of background stations in NO2 and was higher for PM10 (see Figure 3.5(a)).

For NO2, the declining trend was observed in all seasons, however, winter had the

smallest di�erence between road and background emissions that were at 38ppb and

55ppb. Although summer had the lowest background emissions at 24ppb, the roadside

average was 42ppb. However, the maximum values of the background stations showed

a considerably high concentration at roughly 113ppb, 100ppb, 104ppb, and 112ppb in

spring, summer, autumn, and winter with the highest at 163ppb, 143ppb, 143ppb, and

163ppb respectively (see Figure 3.5(b)). By contrast, the road concentration was at

least 20ppb higher than the background, at 135ppb, 144ppb, 132ppb, and 131ppb in

order of season, but peaked at 274ppb, 255ppb, 340ppb and 240ppb respectively.

The di�erences between background and roadside stations in NO2 is likely to be

contributed to by tra�c emissions which normally dilutes with the photochemical

reaction of ozone within a few hours (Oanh, 2012); however, the distribution of the

maximum values implies that people whose metabolisms are vulnerable to sudden air

pollution rises may su�er from a deterioration of their health from only short-term

exposure.

By contrast, PM10 showed less di�erence between road and background and seasons

(see Figure 3.5(a)). The di�erence was less than 10µg/m 3 on average, which presumably

implies no di�erence in some places. PM10 in spring appeared higher than in the rest

of the regions which is speculated to be the transboundary air pollution consistently

blowing from the Eurasian continent (Shapiro, 2018). Figure 3.5(b) illustrates the

seasonal averages of the weekly maximums for each year, which were at 244µg/m 3,

151µg/m 3, 177µg/m 3, and 212µg/m 3 in spring, summer, autumn, and winter at back-

ground stations, while roadside stations had 226µg/m 3, 141µg/m 3, 166µg/m 3, and

198µg/m 3 in seasonal order.
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