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Abstract 
These days air pollution has become a critical environmental issue all over the world. Among 

all population groups, schoolchildren are a vulnerable cohort due to their immature defence 

mechanisms and relatively high inhalation rate. Early studies of schoolchildren and air 

pollution concentrated mainly on their exposure at home or at school. There is an urgent need 

to estimate schoolchildren’s exposure during their daily commutes from home to school that 

comprises the main exposure in their daily routine. However, this estimation is still challenging 

at population scales because of the difficulty in predicting the local variation of air pollutants 

and modelling students’ commute routes from home to school. Privacy concerns force the use 

of simulated home addresses that may introduce bias to the estimated dose/exposure. It remains 

unknown whether exposure injustice exists during walking commutes or not. This doctoral 

thesis aims to address these research gaps and concerns by developing an adaptable modelling 

methodology to quantify population-scale students’ dose of ambient NO2 (largely from vehicle 

emissions in Auckland) during their walking to school at different scales, and develop a piece 

of open-source software for automating land use regression (LUR) modelling and air pollution 

mapping. 

The results showed that the developed software PyLUR was efficient and versatile in LUR 

modelling and mapping, and could be used elsewhere so long as the required input data are 

available. The newly developed multi-scale LUR model (R2: 0.85) performed slightly better 

than the UK model (R2: 0.83) and the standard LUR model (R2: 0.80), and significantly better 

than the IDW interpolation (R2: 0.65) and the OK interpolation (R2: 0.69). No single predictor 

variable was common to all the scale models, and this revealed the varying importance of the 

same predictor variables at different scales. Of all the walking students studied, only 17.48% 

of them in the whole Auckland could find an alternative lowest-dose route. The portion was 

higher (26%) in central Auckland because of its better road network connectivity. For only 

about 30% of the students, a 1% increase in route length was associated with a > 1% reduction 

in dosage if using the alternative lowest-dose route. Greater benefits by walking the lowest-

dose routes were gained in suburban Auckland (a less-polluted area) than in central Auckland, 

which highlighted the importance of taking the alternative lowest-dose route, especially for 

those students whose shortest-distance routes overlapped with or ran parallel to an arterial road. 

The use of simulated home addresses underestimated route length and reduced dosage of the 

alternative routes by up to a quarter in comparison with the results derived from the observed 
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home addresses. Exposure inequality among the studied students existed at a minor level, but 

patterns of environmental justice (EJ) in central Auckland were opposite to those in suburban 

Auckland. This thesis quantified students’ dose of NO2 during walking commutes using rich 

observed data at population scales for the first time, and revealed the bias introduced to the 

modelled dose by using simulated home addresses. The findings of this doctoral thesis could 

provide policymakers with scientific evidence for air pollution prevention and choices for 

schoolchildren to minimize their daily commute exposure. 
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Chapter 1 Introduction 
 

1.1 Background  

With the urban expansion and urban population boom, environmental issues caused by human 

activities are becoming prominent gradually. In recent years, the air pollution problem arising 

from massive vehicle exhaust, industrial waste gases, and domestic heating has been one of the 

most concerning environmental issues in public media (Liao et al., 2015; Rohde and Muller, 

2015). It is reported by the World Health Organization (WHO) that around 91% of the global 

population is exposed to and affected by air pollution (Bontinck et al., 2020; Zou et al., 2020a; 

World Health Organization, 2018). Numerous studies have shown that both short-term acute 

and long-term chronic exposure to air pollution will dramatically increase an individual's odds 

of suffering from severe respiratory diseases such as lung cancer, bronchitis, pneumonia, 

asthma and coughing (Lim et al., 2015; Shah et al., 2015; Hamra et al., 2014; Hoek et al., 2013). 

Among all population cohorts, schoolchildren are a special cohort; they are more vulnerable to 

the adverse effects of air pollution than adults as they are constantly growing, and their defense 

mechanisms are still immature (Perera, 2017; Salvi, 2007). Besides conventional respiratory 

and cardiovascular health conditions, schoolchildren’s exposure to air pollution has also been 

found to be linked with mental and behavioral problems (Landrigan et al., 2019; Alvarez-

Pedrerol et al., 2017; Gruzieva et al., 2017; Forns et al., 2016). If we are to prevent air pollution 

and mitigate its adverse effects on schoolchildren, the first step is to determine schoolchildren’s 

exposure to air pollution in various microenvironments.  

The microenvironments most studied are home or school as schoolchildren spend most 

of their time in these places (Van Kempen et al., 2012; McConnell et al., 2010a; Ashmore and 

Dimitroulopoulou, 2009). In comparison, the commuting microenvironment between school 

and home has seldom been studied. Some more recent studies have demonstrated that the 

commuting microenvironment contributes a large portion of children’s diurnal exposure that 

could potentially endanger their health, even though they only spend a relatively small 

proportion of their daytime commuting (Paunescu et al., 2017; Rivas et al., 2016; Buonanno et 

al., 2011). It is especially significant in cities where most of air pollution is derived from vehicle 

emissions (Su et al., 2015; Health Effects Institute, 2010). Therefore, there is an urgent need to 

assess schoolchildren’s exposure to air pollution during their commuting at population scales, 
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especially at a time when they are encouraged to commute to school on foot to reap its health 

benefits. 

However, up to date, it is still challenging to estimate commuter exposure for 

schoolchildren at population scales because of two significant difficulties. First, ambient air 

pollutant concentrations along the commuting route are not easy to determine as it is variable 

spatially and temporally across the whole city; second, schoolchildren are constantly moving 

throughout the city during their commuting periods. Early studies (Mejía et al., 2011; Tang et 

al., 2010; Zou et al., 2009; Gordian and Choudhury, 2003; Yu et al., 2001; Frischer et al., 1999) 

in estimating individual’s exposure are usually underpinned by two theoretical hypotheses: (1) 

the individual’s ambient air pollutant concentration is assumed to be the same as the readings 

recorded at the nearest fixed monitoring station (FMS), and (2) the place of residence is 

assumed to be the individual’s location for the whole day. However, the assumption that air 

quality is homogenous within several kilometres around the FMS is not quite valid, and the use 

of the place of residence to represent an individual’s location is inadequate. Therefore, to better 

estimate schoolchildren’s exposure to air pollution, there is a need to model the citywide spatial 

distribution of air pollutants at a fine resolution, and typical movement of schoolchildren 

through space during their commuting periods. 

So far, the spatial distribution of air pollutants has been determined using air dispersion 

modelling, geo-statistical interpolation, and land use regression (LUR) modelling (Table 1.1). 

Air dispersion modelling simulates air pollutant concentrations by making good use of the 

underlying surface, meteorological, and pollutant source information based on the structure of 

the planetary boundary layer turbulence and scaling concepts (Fulk et al., 2016). This approach 

can provide a reasonable estimate of the ambient air quality by taking into consideration its 

complex spatial and temporal characteristics. However, this approach is inapplicable in most 

cases as its success depends on numerous inputs, many of which are difficult to obtain, and 

even if they are available, their quality can be highly variable. In comparison, geostatistical 

interpolation (e.g., ordinary kriging) is much less complicated and requires only air quality 

measurements as the input. The interpolation relies on the distance decay function to predict 

the value at an un-sampled point based on the nearby measurements. This approach is easily 

applicable and widely available in many commercial GIS software packages (e.g., ArcGIS 

10.5). However, the interpolation model uses only air pollutant concentration data directly 

without leveraging any other relevant factors that may influence the variation of the ambient 

air quality (Ma et al., 2019; Meng et al., 2015). Therefore, this approach could result in 
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inaccurate predictions and subsequent exposure misclassifications for air pollutants that vary 

substantially over small spatial distances in their concentrations, such as NO2. With the 

development in modeling techniques in recent years, LUR models have been applied widely to 

model the spatial distribution of air pollutants in the past two decades. They are considered as 

a promising alternative for estimating the ambient air quality (Li et al., 2020; Liu et al., 2019; 

Ma et al., 2019; Masiol et al., 2019; Xu et al., 2019). In a LUR model, the ambient pollutant 

concentrations at un-sampled points of interest are estimated using a regression function 

formed by a variety of predictor variables generated by ‘near’ and ‘buffer’ analyses in a 

Geographic Information System (GIS) within a given location or area (Briggs et al., 1997). 

Pieces of evidence gathered so far have demonstrated that LUR modeling can yield a robust 

estimate of the ambient air quality comparable to that derived from air dispersion modeling, 

but requires far fewer inputs (Lee et al., 2017; Hoek et al., 2008).  

 

Table 1.1: Comparisons among air dispersion, geostatistical interpolation, and LUR models 

Model/Method Air dispersion Geo-statistical 
interpolation 

Land use regression 
(LUR) 

Mechanism Structure of the planetary 
boundary layer turbulence 
and scaling concepts. 

Estimation of values at un-
sampled locations based on 
the nearby values. 

Multiple linear regression of 
measurements against 
predictor variables derived 
from GIS input data. 

Datasets input Air quality measurements; 
Stationary emission data; 
Mobile emission data; 
Basic information for each 
emission; 
Meteorological data;  
Atmospheric turbulence 

Air quality measurements 
only 

Air quality measurements; 
Relevant GIS data (land use, 
road network, population, 
topography); transport 
facilities; traffic volume data 

Strengths Accurate  air pollutant 
concentration predictions 
both in space and time 

Simple and easy to run Relatively easy to implement; 
Required fewer inputs; 
Inputs are easily available; 
Comparable to air dispersion 
models in accuracy 

Limitations Hard to carry out in large 
study areas; 
High cost and diverse data 
required, but hard to obtain 

Controversial output and 
exposure misclassification 

Limited transferability; 
Source-specific components 
impossible to model 
separately (e.g., from a point 
source or vehicle emissions) 
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However, the standard LUR model is limited in that one universal model is established 

for the whole city or study area. In reality, a large city may encompass several districts, each 

with its distinctive urban landscape and land use. They may also differ dramatically in their 

urban designs and transport configurations, all of which have an impact on the spatial 

distribution of air pollutants. Thus, the traditional one-scale-fits-all LUR model has a limited 

ability to simulate simultaneously regional, local- and micro-scale variations of air pollutants 

due to the dominance of different drivers controlling their emissions and dispersion at various 

scales in different parts of the city (Miskell et al., 2018; Hoek et al., 2008). Therefore, there is 

a need to develop a multi-scale LUR modeling approach to better capture the spatial variations 

of air pollutant concentrations at different scales and compare the modeling accuracy with the 

standard modeling approach. 

In estimating population-scale schoolchildren’s exposure to air pollution during their 

walking from home to school, it is possible to simulate schoolchildren’s movements during 

their commuting periods with GIS network analysis. Most previous studies were all based on 

simulated origins and destinations (Elford and Adams, 2019; Mölter and Lindley, 2015; Davies 

and Whyatt, 2014). This is because the schoolchildren’s home address and school location are 

not publicly available due to privacy concerns. To some degree, the simulated walking 

commuters’ home locations could be completely different from their real distribution pattern 

and clustering characteristics. This difference could introduce uncertainties to the subsequent 

exposure assessment. 

After the amount of schoolchildren’s exposure to air pollution has been estimated, it is 

possible to explore its relation to other socioeconomic factors, a study commonly known as 

environmental justice (EJ) of air pollution exposure. This issue has been studied in New 

Zealand (Pearce et al., 2006; Pearce and Kingham, 2008), but not for the schoolchildren 

population cohort. Elsewhere a few EJ studies have been carried out to explore the association 

between schoolchildren’s exposure to traffic-related air pollution (TRAP) at school or home 

and their socioeconomic status. For instance, Burra et al. (2009) investigated the relationship 

between socioeconomic status and juvenile asthma patients triggered by exposure to air 

pollution. Jephcote and Chen (2012) studied the environmental injustices of children's exposure 

to air pollution from road transport in Leicester. Cakmak et al. (2016) investigated how 

socioeconomic status could influence the relationship between children’s respiratory illness 
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and exposure to TRAP. Pinault et al. (2016) explored the associations between socioeconomic 

status and NO2 exposure in three Canadian cities. Grineski and Collins (2018) studied exposure 

inequalities to air neurotoxicants at US public schools. These studies have found that 

schoolchildren from families of lower socioeconomic status are linked with a higher level of 

exposure, and therefore they face a higher risk of suffering from corresponding health 

problems. However, these studies are still limited in two areas. First, the study scale and 

sampling size of some studies are so limited that the results may not be able to be scaled up to 

the population level. Second, previous EJ studies largely concentrate on schoolchildren’s 

exposure at home or in school. Nobody has explored the relationship between socioeconomic 

status and schoolchildren’s exposure to TRAP during their commutes to/from school. 

1.2 Research Objectives and Goals 

To address the aforementioned research gaps and limitations, this doctoral thesis attempts to 

develop an adaptable modeling methodology to quantify population-scale schoolchildren’s 

dose of NO2 during their walking to school in a number of steps. The proposed methodology 

should also be scalable and applicable to other air pollutants. First, a site-optimised multi-scale 

LUR model is developed to simulate the spatial distribution of NO2 at different scales of 

Auckland. This modeling approach overcomes the limitation of the standard LUR model. NO2 

is selected for study, as it is a well-established indicator of TRAP, the primary source of air 

pollution in Auckland (Auckland Council, 2016; Ministry for the Environment, 2003). 

Schoolchildren are studied because the exposure during their school journeys is the primary 

occasion of their daily total TRAP exposure. Then, walking schoolchildren's population-scale 

movements are simulated to estimate the pollutant dose of NO2 as a function of ambient 

concentration, walking duration, and ventilation rate based on GIS network analysis. The 

‘Travelwise’ datasets containing population-scale schoolchildren’s home addresses, school 

locations, and travel modes collected by Auckland Transport are used to generate more realistic 

walking routes. Walking schoolchildren are the focus of this study because their routes to 

school are reasonably predictable. The pollutant dose is also easier to estimate without 

involving problematic assumptions about in-vehicle pollutant concentration. The influence of 

socioeconomic status on schoolchildren’s exposure is also explored. The specific objectives 

are:  

1. To develop a multi-scale LUR model for simulating the spatiotemporal distribution of 

NO2 in Auckland; 
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2. To examine the varying importance of a wide variety of predictor variables that affect 

the spatial distribution of air pollutants at different scales; 

3.  To develop a method for proper and accurate modeling of schoolchildren’s dose of 

exposure to NO2 during walking from home to school at the population scale; and  

4.  To evaluate the influences of socioeconomic status, route choice and urban design on 

schoolchildren’s (dose) exposure to air pollution and explore environmental injustice. 

The results and conclusions of this study could provide policymakers with scientific evidence 

for air pollution prevention and choices for schoolchildren to minimize their daily commute 

exposure. The accomplishment of the above objectives will help answer the following 

questions: 

• Can the developed LUR modeling software ‘PyLUR’ also be applied to other cities for 

air quality modelling and prediction if required input datasets are well prepared?  

• To what extent could the proposed site-optimised multi-scale LUR approach improve 

the modeling performance over the standard LUR model?  

• What kind of impact does socio-economic status exert on schoolchildren’s exposure? 

• Do urban designs exert a determining impact on schoolchildren’s exposure if they take 

different commuting routes (e.g., the shortest-distance route vs the lowest-dose route)? 

and 

• Are the exposure results generated using real schoolchildren’s home addresses 

consistent with those based on simulated home addresses?  

1.3 Thesis Structure   

This doctoral thesis consists of six chapters. Apart from the introduction (Chapter 1) and 

discussion and conclusions (Chapter 6), the four body chapters (2 to 5) are based on four 

published papers, respectively.  

Chapter 1 presents the rationale for this study and identifies the knowledge gap and 

limitations of previous studies about the assessment of schoolchildren’s exposure to air 

pollution. It also presents the research objectives and raises questions that will be answered by 

the findings of this thesis. This chapter also introduces the structure of this doctoral thesis as 

well as explains the logic and organization behind the four papers. 
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Chapter 2 is based on a published paper titled “Assessing schoolchildren’s exposure to 

air pollution during the daily commute - A systematic review”. The aim of this review paper is 

to synthesize and summarise recent studies about assessing schoolchildren’s exposure to 

various air pollutants, with the emphasis on the commuting periods. Although this paper serves 

chiefly as the chapter of literature review in this doctoral thesis, its scope has been broadened 

beyond the focus of the current doctoral study. The relevant research gaps, priorities, and 

challenges of schoolchildren’s exposure studies are identified and evaluated, while emerging 

tools and techniques that could be used in the future are also reviewed and assessed. 

Chapter 3 is based on a published paper titled “PyLUR: Efficient software for land use 

regression modeling the spatial distribution of air pollutants using GDAL/OGR library in 

Python”. It introduces a piece of self-developed LUR modeling and prediction software named 

‘PyLUR’ that could automate the complex workflow of LUR modeling, and then generate air 

pollutant concentration maps at a fine resolution efficiently and reliably. This chapter briefly 

overviews the methodology of LUR modeling first and then presents the structure and core 

modules of PyLUR. Lastly, the performance of the newly developed PyLUR is compared with 

RLUR (a piece of existing LUR modeling software) and assessed in terms of model accuracy, 

processing efficiency, and software stability using two test datasets. 

Chapter 4 is based on a published paper titled “A site-optimised multi-scale GIS based 

land use regression model for simulating local scale patterns in air pollution”. In this chapter, 

a site-optimised multi-scale GIS based LUR modelling approach is developed to overcome the 

limitation of the standard LUR model. This approach is then used to simulate nitrogen dioxide 

(NO2) concentrations in Auckland at three scales (central business district (CBD), urban, and 

suburban). The superiority of the newly developed multi-scale LUR model is evidenced by its 

superior performance over that of the standard LUR, ordinary kriging (OK), inverse distance 

weighting (IDW), and universal kriging (UK) modelling approaches using both internal and 

external validations.  

Chapter 5 is based on a published paper titled “Evaluating the Effect of Ambient 

Concentrations, Route Choices and Environmental (in)Justice on Students’ Dose of Ambient 

NO2 While Walking to School at Population Scales”. In this chapter, schoolchildren’s dose of 

NO2 during walking commute between home and school is estimated. Terrain-based dosage is 

estimated along the shortest-distance route and an alternative lowest-dose route using the 

rescaled Auckland NO2 LUR model in combination with GIS network analysis. The influences 
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of urban design, route choice, and socio-economic status on schoolchildren’s dose/exposure 

are also explored in this chapter. 

Jointly, Chapters 3-5 are intended to achieve the proposed objectives of developing a 

methodology to quantify population-scale schoolchildren’s dose of air pollutants (NO2) during 

their commuting from home to school. Chapter 6 – “Discussion and conclusions” discusses the 

issues that are not fully addressed in the thesis, summarises the findings of this study, assesses 

the limitations of the current work, and eventually proposes a plan for future research.  
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Chapter 2 Assessing schoolchildren's exposure to air 
pollution during the daily commute - A systematic 

review 
 
Xuying Ma, Ian Longley, Jay Gao, Jennifer Salmond. (2020). Assessing schoolchildren's 
exposure to air pollution during the daily commute-A systematic review. Science of the Total 
Environment, p.140389.  

 

2.1 Introduction 

Air pollution is an ever-growing issue occurring currently around the world, especially in 

developing countries (Wu et al., 2020; Ma et al., 2020; Zou et al., 2019; Brauer, 2016; Ma et 

al., 2016; Parrish et al., 2016). According to the World Health Organization (WHO), around 

91% of the global population is exposed to and affected by air pollution (Bontinck et al., 2020; 

Zou et al., 2020a; World Health Organization, 2018). Exposure to air pollution has been linked 

to numerous adverse health outcomes (Hoek et al., 2013; Shah et al., 2015; Hamra et al., 2014). 

Schoolchildren, a particular population cohort, are more vulnerable to the adverse effects of air 

pollution than adults as they are continually growing, and their defense mechanisms are still 

immature (Perera, 2017; Salvi, 2007). Besides common respiratory and cardiovascular health 

conditions, schoolchildren’s acute and chronic exposure to air pollution has also been found to 

be linked with mental and behavioral problems (Landrigan et al., 2019; Alvarez-Pedrerol et al., 

2017; Gruzieva et al., 2017; Forns et al., 2016). 

Studies about schoolchildren’s exposure to air pollution were carried out decades ago 

with numerous significant findings. Early epidemiologists explored the association between 

exposure to air pollution and adverse health outcomes by regressing air quality at home or 

school measured at nearby fixed monitoring stations (FMSs) against publically available 

children’s health data. Respiratory health conditions such as asthma and cough were found to 

be linked with a higher level of air pollution exposure (Gordian and Choudhury, 2003; Yu et 

al., 2001; Frischer et al., 1999). However, a significant limitation of these early studies is that 

individual exposure was estimated based on the pollutant concentration observed at the nearby 

FMS. This assumes that air quality is homogenous within several kilometers around the 

monitoring site and that the population does not move outside that region. With the 

development of novel observation technologies, low-cost sensors and portable devices enable 
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air quality data to be collected at a higher spatial resolution (Rai et al., 2017; Heimann et al., 

2015; Moltchanov et al., 2015). Personal monitoring using portable devices is considered to be 

the most direct approach to assess individual exposure (Steinle et al., 2015). Numerous studies 

have been carried out using portable devices with global positioning system (GPS) trackers to 

investigate schoolchildren’s exposure to air pollution in various microenvironments, including 

home, school, outdoor, recreation, and commute (Dashnyam et al. 2015; Ryan et al., 2015; 

Mazaheri et al., 2013). However, this personal monitoring approach has two main drawbacks: 

(1) the accuracy of measurements provided by these portable devices is still questionable 

(Languille et al., 2020; Dons et al., 2017); (2) it could only be applied to small-scale studies 

due to the cost and time required to undertake such fieldwork. More recently, environmental 

modeling techniques were developed to attempt to scale up individual exposure to population 

scales (de Bont et al., 2019; Guxens et al., 2018; Dons et al., 2014). Air quality modeling, such 

as air dispersion modeling and land use regression (LUR) modeling, enables air quality patterns 

to be determined at scales from local to citywide or beyond (Mejía et al., 2011; Zou et al., 

2009). 

Many studies concentrated on schoolchildren’s exposure at school or at home as they 

spend most of their time in these microenvironments (Van Kempen et al., 2012; McConnell et 

al., 2010a; Ashmore and Dimitroulopoulou, 2009). However, in recent years an ever-increasing 

number of researchers gradually realized the importance of the commuting microenvironment 

as a significant contributor to schoolchildren’s total daily exposure (Rivas et al., 2016; Jeong 

and Park, 2017; Both et al., 2013). According to Rivas et al. (2016), schoolchildren receive 

almost 20% of their total daily black carbon (BC) exposure in the commuting 

microenvironment (e.g., in the car, bus, metro, and on foot), even though they spend only 6% 

of their daytime on commuting to/from school. Daily exposure spikes also occur during 

schoolchildren’s commuting periods regardless of the mode of transportation (Jeong and Park, 

2017; Both et al., 2013). Severe wheeze is linked with commuting time for asthmatic children 

(McConnell et al., 2010b). Higher exposure to PM2.5 (particulate matter ≤ 2.5 μm) and BC 

during schoolchildren’s walking from home to school is linked with adverse effects on their 

cognitive development (Alvarez-Pedrerol et al., 2017). These studies have demonstrated that 

the commuting microenvironment plays a vital role in schoolchildren’s daily exposure to air 

pollution, and could pose disproportionately potential threats to their health. 

Recently, there has been a growing interest in studying schoolchildren’s exposure to air 

pollution during the commute. However, to our best knowledge, there is not an effort to review 
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the studies on this specific topic. The aim of this review paper is, therefore, to review and 

synthesize these studies on assessing schoolchildren’s exposure to various air pollutants during 

the daily commute. This study will help to answer the following questions:  

(1) What methods can be used to determine ambient air pollutant concentrations and 

commuter routes involved in the assessment of schoolchildren’s exposure during commuting? 

(2) What is the influence of different modes of commuting on exposure? 

(3) Can a schoolchild reduce the risk of exposure by using an alternative route? 

(4) What are the knowledge gaps in previous studies? and 

(5) What new tools and techniques can be used to facilitate future research? 

We identified 31 relevant studies published in the last 16 years (between 2004 and 

2020) in this paper. The review is structured as methodology, study overview, air quality 

measurements, commute routes, and summary of the relevant findings. The research gaps, 

priorities, and challenges are identified lastly in the discussion. Moreover, new tools and 

techniques that can be used in future studies are also recommended. 

2.2 Methodology 

2.2.1 Literature search 

A systematic literature search was carried out across various online platforms and databases, 

including Google Scholar, Science Direct, and Web of Science. Keywords used for the 

literature searching included: “air pollution exposure”, ”schoolchildren” and 

“commute/transportation”. Fully and online published articles only in English between 2004 

and 2020 were included in the initial search. The last search was run on February 1, 2020. 

2.2.2 Eligibility criteria 

Articles included in this review must meet three criteria: (1) schoolchildren were the target 

population or one of the population sub-groups; (2) studies concentrated on assessing exposure 

to air pollution; (3) the exposure study should include the commuting microenvironment. Thus, 

studies covering only exposure at school or home were excluded.  

2.3 Study Overview 

Figure 2.1 shows the flow chart of the literature searching procedure. In total, 316 potential 

articles were identified by the initial search, after title screening, abstract screening, and further 

full-text eligibility check, 31 relevant studies of the 316 articles were finally included in this 

critical review. In this section, an overview of these included studies was presented from the 



 
 

12 
 
 

aspects of the study area, type of air pollutants, and commute mode. Table A1 (in Appendix) 

summarizes the study area, air pollutant, commute mode, route, data collection, and 

methodology used in each study.  

 

 
Figure 2.1: The flow chart of the literature searching procedure. 

 

2.3.1 Concepts and definitions of exposure 

Exposure has been variously defined in the literature, ranging from 'integrated exposure', 

'average exposure', to 'dose exposure'. Ott (1982) defined it as ‘an event that occurs when a 

person comes in contact with the pollutant’. The concept of ‘integrated exposure’ refers to 

integrating the concentration of the air pollutant over time. The term ‘average exposure’ refers 

to integrated exposure divided by the specified duration. In most epidemiological studies, 

‘average exposure’ is commonly represented by the air pollutant concentration (e.g., annual 

mean). The concept of ‘dose exposure (dosage)’ refers to the amount of air pollution inhaled 

by a person during the specified time, and it can be calculated by multiplying the integrated 

exposure by the ventilation rate (Monn, 2001). 

2.3.2 Study locations 

Figure 2.2 illustrates the worldwide distribution of study locations in the 31 reviewed studies 

shown in Table A1. It can be observed that most studies have been carried out in cities of North 

America (Gilliland et al., 2019; Elford and Adams, 2019; Wolfe et al., 2017; Bertazzon and 
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Shahid, 2017; Adams et al., 2016; Ryan et al., 2015; Adar et al., 2015; McConnell et al., 2010; 

Marshall et al., 2010; Sabin et al., 2005; Marshall and Behrentz, 2005; Behrentz et al., 2004) 

and Europe (Ahmed et al., 2020; Boniardi et al., 2019; Paunescu et al., 2017; Alvarez-Pedrerol 

et al., 2017; Rivas et al., 2016; Brugha et al., 2016; Dirks et al., 2016; Ragettli et al., 2015; 

Mölter and Lindley, 2015; Davies and Whyatt, 2014; Buonanno et al., 2011). There are a few 

studies carried out in Asia (7), Oceania (1), and Africa (1), respectively. There are no such 

studies reported from South America. Although seven relevant studies are from Asia, only one 

of them was carried out in China – the world's largest developing country plagued by severe 

air pollution issues (Liu et al., 2019; Hao et al., 2007).  

 

 
Figure 2.2: Study locations involved in these reviewed articles. 

 

2.3.3 Air pollutants 

Various air pollutants were involved in these studies, including sulfur hexafluoride (SF6), 

polycyclic aromatic hydrocarbons (PAH), BC, NO2, benzene, PM2.5 and PM10, carbon 

monoxide (CO), carbon dioxide (CO2), nitrogen oxides (NOx), volatile organic compounds 

(VOCs), and ultrafine particle (UFP). UFPs are emitted by various combustion sources, and 

secondary UFPs are formed in the air from gaseous precursors emitted by natural and 

anthropogenic sources (Saha et al., 2019; Argyropoulos et al., 2016; Bekö et al., 2013). BC, as 

a component of PM2.5, originates from the incomplete burning of fossil fuels and biomass, 

which could be used as an indicator of traffic-related air pollution (TRAP) (Paunescu et al., 

2017; Janssen et al., 2011). NO2 is primarily formed from the combustion of fossil fuels by 
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vehicles (World Health Organization, 2006). Primary PM2.5 is derived from various sources, 

including heavy industry, traffic, domestic heating, and dust storms (Zheng et al., 2005; Kim 

et al., 2003). NO2 is, therefore, a well-established indicator for TRAP (Ministry for the 

Environment, 2003), and has been used as the object in plenty of studies carried out in cities of 

developed countries as TRAP is the prominent source of air pollution in most developed 

countries (Ma et al., 2019). Figure 2.3 shows the frequency at which each kind of air pollutant 

has been studied in these reviewed articles. UFP, PM2.5, BC, and NO2 were the four most 

frequently studied air pollutants. 

 

 

Figure 2.3: Frequency of each kind of air pollutant shown in these reviewed articles. 

 

2.3.4 Commute modes 

Commute modes involved in these studies include school bus, car, walking, running, bike, 

public bus, subway, scooter, train, and motorcycle. Figure 2.4 illustrates the frequency of all 

studied commute modes, of which walking, car, school bus, public bus, and biking are the five 

most commonly studied modes. Approximately 20-30% of schoolchildren walk to school daily, 

and this rate is relatively high (Pavelka et al., 2017; McDonald, 2007; Morton, 2005). Walking 

is the most popular studied commute mode due probably to two reasons: (1) it is easier for 

modeling in studies of exposure assessment as modeled ambient air pollutant concentration 

could be applied directly without considering those complex assumptions involved in cabin-

based modes (Elford and Adams, 2019; Behrentz et al., 2005); (2) it is a kind of active transport 

promoted by governments, and understanding its health benefits and exposure risk could be 
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beneficial for its promotion. Subway (or metro) and motorcycle (or moped) are two widely 

used commute modes, especially in Asian countries (e.g., China), but rarely studied. Exposure 

whilst on scooters, as a comparatively new commuter mode, has not been well studied.  

 

 
Figure 2.4: Frequency of each kind of commute mode shown in these reviewed articles. 

 

2.4 Air Quality Measurements 

The first step in the assessment of schoolchildren’s exposure during commuting is to acquire 

the air quality data along their commuting routes. Air pollutant concentration data used in these 

studies are commonly obtained via measurements at the fixed monitoring station (FMS), 

personal monitoring, and air quality modeling predictions.  

2.4.1 Fixed monitoring station (FMS) 

FMSs measure air quality in different regions or hotspots for a specific purpose (Violante et 

al., 2006). The most significant advantage of an FMS is that it could provide highly accurate 

air quality measurements continuously. However, the high operation cost of maintaining an 

FMS means that only a few FMSs are available within the whole city. In early schoolchildren’s 

exposure studies (the commuting microenvironment was not included), air quality at home or 

school was assumed to be the same as the measurements from the nearest FMS (Mejía et al., 

2011; Gordian and Choudhury, 2003; Yu et al., 2001; Frischer et al., 1999). Assuming air 

quality to be homogenous within several kilometers around the FMS could result in inaccurate 

estimation. A more accurate assessment of exposure during commuting requires information 

on the spatial variations of air pollutants along the commute route, which cannot be fulfilled 
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from FMS measurements. Only one of these reviewed studies (Jyethi et al., 2014) used PAH 

measurements from an FMS located on the rooftop of a school to estimate schoolchildren’s 

inhalation exposure on the day of school hours, commuting, and resting period. 

Schoolchildren’s daily PAHs inhalation exposure showed the trend of school hours > 

commuting to school > resting period. The positive association between vehicular source 

contributions to daily PAH levels and daily PAHs inhalation exposure levels indicated the risk 

of schoolchildren’s exposure to PAHs during their commutes. 
2.4.2 Personal monitoring 

With the development of modern technologies, portable monitors, and low-cost sensors have 

been widely used in exposure studies (Castell et al., 2017; McKercher et al., 2017). Personal 

monitoring equipped with portable devices is considered to be the most direct approach to 

measure an individual’s exposure in different microenvironments (Watson et al., 1988). This 

approach was used by more than half of these reviewed studies (18/31) to measure air quality 

along the commute route. Air pollutant measurements collected by portable devices include 

PM2.5, BC, UFP, PAH, SF6, and CO. The most frequently used portable devices are AethLabs 

microAeth AE51 (a palm-sized real-time BC aerosol monitor) and Philips Aerasense 

NanoTracer PNT1000 (a hand-held device measures particle number concentrations). Portable 

instruments can be attached to the children’s backpacks (Ryan et al., 2015), carried in hand 

(Dirks et al., 2016), attached to a shoulder strap of a waist bag (Boniardi et al., 2019; Jeong and 

Park, 2017), and worn over the waist (Nyarku et al., 2019). The sampling size of personal 

monitoring in these studies ranges from 3 (Dirks et al., 2016) to 275 (Adar et al., 2015) 

schoolchildren. Therefore, an obvious disadvantage of this personal monitoring approach is 

that the sampling size is limited to at most several hundred due to the high cost and time 

required to undertake such fieldwork. Besides, portable monitors and low-cost sensors may 

yield data of questionable quality (Languille et al., 2020; Dons et al., 2017). It should be noted 

that NO2 – a major indicator for TRAP shown in many studies (measured by passive diffusion 

tubes for a certain period, not real-time measurements) – could not be accurately measured 

using portable instruments currently due to unsolved technical issues. The measured NO2 

concentration could differ from the reference by up to 30 µg m−3 (Languille et al., 2020). 

Nevertheless, this most direct approach is able to determine near real-time air pollution 

exposure during commuting at a high spatiotemporal resolution. It has helped to yield valuable 

findings that are not possible to obtain otherwise, including (1) schoolchildren's exposure to air 
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pollution varies by microenvironments, with increased exposure during commuting; (2) 

proximity to traffic sources is linked with a higher level of air pollution exposure; and (3) the 

exposure variation during commuting is primarily affected by the surrounding built 

environment. 

2.4.3 Air quality modeling 

The aforementioned limitations of personal monitoring approaches are commonly overcome 

via air quality modeling to estimate ambient air pollutant concentrations (Collett et al., 1997). 

This approach enables schoolchildren’s exposure studies to be extended to wider areas, and 

sampling sizes to be scaled up to population levels. Two commonly used air quality modeling 

approaches are air dispersion models and land use regression (LUR) models.  

Air dispersion models simulate air pollutant concentrations by making good use of the 

underlying surface, meteorology, and pollutant source information based on planetary 

boundary layer turbulence structure and scaling concepts (Fulk et al., 2016). Three of these 

reviewed studies used air dispersion models to estimate schoolchildren’s ambient air quality 

during commuting. The Atmospheric Dispersion Modelling System (ADMS) Urban v.3 model 

was used to estimate PM2.5 concentrations in Lancaster (Davies and Whyatt, 2014). The 2010 

national Gaussian dispersion model (FOEN, 2011) was used to generate the distribution map 

of annual mean NO2 concentrations at the resolution of 100 m x 100 m in Basel (Ragettli et al., 

2015). AERMOD dispersion model was used to estimate NOx concentrations in Detroit (Wolfe 

et al., 2017). Air dispersion models provide a possible solution and reasonable way to 

investigate the complex spatial and temporal characteristics of air pollutants. However, running 

a dispersion model requires numerous parameters and input data that are difficult to collect. 

Besides, it is also hard to validate the modeled results. Therefore, they have not found wide 

applications in assessing schoolchildren’s exposure. 

LUR modeling approaches have been widely used in many air pollution associated 

studies recently (Li et al., 2020; Liu et al., 2019; Ma et al., 2019; Masiol et al., 2019; Xu et al., 

2019). This regression-based approach estimates the ambient pollutant concentrations at un-

sampled points of interest using different kinds of predictor variables generated by ‘near’ and 

‘buffer’ analyses in a Geographic Information System (GIS) within a specific location or area 

(Briggs et al., 1997). LUR models could yield a comparably robust estimation in modeling air 

pollutant concentrations while requiring fewer input data than air dispersion models (Hoek et 

al., 2008; Lee et al., 2017). A more recent study (Boniardi et al., 2019) used personally 
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monitored exposure to BC of 43 schoolchildren during their walking from home to school to 

validate modeled exposure based on a previously developed LUR model; the results show that 

there is a good agreement between the estimations and the measurements (r = 0.74). Six of 

these reviewed studies used LUR models to estimate ambient concentrations of various air 

pollutants including NO2, PM10, PM2.5, BC and UFP (Mölter and Lindley, 2015; Adams et al., 

2016; Alvarez-Pedrerol et al., 2017; Bertazzon and Shahid, 2017; Elford and Adams, 2019; 

Boniardi et al., 2019). LUR modeling was initially designed for long-term exposure studies; 

therefore, at the early stage, it could not provide estimations for exposure at a high temporal 

resolution (Hoek et al., 2008; Briggs et al., 1997). With the advance in monitoring and 

modeling techniques, LUR approaches have been modified to achieve improved temporal 

resolution. Novel LUR models developed recently could also provide daily and hourly air 

quality estimations (Stafoggia et al., 2019; Hassanpour Matikolaei et al., 2019; Masiol et al., 

2018; Yang et al., 2018; Hankey et al., 2018). However, LUR models developed using 

crowdsourced monitoring data could have a limited ability (even outperformed by ordinary 

Kriging interpolation) to estimate the spatial variation of air quality at a very fine scale (Xu et 

al., 2019). One measure to overcome this issue is to consider fine-scale predictor variables 

derived from detailed GIS data in the modeling. 

Of particular note, it is possible to integrate a RIO-IFDM-OSPM model with the LUR 

model and Gaussian dispersion model to estimate schoolchildren’s exposure while walking 

based on the generated hourly NO2 concentrations at the street scale (Ahmed et al., 2020). Such 

hybrid models could be a promising alternative in future studies as they take advantage of both 

LUR and air dispersion models, yielding an estimate at a high spatiotemporal resolution. 

2.5 Commute Routes 

Air pollution in cities, through which schoolchildren are traversing, is highly heterogeneous in 

time and space. If we want to assess schoolchildren’s exposure during commuting, we need 

not only to obtain spatial variability of air pollutants but also to know schoolchildren’s 

commute routes.  

2.5.1 Origin-destination routes 

Most commute routes investigated are daily home-school routes. Trips between home and 

school are the major daily commuting activities expected of most schoolchildren. Trips from 

schoolchildren’s homes to the hospital have also been studied (Paunescu et al., 2017). Apart 



 
 

19 
 
 

from the common home-to-school route, Jeong and Park (2017) investigated more complex 

commute routes in a Seoul case study, including trips from home to various extra-curriculum 

places (academy/after-school program/community service center/childcare center). A few 

studies (Marshall and Behrentz, 2005; Sabin et al., 2005) concentrated on in-use school bus 

routes. 

2.5.2 Collection of route information 

Knowledge about the detailed information of each route is vital to exposure assessment during 

the commute, which can be acquired via four means: (1) the time-activity diary (TAD). A given 

form or questionnaire was recorded by the schoolchild at a fixed interval (e.g., 15 min) to report 

various personal information such as location and activity (Jeong and Park, 2017); (2) GPS 

tracker. A palm-sized portable device records the user’s coordinates at a fixed interval (e.g., 1 

sec); (3) online route collection application. An online application supporting both mobile and 

web users was developed to collect each schoolchild’s route information (Ahmed et al., 2020). 

Parents could use a user-friendly map interface to report their children’s daily commute routes; 

and (4) simulated routes. Home-to-school routes can also be generated using specific GIS-

based algorithms and simulated home locations (Mölter and Lindley, 2015). The first three 

approaches are widely used for personal monitoring studies at small scales. The last approach 

is widely used for modeling and simulation studies at the population scale due to cost and 

personal privacy issues. 

2.5.3 The shortest-distance route vs. the lowest-exposure route 

The shortest-distance route and the lowest-exposure route are two kinds of route choices 

commonly explored in large-scale studies focusing on schoolchildren’s active transport using 

GIS-based modeling. The shortest-distance route (or ‘fastest’ route in some studies) refers to a 

path from the origin to the destination in a road network with a minimal sum of the length of 

its road segments (Akay et al., 2012; Geertman and Ritsema Van Eck, 1995). Exposure along 

the shortest-distance route is a research hotspot as, in reality, the shortest-distance route 

between home and school has been shown elsewhere to usually represent a schoolchild’s 

preference during his/her walking (Cooper et al., 2010; Hill, 1985). The lowest-exposure route 

(‘least cumulative exposure’ route or ‘lower exposure’ route) refers to a path from the origin 

to the destination in a road network that has the minimal cumulative exposure along its road 

segments (Hertel et al., 2008). Commuting along the lowest-exposure route provides 

schoolchildren with an alternative choice of a cleaner route. The methods proposed by Sharker 
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and Karimi (2014) and Zou et al. (2020b) are the two most common approaches to generate 

such routes using network analysis in a GIS. 

A comparison of schoolchildren’s exposure along the shortest-distance and alternative 

lowest-exposure routes reveals that walking along the lowest-exposure route could reduce air 

pollution exposure; however, it also increases the travel duration (route length). Mölter and 

Lindley (2015) compared the costs and benefits of using the shortest-distance routes with those 

of using the lowest-exposure routes based on a simulation at the population scale. The analysis 

shows that the relative decrease in exposure along the lowest-exposure routes tends to be 

greater than the relative increase in travel duration. In choosing the least-exposure route, 

consideration should be given to the extent to which an alternative cleaner route could be found 

in case the generated lowest-exposure route is different from the existing shortest-distance 

route. In the Lancaster case study, for 49% of all home-school pairs, the lowest-exposure routes 

are different from their corresponding shortest-distance routes. The Manchester case study 

shows a similar result. However, in the Toronto case study, the proportion of students who can 

find alternative cleaner routes falls to only 13.4%. Two factors may account for such widely 

differing percentages: 1) different road network configurations and spatial patterns of air 

pollutants between the cities, and 2) different methodologies used to estimate exposure in each 

study. 

 
Table 2.1: Summary of the study descriptions and relevant results. 

Study Study area Pollutant 
Number 
of 
routes 

Alternative 
routes (%) 

Shortest-distance 
routes 

Lowest exposure 
routes 

Median 
dose/exp
osure 

Median 
length/d
uration 

Median 
dose/exp
osure 

Median 
length/d
uration 

Davies and 
Whyatt 
(2014) 

Lancaster 
(UK) PM2.5 986,400 49% NA NA NA NA 

Mölter and 
Lindley 
(2015) 

Manchester 
(UK) 

NO2 100,000 60% 32.9 
μg/m3 1144 s 32.5 

μg/m3 1152 s 

PM10 100,000 40% 20.9  
μg/m3 1144 s 20.8 

μg/m3 1144 s 

Elford and 
Adams 
(2019) 

Toronto 
(Canada) UFP 296,862 13.4% 2.98*109 

pUFP 862 m 2.83*109 
pUFP 888m 

 
How to find alternative lower-exposure commute routes is useful to guide 

schoolchildren’s travel behavior changes. In the Manchester case, in general, exposure could 

be reduced by only around 1% if lower exposure routes were used. However, for some students, 
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their exposure could be reduced by 10% ~ 15% if they followed a lower exposure route. In the 

Toronto case, in general, around a 5% dosage could be reduced along the lowest-dose routes. 

A walking student could reduce his or her UFP dosage by 30.6% by following the optimized 

route that is only 13.9% longer. A route plan tool could be developed to help schoolchildren to 

find the alternative lower exposure commute route. However, they will have to decide whether 

or not to take the optimized route based on the trade-off between commute cost (additional 

route length) and benefit (reduced exposure). For instance, the ‘Route2School’ online platform 

provides schoolchildren with alternative cleaner route plans to replace their current commute 

routes (Ahmed et al., 2020). In general, newly designed alternative routes could reduce NO2 

exposure by about 8.4%. All these route choice studies indicate that at least some 

schoolchildren could reduce their risk of air pollution exposure by using alternative cleaner 

routes. Walking along the alternative commute routes with the lowest exposure could also bring 

extra benefits to schoolchildren’s physical wellbeing. 

2.6 Findings in Commuter Exposure Studies of Schoolchildren 

2.6.1 Contribution of the commuting microenvironment 

The commuting microenvironment plays a vital role in schoolchildren’s total daily exposure, 

although they only spend a small fraction of their time on commuting. Schoolchildren spent 

only 6% of their daily time commuting; however, they received almost 20% of the total daily 

BC dose in this microenvironment (Rivas et al., 2016). Paunescu et al. (2017) reported that 

schoolchildren spent 5% of recording time for travel but received 12% and 10% of total BC 

and UFP exposure, respectively. Such findings have been confirmed in a similar study that 

found schoolchildren spent 4% of their time in transport but received 11% of total UFP 

exposure (Buonanno et al., 2011). Commuting is a significant contributor to daily total air 

pollution exposure for schoolchildren because the highest exposure concentration or exposure 

spikes coincide with schoolchildren’s commuting periods (Jeong and Park, 2017; Paunescu et 

al., 2017; Rivas et al., 2016; Ryan et al., 2015).  

2.6.2 Active transport 

Active transport (e.g., walking, cycling, and jogging) to school is promoted and encouraged by 

governments and public health experts as schoolchildren can benefit from the physical 

activities to avoid the obesity problem and, at the same time, reduce traffic congestions (Brown 

et al., 2017). Proportions of schoolchildren using active transport are 25% (walk and bicycle), 

59.3% (walk: 55.2%; bike or scooter: 4.1%), and 67% (walking) reported in case studies 
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conducted in Heshan (Mazaheri et al., 2019), Paris (Paunescu et al., 2017) and Accra (Nyarku 

et al., 2019), respectively. However, there is an obvious declining trend in the proportion of 

schoolchildren using active transport to school between 1969-2001 in the U.S. (McDonald, 

2007). 

Gilliland et al. (2019) examined 36 schoolchildren’s exposure to PM2.5 during 101 

home-to-school commute routes using personal monitoring, and found that walking 

schoolchildren are exposed to lower mean PM2.5 concentration than those riding cars or school 

buses. Schoolchildren’s UFP exposure intensity is the lowest during cycling, but highest in a 

car with walking in between (Mazaheri et al., 2019). It should also be noted that ‘average 

exposure’ was used in the above comparison. For active transport commuters, the 'average 

exposure' is lower than car commuters. However, active transportations are more energy-

consuming, and thus ventilation rates will increase typically 2 ~ 3 times compared with car 

commuters (de Nazelle et al., 2009; Tainio et al., 2015). It will lead to a challenge in a 

comparison of exposure between modes of transportation. Studies based on ‘average exposure’ 

disregarding ventilation rates would report a higher risk associated with car commuting. In 

order to make a reasonable comparison, ‘dose exposure’ should be used as it takes into account 

ventilation rates. Based on this kind of comparison, it is found that active transportation 

commuters have an exposure risk equal to or even higher than car commuters (de Nazelle et 

al., 2012). Walking (or running) speed is also found to be a determinant that affects 

schoolchildren’s inhalation exposure (Davies and Whyatt, 2014). Different walking speeds 

could result in different journey durations and respiratory rates. A slower pace is associated 

with a lower respiratory rate but an increased journey duration, and vice versa. Walking at a 

moderate speed of 5 kph is considered optimal as it keeps a balance between journey durations 

and respiratory rates for minimizing dose exposure during the commute. Urban configurations 

and the built environments around the commuting routes also affect the variation of exposure 

levels (Dirks et al., 2016; Miskell et al., 2015). Walking along the side of the road opposite the 

traffic could reduce exposure significantly during morning rush hours (Dirks et al., 2016).  

In planning their journeys, active commuting schoolchildren are recommended to (1) 

avoid major intersections as they are linked with exposure spikes; (2) stay away from traffic 

queues; (3) use the side of the road opposite the traffic during rush hours; and (4) avoid 

traveling along major roads with heavy traffic flow. 
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2.6.3 Car commute 

One of the most widely examined commuter modes is travel by car. However, there are mixed 

and even conflicting conclusions on exposure levels during car commuting. For instance, 

schoolchildren riding cars reportedly received lower UFP exposure than those using active 

transport during commuting from home to school (Dirks et al., 2016; Ryan et al., 2015). 

However, Both et al. (2013) reported that car commuters’ median UFP exposure was 

significantly higher than that of the walking group. In another study, car commuters were found 

to have a higher mean route PM2.5 concentration than that of walking schoolchildren; however, 

car commuters received lower PM2.5 inhaled dosages due to short journey durations (Gilliland 

et al., 2019). Car models, mileages, ages, routes, and journey durations, although not specified 

in these studies, could be different in each case. Previous studies (Weichenthal et al., 2015; 

Tartakovsky et al., 2013; Zuurbier et al., 2010) have shown that in-vehicle exposure levels vary 

car-to-car significantly due to distinct characteristics (e.g., car type, ventilation, surrounding 

air quality) of each car measured. More investigations are needed to gain a better understanding 

of air pollution exposure in vehicle cabins during car commutes.   

2.6.4 School bus commute 

The school bus is a popular commuter mode. For instance, this mode is used by more than 25 

million American commuting schoolchildren (Snyder and Dillow, 2011). Several authors have 

characterized exposure on board school buses during daily commuting. A case study in 

Southern California, USA (Behrentz et al., 2005) reported that even one-third of the total daily 

BC exposure stems from the school bus microenvironment for some long bus commuting 

schoolchildren. Compared with active transport, the school bus is believed to be a more 

complex commuting microenvironment as exposure on board a school bus is affected by many 

factors, including the outdoor ambient concentration, ventilation, fuel type, go and stop 

frequency, although exposure in the school bus is primarily determined by the type and volume 

of vehicles immediately ahead. The fuel type of school buses is another significant determinant. 

NO2, PB-PAH, and BC exposure inside buses powered by compressed natural gas (CNG) is 

significantly lower than that inside conventional diesel-powered buses (Sabin et al., 2005; 

Wargo et al., 2002). Self-pollution (bus’s exhaust into its cabin) is also a pollution source that 

schoolchildren could be exposed to inside the school bus cabin. A case study in Los Angeles 

(Behrentz et al., 2004) has evidenced that self-pollution in older buses is up to 10 times more 

than that in newer buses. It must be noted that there is substantial bus-to-bus variability in these 

studies, and a small number of buses (ranging from one to seven) are studied. Besides, the 
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surrounding environment along each route varies significantly. More studies involving more 

buses are needed to provide more convincing evidence on exposure in commuting school 

buses. 

The school bus is an overall eco-friendly commuting tool for schoolchildren living far 

from school, as it reduces the usage of private cars. Measures to reduce schoolchildren’s 

exposure on board school buses include: (1) update the air filtration system; (2) replace older 

diesel-powered buses by new CNG-powered or electric buses; and (3) optimize the school bus 

routes to reduce the frequency of stop-and-go.   

2.7 Discussion 

2.7.1 Research gaps and priorities 

Although tens of studies have attempted to explore schoolchildren’s exposure during 

commuting, many fields still largely remain to be explored. As listed in this review, most 

studies are conducted in cities of North America, and Europe and only a few are from other 

regions. For example, there are estimated around 200 million commuting schoolchildren in 

China (Han, 2019); however, only one study (Mazaheri et al., 2019) among these reviewed 

articles is conducted in China. A better understanding of exposure in developing countries with 

a large population and air pollution issue (e.g., China, India) could be beneficial for providing 

schoolchildren all over the world with a choice of a cleaner commuting route.  

All the modes of transport examined in section 2.6 do not include subway (metro) and 

train that are also widely used by schoolchildren living in big metropolitans (e.g., London, 

Tokyo, and Shanghai). However, few studies concentrate on schoolchildren’s exposure in such 

commute environments. With an ever-increasing number of schoolchildren commuting by 

subway and train, there is an urgent need to explore their exposure during riding subways or 

trains. 

Modeling and simulation are widely used approaches to scale up schoolchildren’s 

exposure studies to the population scale due to the limitation of personal monitoring of high 

experiment costs and personal privacy issues. These powerful modeling and simulations are 

underpinned by various assumptions. Their validity and model parameterization affect the 

results directly. However, few studies have attempted to validate these assumptions using 

observed data. Therefore, studies based on modeling and simulation might lead to biased 
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conclusions. The extent of biases between simulated and measured commuter exposure 

remains mostly unexplored.    

Exposure justice is a socio-environmental issue documented in recent years. 

Schoolchildren from families of a lower socioeconomic status are found to be linked with a 

higher level of exposure and, therefore, a higher risk of suffering from corresponding health 

problems (Cakmak et al., 2016; Burra et al., 2009). However, most studies of exposure justice 

only concentrate on schoolchildren at home or school. Little is known about the relationship 

between socioeconomic status and schoolchildren’s exposure to air pollution during 

commuting periods. 

Most studies evaluating schoolchildren’s health impacts of exposure are largely 

concentrated on home or the school microenvironments (Suades-Gonzalez et al., 2015). As 

discussed previously, commuting is likely to be associated with short-duration, acute exposure 

in a diurnal cycle. There are handful documents of health impacts of schoolchildren’s exposure 

to air pollution during commuting periods. Pieces of evidence suggest that extremely high-

level short exposure (usually happens during the commuting microenvironment) could pose 

disproportionate health impacts (Michaels and Kleinman, 2000). Only a few studies have 

investigated the link between schoolchildren’s exposure during commutes and adverse health 

outcomes. The regression of 1,234 schoolchildren’s exposure levels during walking to school 

against their performances of cognitive development tests reveals that higher exposure to BC 

and PM2.5 during walking from home to school is linked to adverse cognitive outcomes 

(Alvarez-Pedrerol et al., 2017). Among a cohort of 4,741children, those asthmatic ones found 

with severe wheeze are linked to longer commuting time (McConnell et al., 2010). The health 

impacts of schoolchildren’s exposure during commuting periods have remained largely 

uninvestigated, and more studies should be carried out to fill the gap. 

2.7.2 Challenges 

The biggest challenge for assessing schoolchildren’s exposure during commuting is how to 

determine both surrounding air pollutant concentration and movement in space in each 

schoolchild’s commuting environment simultaneously. Personal monitoring may offer the 

solution but is handicapped by privacy concerns. The tracking of schoolchildren’s movement 

may raise serious concerns about the protection of the most vulnerable members of society. 

Any attempts to track their mobility must be seriously scrutinized for their ethics. The need to 

fulfil ethics approval means that it could be used in small-scale studies only. Besides, the 
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reliability of low-cost portable devices is still questionable. In comparison, modeling makes 

large-scale studies feasible; however, this approach also faces two significant hurdles. First, 

the modeled ambient air quality is applicable to schoolchildren using active transport only as 

modeling in-vehicle air quality involves complex issues that vary with vehicle type, such as 

outdoor/indoor air exchange. Second, the collection of schoolchildren’s exact commuting 

routes involves both a considerable workload and privacy concerns. Collecting large-scale data 

while still preserving anonymity is a thorny issue facing researchers studying schoolchildren’s 

exposure. One possible hope of overcoming it is the use of new technologies.     

2.7.3 New developments 

The most promising tool for future exposure study could be the smartphone. A bold vision is 

that smartphones might be turned into personal monitors if low-cost microsensors could be 

integrated with a mobile phone circuit board. So far, smartphones have been used to collect 

schoolchildren’s detailed commuting routes. As introduced in Section 2.5, the smartphone-

based ‘Route2School’ online application collects schoolchildren’s detailed daily commuting 

routes. This approach could provide route information more accurately and efficiently than the 

conventional method using GPS tracker together with TAD. Although ‘Route2School’ is only 

used in a small-scale study (Ahmed et al., 2020), its potential at the population scale has been 

well demonstrated. Another example of using a smartphone for assessing schoolchildren’s 

exposure during commuting is to extract schoolchildren’s daily activity patterns (Adams et al., 

2016; Duncan and Mummery, 2007), from which schoolchildren’s home and school locations, 

commute modes, and the duration of each trip can be extracted (Oliveira, 2014; Feng and 

Timmermans, 2013). It has been proved possible to estimate schoolchildren’s exposure to 

PM2.5 during walking to school using commuting routes determined by digital activity patterns 

(Adams et al., 2016). 

Data fusion is another new technique that can improve the accuracy of air pollution 

mapping. It provides a newly combined air pollutant concentration map by regressing the 

additional measurements against modeled data and spatially interpolating the residuals (Lahoz 

and Schneider, 2014). It improves the performance of the base-map by (1) objectively 

interpolating the additional measurements, and (2) correcting the model predictions with true 

measurements. With the use of this technique, it is possible to produce near real-time air 

pollutant concentration maps from crowdsourced observations and mobile monitoring data if 

the temporal calibration issue is well addressed (Zheng et al., 2020). Such high spatiotemporal 
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resolution maps can then be used to assess schoolchildren’s exposure to air pollution during 

commuting at the population scale. 

More breakthroughs in the schoolchildren’s exposure assessment could be derived from 

the wider use of GIS. This multi-functional spatial analysis and data visualization tool enables 

various data sources, maps, and modeling approaches to be integrated spatially to yield more 

in-depth insights into schoolchildren’s exposure (Khan et al., 2018; Briggs, 2005). For instance, 

in the absence of real data on schoolchildren’s home addresses, GIS can be used to randomize 

them to overcome the data unavailability issue. Such spatial randomization is essential to 

compare schoolchildren’s shortest-distance and lowest-exposure routes from home to school 

(Mölter and Lindley, 2015). GIS network analysis is indispensable in generating the shortest 

and the least exposure routes for each home-school pair, taking into consideration even the 

waiting time at a road crossing. Furthermore, GIS allows the calculation of slope for each road 

segment from a digital terrain model, and such information can determine the exact walking 

speed (and even respiratory rate) in the journey-time exposure estimation (Davies and Whyatt, 

2014). With a GIS-based terrain-enforced respiratory dosage modeling workflow, it is possible 

to consider the walking speed and ventilation rate related to terrain steepness in modeling 

schoolchildren’s dose exposure during walking commutes (Elford and Adams, 2019). 

Moreover, this modeling approach is scalable and applicable to any study area where air quality, 

terrain, and network data exist. Another useful GIS function is network analysis that can be 

further constrained by multiple rules to generate the realistic alternative lowest-exposure route 

(Ahmed et al., 2020). Existing programs such as ‘RLUR’ based on GIS spatial analysis 

packages in R can automate the workflow of LUR modeling (Morley and Gulliver, 2018). Such 

software packages will make the estimation more accessible to computing-challenged experts, 

and ambient air pollutant concentration maps to be generated more efficiently.  

2.8 Conclusion 

This systematic review has comprehensively reviewed recent studies on schoolchildren’s 

exposure, through which current knowledge gaps of our understanding of air pollution in the 

schoolchildren’s commuting microenvironment are identified. This paper has found that the 

commuting microenvironment plays a vital role in schoolchildren’s total daily exposure, 

although they only spend a small proportion of time commuting. Data needed to determine 

exposure to ambient air pollutant concentrations are commonly collected via FMSs, personal 

monitoring, and air quality modeling. In the estimation, schoolchildren’s daily commuting 
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routes are commonly determined using TAD, GPS tracker, online route collection app, and 

GIS-based route simulation. It is anticipated that the last method will find wide applications 

given the increasing accessibility of GIS to more researchers. Route choices (e.g., the shortest-

distance route vs. the lowest-exposure route) exert a determining impact on commuter exposure. 

For some walkers, the lowest exposure route can significantly reduce the risk of exposure to 

air pollution during commuting. It is challenging to rank commuter modes of walking, cycling, 

and vehicle commute in order of exposure, as each mode has numerous uncontrollable 

determinants, and these are notable research gaps. Examining exposure patterns of 

schoolchildren in developing countries, studying exposure in the subway and trains, 

investigating the reliability of current simulation methods, exploring the environmental justice 

issue, and identifying the health impacts during commuting are likely to attract the attention of 

researchers in the future. It is anticipated that smartphones, data fusion, and GIS will offer more 

promising solutions to overcome the identified knowledge gaps. With the assistance of these 

new technologies, it is expected that assessing schoolchildren’s exposure during commuting 

will be accomplished more accurately with more driven factors considered at a much finer 

spatiotemporal resolution and a larger population scale. 
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Chapter 3 PyLUR: Efficient software for land use 
regression modelling the spatial distribution of air 
pollutants using GDAL/OGR library in Python  
Xuying Ma, Ian Longley, Jennifer Salmond, Jay Gao. (2020). PyLUR: Efficient software for 
land use regression modelling the spatial distribution of air pollutants using GDAL/OGR 
library in Python. Front. Environ. Sci. Eng., 14(3): 44, DOI: 10.1007/s11783-020-1221-5. 

 

3.1 Introduction  

Due to rapid population growth and urban expansion, air pollution has recently become a 

popular and important research topic (Li et al., 2019; Liu et al., 2017; Zou et al., 2016). Air 

pollution is usually monitored at a discrete number of sites using one or more different kinds 

of measuring devices. Despite advances in technology, which has made it possible to develop 

dense networks of sensors, these measurements often do not adequately capture the complex 

and heterogeneous spatial patterns of air pollutants realistically. Further, data - even from high-

density networks of observations - usually need to be averaged in time and space to generate 

useable maps of air quality for the management or epidemiological purposes. The challenge of 

developing reasonable and reliable models to estimate the spatial distribution of air pollutants 

remains a significant task in air quality management, and is crucial to reducing pollution-

monitoring costs and improving the effectiveness of monitoring networks (Keller et al., 2015). 

Land use regression (LUR) models are a well-established approach for simulating 

spatial patterns in air quality. LUR models provide a regression-based approach to estimate the 

ambient pollutant concentrations at un-sampled points of interest using different kinds of 

predictor variables generated by ‘near’ and ‘buffer’ analyses within a specific location or area 

in a Geographic Information System (GIS) (Briggs et al., 1997). After a LUR model is 

developed and validated, it can be used to predict the pollutant concentration at each point of 

interest accurately, but only within the study area (the developed LUR model only has limited 

transferability due to its nature as a statistical model), and with the assumption that all required 

GIS data are available. For pollutant concentration mapping and prediction, the LUR model 

can be used to generate a general pollutant concentration map for the whole study area (using 

fishnet to create each prediction point) or provide precise concentration predictions at specified 

locations. 
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So far, LUR models have been widely presented in numerous publications (Ryan and 

LeMasters, 2007; Hoek et al., 2008; Meng et al., 2015; Zhai et al., 2016; Amini et al., 2017; 

Masiol et al., 2018; Muttoo et al.,2018; Weissert et al., 2018; Saucy et al., 2018; Ma et al., 

2019; Xu et al.,2019a; Xu et al.,2019b). The principles of LUR modelling can be summarized 

in five steps. First, air pollution monitoring and GIS data are collected within the scope of the 

study area. Secondly, different kinds of potential predictor variables for each site are generated 

using GIS buffering or other geospatial analysis functions. Thirdly, multiple regression 

analysis is carried out to develop one regression equation between the observed air pollutant 

concentrations and significant predictor variables selected from a pool of all potential predictor 

variables. Fourthly, model performance is evaluated using holdout or cross-validation. Finally, 

once the model is successfully validated, it can be applied to predict the concentration at un-

sampled points of interest or generate an air pollutant concentration map of the whole study 

area (Morley and Gulliver, 2018). 

LUR modelling is not very complex, theoretically. Its implementation requires manual 

extraction of predictor variables needed in the modelling, usually using commercial GIS 

software such as ArcGIS or QGIS, accompanied by a statistical tool such as R or Stata (for 

regression modelling and validation). However, manual processing is inefficient, time-

consuming, and error-prone, especially in high-resolution concentration mapping, where many 

manual GIS operations are required. Due to this intensive computational requirement and the 

limitation of a manual modelling strategy, many previous LUR studies provided maps only at 

coarse spatial resolutions, if at all (Liu et al., 2015; Marcon et al., 2015; Miskell et al., 2015; 

Wu et al., 2015; Miskell et al., 2018; Weissert et al., 2018). Developing a LUR model without 

providing a high-resolution spatial distribution map of air pollutants reduces the potential of 

the work to be applied to further studies or applications (e.g., estimation of exposure/dose). 

To build and apply a LUR model efficiently, it may be advantageous to develop a 

purpose-specific software or tool kit to carry out the complex spatial analyses and regression 

automatically. However, there are very few publicly available documents describing the 

process of LUR modelling software at present. Akita (2014) developed an ArcGIS extension 

Toolbox named ‘LUR Tools’ that could be used to extract potential predictor variables. 

However, this tool kit could only generate limited kinds of potential predictor variables. The 

regression modelling, validation, and prediction were not considered. Morley and Gulliver 

(2018) developed a LUR modelling and prediction software named ‘RLUR’ based on the R 
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language platform. It is capable of running a LUR model in a few steps from predictor variable 

generation, through regression modelling, to the final prediction. RLUR is open-source 

software with a user-friendly Graphical User Interface (GUI)-based operation environment. An 

advantage of RLUR is its ability to allow users inexperienced in statistics and spatial analysis 

to run LUR modelling in their studies. However, major shortcomings of RLUR are its 

processing inefficiency and instability issues. The predictor variable extraction processing 

would become very slow if detailed GIS inputs were uploaded, and the program could crash if 

the predicted air pollutant concentrations were mapped at a high spatial resolution (e.g., a 25 

m resolution for a study area of 10 km2 using RLUR test datasets).  

This problem is overcome in this study by developing a more efficient and stable 

software based on Python. The objective of this paper is to describe this self-developed 

software named PyLUR and its implementation of LUR modelling on the Python platform. 

Taking advantage of the GDAL/OGR libraries (Python binding) and Python platform, PyLUR 

can develop a LUR model and generate pollutant concentration maps efficiently for any given 

study area if suitable air pollution and GIS data are available. Also described in this paper are 

its four constituent modules. The performance of the newly developed PyLUR is then 

compared to RLUR and assessed in terms of model accuracy, processing efficiency, and 

software stability using two different test datasets.  

This chapter is divided into five sections and organized as follows. Section 3.2 gives a 

brief overview of the methodology of LUR modelling. Section 3.3 introduces the structure and 

core modules of PyLUR, and shows how it works. Section 3.4 compares the performance of 

PyLUR with RLUR in terms of model accuracy and efficiency of data processing. Finally, 

Section 3.5 presents a summary and conclusion of this study. 

3.2 Spatial Modelling of Air Pollutants 

A LUR model uses a statistical optimization approach to estimate the spatial distribution of air 

pollutant concentrations in a designated study area. A linear regression equation is formulated 

following certain criteria. It relates air pollutant concentration at each monitoring site to the 

selected predictor variables representing the sources of air pollutants and modifiers in the 

vicinity of the monitored site. 

3.2.1 Extraction of potential predictor variables 

The regression equation of a LUR model describes the relationship between the air pollutant 
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concentration at monitoring sites and their predictor variables representing pollution sources 

and modifiers in the surrounding environment. The variables considered in a LUR modelling 

process, reflecting the influence of surrounding features of emission, modifier, and sink on air 

pollutant concentration of a monitoring site, are called potential predictor variables. The 

potential predictor variables included in the final LUR model are called predictor variables. 

Potential predictor variables are derived from GIS-based buffering analysis and near analysis. 

Most potential predictor variables considered in PyLUR followed the manual of the ESCAPE 

(European Study of Cohorts for Air Pollution Effects) project (ESCAPE, 2010). The ESCAPE 

study provides an example of an often-used set of predictor variables; however, other studies 

(e.g., in North America) have used similar but other variables as well. Besides, several novel 

variables were also included in PyLUR. 

3.2.2 Regression modelling 

Most previous LUR models are largely based on the multiple linear regression techniques 

(Meng et al., 2015; Miskell et al., 2015; Masiol et al., 2018; Miskell et al., 2018; Muttoo et 

al.,2018; Saucy et al., 2018; Weissert et al., 2018). Multiple linear regression is a statistical 

method to establish the relationship between the dependent variable and several independent 

variables. In general, a multiple linear regression model can be expressed as: 

0 1 1 2 2 3 3 n nY a a X a X a X a X= + + + + ⋅⋅⋅                                               (1) 

In which 1 2, , , nX X X⋅ ⋅ ⋅  are n samples of independent variables, Y is the dependent variable; 

0 1 2, , , , na a a a⋅ ⋅ ⋅  are coefficients of the independent variables. In the case of a LUR model based 

on multiple linear regression, an equation will be built to establish the relationship between the 

measured concentrations of the pollutant at monitoring sites (dependent variable) and predictor 

variables (independent variables) generated from their surrounding geographic features.  

In this study, the standard supervised forward stepwise method is applied to establish a 

LUR model (ESCAPE, 2010; Beelen et al., 2013). The technique can be summarized in five 

steps. (a) n (assume there are n kinds of potential predictor variables) individual regression 

equations are built to regress air pollution measurements against a single kind of potential 

predictor variable based on univariate regression (finally, this step will generate n regression 

equations). The regression equation from these n options with the highest R2 is determined as 

the ‘potential start LUR model’. This ‘potential start LUR model’ would be confirmed as a 

‘start model’ if the direction of the effect of the predictor variable in this model is the same 
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with its pre-defined criteria. (b) Each time only one potential predictor variable from the 

remaining pool is included in the ‘former model’ built from steps (a) or (b-c), and the R2 of the 

‘new model’ is stored. An iteration is used to loop step (b) k (k indicates the number of potential 

predictor variables in the remaining pool at the beginning of step b) times, and the R2 of each 

‘new model’ is stored respectively. (c) Comparing all ‘new models’ generated from step b, the 

new model with the highest additional increase in R2 is determined as the ‘final new model’ if 

1) the additional increase of R2 is > 1%; 2) the direction of effect of each predictor variable in 

the ‘new model’ is still the same with its pre-defined criteria. (d) Iterate steps b-c until the 

additional increase of R2 is < 1% if all the remaining potential predictor variables are tried to 

update a ‘new model’. (e) The predictor variables in the ‘current model’ with p-value > 0.10 

are excluded from the model equation consecutively, beginning from the variable with the 

maximum p-value, until all variables in the final model are statistically significant. After 

forming the final LUR model based on the above steps, there is still a need to check if the LUR 

equation meets the criteria below. Influential observations are checked by Cook’s Distance 

(normally<1.0). Collinearity is checked by the variance inflation factor (VIF), any predictor 

variable with a VIF>3.0 is not acceptable. Moran’s I is used to check if there is any spatial 

autocorrelation (normally p>0.05). Both heteroscedasticity and normality of the residuals are 

checked visually by plotting them out. 

3.2.3 Model validation 

After regression modelling, the developed LUR model still needs to be assessed for the extent 

to which it can simulate the pollutant concentrations accurately. The performance of the built 

LUR model is assessed using R2 and root mean square error (RMSE) generated from a 

comparison between the predicted and measured concentrations. 

In this study, three kinds of validation methods are considered: Holdout Validation (HV), 

K-fold Cross-Validation (KCV), and Leave-One-Out Cross-Validation (LOOCV). Each of 

these methods can be applied to validate the developed LUR model according to different 

measurements and users’ needs. In HV, all samples (monitoring sites) are divided into two 

groups randomly; one dataset (training dataset) is used to develop the LUR model, and the 

other dataset (testing dataset) is used to validate the developed model, respectively (Kim, 2009). 

Usually, the training dataset is much larger than the testing dataset. In KCV, all samples are 

divided into K equal-sized groups. Among these groups, each time, only one group of samples 

is selected as the testing dataset, and all the remaining samples from the other K-1 groups are 
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used to develop the LUR model. Looping the above-mentioned process k times, every group 

will be used just once to validate the developed LUR model (Kohavi, 1995). In LOOCV, n 

samples are assumed in the dataset; leave one of them to test the LUR model developed based 

on a training dataset of the remaining n-1 samples each time. Iterating this step n times, the 

developed LUR model is validated by comparing measurements with the prediction at each site 

generated from this n iterations sequentially (Hoek et al., 2008). 

3.2.4 Prediction and concentration mapping 

If the developed LUR model passes the validation process successfully, the final LUR model 

can be used to predict the pollutant concentration at every pre-determined point of interest 

within the study area or generate a distribution map of the pollutant concentration for the whole 

study area at a user-specified spatial resolution. The process of prediction using the validated 

LUR model at unsampled points can be summarized as: (1) a layer showing unsampled points 

of interest or regular grids covering an area is made; (2) at any unsampled point, values of 

predictor variables shown in the final LUR model can be extracted and then put into the LUR 

regression equation to estimate the concentration at this point. For the concentration mapping, 

the resolution of the map can be set by changing the spacing of output grids. If the predicted 

grids of the fishnet are not dense enough (e.g., a coarse resolution map predicted using LUR 

model), geo-statistical interpolation techniques (such as inverse distance weight and ordinary 

Kriging) can be used in ArcGIS to interpolate the map into a finer resolution one. However, 

the quality and accuracy of the fine-resolution map generated in this indirect way are not as 

good as those of a high-resolution map directly generated from the LUR model (which requires 

a large number of spatial computations). 

3.3 PyLUR Software 

The PyLUR software described here, which realizes all the functions described in Section 3.2, 

is developed based on the Python platform (Sanner, 1999). It contains four self-developed 

modules - a potential predictor variable generation module, a regression modelling module, a 

model validation module, and a prediction and mapping module - represented in different 

colors in Figure 3.1. Also illustrated in the figure is a flowchart describing the procedures of 

LUR modelling introduced in Section 3.2. PyLUR could be used for both long- and short- term 

air quality modelling and concentration mapping. The temporal resolution of the LUR model 

and its corresponding concentration map generated by PyLUR is decided by the temporal 

resolution of the input monitoring data (If the monitoring data provided is an 
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annual/monthly/daily/hourly average based dataset, then the developed LUR model and its 

corresponding concentration output is also annual/monthly/daily/hourly average based results). 

In order to explain how PyLUR is developed and works, a set of monitored nitrogen dioxide 

(NO2) and GIS data for Auckland (New Zealand) were used with PyLUR (named as Auckland 

test datasets) to test the software. This monitoring dataset contains annual averaged NO2 

concentration at 42 monitoring sites collected in 2017. The distribution of these sites is shown 

in Figure 3.2-(a). 

 

 
Figure 3.1: Flowchart of the LUR modelling and module structures of the PyLUR software. 

 
3.3.1 Potential predictor variable generation module 

The main purposes of the potential predictor variable generation module are to first upload the 

monitoring dataset and all relevant GIS layers, and then generate corresponding potential 

predictor variables at each monitoring site. To upload the input data, a simple GUI of pop-up 

windows is developed using the Python Tkinter module to instruct users to upload the 

monitoring data and various GIS data. GDAL/OGR module is imported and used to read GIS 
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data and implement spatial analysis. GDAL (Geospatial Data Abstraction Library) is an open-

source library designed to manipulate raster data, such as Digital Elevation Model (DEM). 

OGR (OpenGIS Simple Features Reference Implementation) is another open-source library 

designed to manipulate vector data. These two libraries are written in C/C++ and binding to 

Python (OSGF, 2008; Westra, 2013) (Bindings allow for C/C++ functions/methods to be 

accessible from Python).  

As each kind of GIS input data could be represented in numerous formats, it is necessary 

to prepare the data so that they conform to a common format before running the program. The 

monitoring data should be a point shapefile showing the observation and location of each site 

(If the raw monitoring data are stored in the CSV format, it has to be imported into ArcGIS or 

QGIS first in the data preparation step and then readily converted to a point shapefile). GIS 

data that can be uploaded into PyLUR include land use maps, road network (including road 

types and traffic volume), population and household information of each census unit, the 

footprint of each building with height information, sky view factor (SVF, it represents the ratio 

at a point in space between the visible sky and a hemisphere centered over the analyzed 

location). Other inputs include maps showing the location of car parks, ferries, coastline, train 

stations, and bus stops. The format of most input monitoring and GIS data adheres to the criteria 

introduced in the ESCAPE project manual (ESCAPE, 2010) and Morley and Gulliver (2018). 

Figure 3.2 shows maps of the Auckland study area, and some of the spatial data used to generate 

predictor variables (e.g., elevation, population density). Since many novel GIS data and 

corresponding potential predictor variables can be considered in PyLUR, there are also several 

other self-defined data formats. For instance, the GIS data of building footprint information is 

a polygon shapefile: a vector file for each building’s footprint with a field (‘Height’) specifying 

the height of the building (unit: m). Coordinate system (spatial reference) is a very important 

issue when handling spatial data. For simplicity, users can use any coordinate system for these 

monitoring and GIS input data as long as all of them are in the same coordinate system (If not, 

the coordinate system can be converted to the same one using ArcGIS or QGIS in the data 

preparation step).  

After uploading all the input data, spatial analysis can be implemented to generate 

potential predictor variables (Table 3.1). All of these variables can be classified into four 

categories according to their nature: land use variables, urban configuration variables, 

background variables, road network variables, and traffic variables. All these variables may 
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influence emissions characteristics and/or the dispersion and removal of air pollutants. For 

instance, land use variables reflect the influence of surrounding land use features on the 

pollutant concentration at a monitoring site. Land use categories such as industry or port are 

assumed to increase the ambient air pollutant concentration (through increased emissions), 

while urban greenfield and natural features are assumed to reduce the ambient air pollutant 

concentration (through decreased emissions and/or increased dispersion). Buffering analysis 

(circular buffers are used for all buffering analysis in PyLUR) at different buffer radii is carried 

out to calculate the total area of a specific land use type around each monitoring site. 

 

 
Figure 3.2: Maps of monitoring stations and main input GIS datasets to test PyLUR 
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Table 3.1: Potential predictor variables considered in PyLUR 

Potential predictor variable Variable code 
Land use:                                                    
Buffer radii (m): 5000, 2000, 1000, 500, 200, 100 
High density residential zone HDRES (+) 
Low density residential zone LDRES (+) 
Industry INDUSTRY (+) 
Port PORT (+) 
Urban green URBGREEN (-) 
Natural features NATURAL (-) 
Urban configuration:  
Buffer radii (m): 1000, 500, 350, 200, 100, 50  
Sum of building footprint areas SOBFA (+) 
Number of buildings BUILDNUM (+) 
Sum of all building height SOBH (+) 
Average building height Ratio_BH_BN (+) 
Total building volumes/area of buffer BuildingDensity (+) 
Sky view factor SkyViewFact (-) * 
Mean SVF within the buffer circle MeanSVF (-) 
Background:  
Buffer radii (m): 5000, 2000, 1000, 500, 200  
Altitude of the place Elevation (-) * 
number of inhabitants POP (+) 
number of households HHOLD (+) 
number of carparks1 CARPD (+) 
Inverse of distance to ferry DISTINVFERRY (+) * 
Inverse of distance to coast DISTINVCOAST (-) * 
Number of bus stops2 BusStopNums (+) 
Inverse of distance to the nearest bus stop DISTINVNrBusStop (+) * 
Inverse of distance to the nearest train station DISTINVNrTrainStn (+) * 
Road network and traffic:  
Buffer radii (m): 1000, 500, 300, 200, 100, 50, 25  
Number of road intersections RdInterNum (+) 
Inverse of distance to the nearest road intersection DISTINVNrRdIntSe (+) * 
Length of all main roads within the buffer circle MAINROADLENGTH (+) 
Inverse of distance to the nearest main road DISTINVNrMainRoad (+) * 
Total traffic load of all major roads  TRAFMAJORLOAD (+) 
Total heavy-duty traffic load of all major roads HTRAFMAJORLOAD (+) 
Length of all major roads within the buffer circle MAJROADLENGTH (+) 
Total heavy-duty traffic load of all roads HEAVYTRAFLOAD (+) 
Length of all roads within the buffer circle ROADLENGTH (+) 
Total traffic load of all roads within the buffer circle TRAFLOAD (+) 
Heavy-duty traffic volume on the nearest major road HEAVYTRAFMAJOR (+) * 
Inverse of distance to the nearest major road DISTINVMAJOR1 (+) * 
Inverse of distance squared to the nearest major road DISTINVMAJOR2 (+) * 
Product of TRAFMAJOR and DISTINVNEAR1 INTMAJORINVDIST (+) * 
Product of TRAFMAJOR and DISTINVNEAR2 INTMAJORINVDIST2 (+) * 
Traffic volume on the nearest major road TRAFMAJOR (+) * 
Traffic volume on the nearest road TRAFNEAR (+) * 
Inverse of distance to the nearest road DISTINVNEAR1 (+) * 
Inverse of distance squared to the nearest road DISTINVNEAR2 (+) * 
Product of TRAFNEAR and DISTINVNEAR1 INTINVDIST (+) * 
Product of TRAFNEAR and DISTINVNEAR2 INTINVDIST2 (+) * 
Heavy-duty traffic volume on the nearest road HEAVYTRAFNEAR (+) * 

                    (+), (-) after the code name indicates the direction of effect of the predictor variable    
                    1 use a buffer radii (m): 1000, 500, 200, 100; 2 use a buffer radii (m): 300, 200, 150, 100, 50   
                    * indicates: buffer analysis is not applied 
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Functions of buffer generation, the distance between features, and layer intersection are 

used to create buffer and near analysis tools in Python to extract potential predictor variables. 

After running the potential predictor variable generation module, a table in the Excel file format 

(.xlsx) is created. It shows the values of all potential predictor variables at each monitoring site. 

3.3.2 Regression modelling module 

The main purposes of the regression modelling module are to optimize a regression equation 

to explain the variability of measured air pollution data maximally and, at the same time, to 

ensure that all the requirements discussed in Sect. 3.2.2 are met. Two Python packages of 

Statsmodels and Sklearn are imported and used to form and check the regression equation. 

Statsmodels is designed to implement statistical modelling, analysis, and tests (Seabold and 

Perktold, 2010). Sklearn contains various functions and tools initially designed for machine 

learning (Pedregosa et al., 2011). The regression and model selection tools in Statsmodels are 

used in software development. 
 

Table 3.2: Summary statistics of the LUR model and validation using the Auckland test data.  

LUR Model Coefficient Std.error p-Value VIF 

Intercept 8.827994 1.9515 <0.001 - 
MAINROADLENGTH_100 1.264385e-02 0.0024 <0.001 1.054 
Ratio_BH_BN_50 1.343607 0.2778 <0.001 1.1664 
TRAFLOAD_1000 7.642508e-09 <0.001 0.0421 1.2240 

Validation method R2 RMSE (μg•m-3)   

None 0.68 4.35   

K-fold (5-fold) 0.63 4.40   

LOOCV 0.62 4.51   
 

After running the regression modelling module, an Excel file (.xlsx) including selected 

predictor variables, corresponding coefficients, and model check statistics of the final model 

will be output. Table 3.2 shows the result of a LUR model developed based on the given 

Auckland test dataset. In addition, plots of regression diagnostics are also generated to allow 

the user to confirm the correctness of the proposed LUR model. Figure 3.3 shows the 

corresponding diagnostics plots of the LUR model presented in Table 3.2.   

 

https://en.wikipedia.org/wiki/Statistical_tests
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Figure 3.3: Diagnostics plots for the final LUR model developed using the regression 

modelling module of PyLUR. (a). Scatter plot; (b). Residuals vs. fitted plot; (c). Q-Q plot; 
(d). Scale-location plot; (e). Cook’s distance; (f). Leverage plot. 

 



 
 

41 
 
 

3.3.3 Model validation module 

The main purpose of the model validation module is to evaluate the effectiveness of the 

developed LUR model. Statsmodels and Sklearn packages are once again incorporated into this 

module. After running the model validation module, R2 and RMSE of the corresponding 

validation methods will be output. Table 3.2 also shows validation results using different 

validation methods. “None” in Table 3.2 means that all sites are used to develop the LUR model 

that is subsequently validated by the data already used in the model building process instead of 

using a cross-validation method.    

 
Figure 3.4: Input of 50m-resolution fishnet grids of central Auckland (a) uploaded  

and its corresponding output concentration map (b) generated by the  
prediction and mapping module in PyLUR 
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3.3.4 Prediction and mapping module 

The main purposes of the prediction & mapping module are to predict the concentration at the 

points of interest and generate a concentration map for a certain area. Functions and tools used 

in this module are largely the same ones as those already developed in the potential predictor 

variable generation module. The procedures of a prediction are first generating predictor 

variables involved in the final LUR model and then plugging these values into the LUR 

equation to estimate the concentration at each point of interest. The input of this module is a 

vector shapefile containing all points of interest or grid points for an area. The output is an 

Excel file (.xlsx), including the siteID, with its corresponding predicted concentration at each 

point. After joining the output Excel file with the input shapefile in ArcGIS, the concentration 

map can be either displayed on screen or exported for other uses. Figure 3.4-(a) shows fishnet 

grids of 50m-resolution for central Auckland, and the centroid of each grid is extracted into a 

point shapefile as the input of this module. Figure 3.4-(b) shows the corresponding NO2 

concentration map of a 50 m resolution for the central Auckland output after running this 

module. 

3.4 Comparison between PyLUR and RLUR  

Although a large number of studies have been carried out about LUR modelling, there are only 

a handful of documents about LUR modelling software. To our knowledge, RLUR (Morley 

and Gulliver, 2018) might be the only publicly accessible and open-source LUR modelling 

software. In order to assess the correctness and computational efficiency of PyLUR, a 

comparison between PyLUR and RLUR was carried out. The test data used for this comparison 

was the same as that provided by RLUR. This dataset contains NO2 measurements (annual 

averaged) at 48 sites in Bradford, UK (named as Bradford test dataset). Details about the 

monitoring campaign and corresponding GIS data of this test dataset can be found via the link: 

https://www.sciencedirect.com/science/article/pii/S1364815217302621. The testing platform 

was an HP desktop running Windows 10 Enterprise, with a 2.50 GHz i5-6500T processor and 

8 GB of DDR3 RAM (random-access memory). In the modelling process, around 90 potential 

predictor variables were considered in both PyLUR and RLUR (because RLUR just supports 

basic potential predictor variables and its test data does not include some background and urban 

configuration GIS data, PyLUR can also be run even without these additional GIS datasets). 

 

https://www.sciencedirect.com/science/article/pii/S1364815217302621
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Table 3.3: Summary of model structure (a), validation (b), and time used (c) for each LUR 
model developed by PyLUR and RLUR, respectively. 

(a) Model structure 

 Coefficient Std.error p-Value VIF 
PyLUR model     
Intercept 2.509690e+01 2.8122 <0.001 - 
HEAVYTRAFLOAD_300 7.404403e-06 <0.001 <0.001 1.4190 
MAJORROADLENGTH_25 1.657081e-01 0.0330 <0.001 1.2802 
LDRES_1000 4.034466e-06 <0.001 0.0011 1.3010 
NATURAL_5000 -4.188823e-07 <0.001 0.0045 1.1074 
RLUR model     
Intercept 2.519481e+01 2.9810 <0.001 - 
HEAVYTRAFLOAD_300 7.777755e-06 <0.001 <0.001 1.4150 
MAJORROADLENGTH_25 1.657495e-01 0.0341 <0.001 1.2735 
LDRES_1000 3.821112e-06 <0.001 0.0035 1.4020 
NATURAL_5000 -6.045010e-07 <0.001 0.0118 1.1942 

(b) Model validation 

 Model R2 
Model 
RMSE 

LOOCV R2 
LOOCV 
RMSE 

PyLUR model 0.79 5.13 0.73 5.45 

RLUR model 0.78 5.24 0.71 5.76 

(c) Computation time  

 
Potential predictor 

variable generation 

Prediction 

500m-resolution 
(357 points) 

10m-resolution 
(168597 points) 

PyLUR 1min 04secs 40secs 2hrs 14mins 21secs 

RLUR 3mins 56secs 19mins 45secs After 1.5days crashed 
 

Table 3.3-(a) shows the results of the two LUR models developed by PyLUR and RLUR, 

respectively. The two regression equations have exactly the same predictor variables; however, 

their corresponding coefficients are slightly different in the two models. This is caused by the 

use of different spatial analysis packages for the predictor variable generation step in PyLUR 

and RLUR. In PyLUR, Python version binding is used to extract the value of each predictor 

variable. In RLUR, R version binding is used to extract the value of each predictor variable. 
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The input GIS data are the same, but the outputs from these two bindings are not exactly the 

same, meaning the value of a predictor variable extracted by PyLUR and RLUR could be 

slightly different. Therefore, the beta coefficients of a predictor variable estimated by PyLUR 

and RLUR are somewhat different. Several potential predictor variables randomly selected at 

a few monitoring sites are extracted manually in ArcGIS 10.5 to check the correctness of 

potential predictor variables generated by PyLUR and RLUR. This check shows that the values 

of potential predictor variables generated in PyLUR are the same or very close to the results 

manually generated in ArcGIS 10.5. However, there are slight but still acceptable biases 

between the RLUR results and ArcGIS 10.5 ones. This is owing to the fact that the spatial data 

reading and analysis libraries (GDAL/OGR) used in PyLUR are the same as those in ArcGIS 

10.5. The spatial analysis libraries in RLUR have a slightly different version (rgdal, rgeos, sp). 

As shown in Table 3.3-(b), both PyLUR and RLUR can achieve a similar model fitting 

R² (PyLUR: 0.79 and RLUR: 0.78, a higher R² means the model can explain more variability). 

PyLUR’s model RMSE of 5.13 is slightly smaller than 5.24 of RLUR (smaller RMSE means 

a higher accuracy of the model). A comparison of the performance of LUR models from 

PyLUR and RLUR in terms of LOOCV R2 and LOOCV RMSE leads to a similar conclusion. 

Even though the differences are small and not statistically significant, the results still indicate 

PyLUR outperforms RLUR for modelling in this case. It should be noted that in reality, the 

superior performance of PyLUR over RLUR is probably better than that shown in Table 3.3- 

(a) and (b) as it allows more potential predictor variables to be considered in the model 

development (in this case for comparison PyLUR is constrained to only use potential predictor 

variables which can also be generated by RLUR).  

The comparison of PyLUR and RLUR in terms of data processing efficiency and 

software stability is carried out based on the time cost for potential predictor variable 

generation and model prediction of heavy workloads (concentration mapping at a fine-

resolution), respectively. The model selection and validation in RLUR have to be done 

manually, so these two steps are excluded in the comparison. The time needed for running 

PyLUR and RLUR is shown in Table 3.3-(c). It took nearly four times longer for RLUR to 

generate all potential predictor variables than that of PyLUR. Furthermore, PyLUR is much 

more efficient than RLUR in predicting the spatial distribution of the pollutant. It took RLUR 

19 mins 45 secs to complete the prediction for the urban area (10 km²) of Bradford at a spatial 

resolution of 500 m. This duration is 27 times longer than 40 secs needed by PyLUR. When 
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the resolution of the concentration map was increased to 10 m, requiring prediction at 168,597 

points, it took PyLUR 2hrs 14mins 21secs to complete the prediction process. Figure 3.5 shows 

the NO2 concentration map for the urban area of Bradford, the UK, at a 10m-resolution. 

However, RLUR crashed each time after 1.5 days’ unfinished prediction running.  

 

 
Figure 3.5: A distribution map (10 m-resolution) of NO2 concentration (μg•m-3) for the urban 
area of Bradford, UK generated by PyLUR. No similar results can be obtained from RLUR  

because it crashed after running for 1.5 days. 
 
 

To find the reason of RLUR’s relative inefficiency and tendency to crash, its source 

code was inspected, and the change of RAM during the running of RLUR was also monitored. 

It was found during testing that the difference in running speed between PyLUR and RLUR 

occurred mostly during spatial data processing (predictor variable generation in the modelling 

and prediction, respectively). For RAM usage situations: during the running of PyLUR, the 

memory in use stayed at a relatively stable level throughout the entire prediction processing. 

However, during the running of RLUR, the memory in use would gradually increase with the 

increment of the number of predictions until the program crashed at some point.  
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In terms of spatial analysis packages used and program designs between PyLUR and 

RLUR, both used GDAL/OGR packages (PyLUR uses a Python version binding of 

GDAL/OGR package; RLUR uses an R version binding rgdal/ogr package) to manipulate 

geospatial data. These two version bindings both can be used to process geospatial data and 

carry out the spatial analysis. However, there are significant differences between them not just 

from the syntax aspect but also from the data processing logic aspect. For the R version, the 

binding is adapted to the R style. The spatial data processing is data-frame- and layer-based in 

R. However, for the Python version, the binding is more complex and requires the user to have 

a much deeper understanding of the GIS principle. The spatial data processing is more likely 

to be feature-based (the Python GDAL/OGR binding is a very fundamental package), 

dissimilar to the R version (the R binding has been somehow adapted to the R style). It means 

that one needs to write codes for the layer-based operations based on these feature-based 

fundamental functions when using the Python binding.  

Two factors might lead to the difference in processing efficiency and software stability 

between PyLUR and RLUR. On the one hand, in RLUR, built-in layer-based functions are 

used directly to do spatial analysis. In PyLUR, one needs to first understand the entire internal 

procedures and then use some feature-based functions to self-define the layer level operations, 

which could reduce unnecessary procedures in a built-in layer-based function and save some 

time in some cases. On the other hand, in RLUR, arguments passed into a spatial analysis sub-

function are usually represented as layer-based objects (the whole data-frame structure or a row 

of the data-frame). In PyLUR, feature objects are usually passed into a sub-function. Generally, 

passing a feature (or a temporary layer containing only a single feature) needs less time than 

passing data-frame structures. Considering the huge workload of spatial analysis needed in the 

fine-resolution prediction and mapping, these two factors, especially the latter one, could cause 

issues such as processing inefficiency and poor software stability. 

In order to explore the performance and compare them further, RLUR was applied to 

run the Auckland test data (used in Section 3.3). This comparison was constrained in the 

potential predictor variable generation step since not all input GIS data of the Auckland test 

sets are supported by RLUR (RLUR does not consider urban configuration and background 

related variables described in Table 3.1. Therefore, the developed LURs could have very 

different model structures). The same potential predictor variables (constrained) were also 

generated in PyLUR to compare the efficiency of data processing. It took PyLUR 4 mins 13 
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secs and RLUR 41 mins 46 secs to complete this task, respectively. Thus, PyLUR was ten 

times faster than RLUR in this case. Compared with the results in Table 3.3 for the Bradford 

test data (48 sites, it took PyLUR 1 min 04 secs), PyLUR was four times longer in generating 

the same potential predictor variables for the Auckland dataset that was 17.5 times (70 MB vs. 

4 MB) the size of the Bradford dataset. However, it took RLUR more than ten times longer to 

complete the same task (Bradford: 3 mins 56 secs, Auckland: 41mins 46 secs). Table 3.4 shows 

the size of GIS input data from Auckland and Bradford test data sets, respectively. The 

Auckland test data are larger; therefore, it needs more computation time for the same spatial 

analysis. This comparison shows that PyLUR is more capable of manipulating a large volume 

of GIS input data. The advantage of PyLUR’s computation efficiency in data processing is 

more obvious when the input data are much larger in volume. 

 
Table 3.4: Comparison of the size between Auckland and Bradford test data 

Input GIS data 
Auckland test data Bradford test data 

Size of file Number of features Size of file Number of features 

Land use  47311 KB 16984 170 KB 183 

Road network 22596 KB 59252 3354 KB 30611 

Population 450 KB 10456 434 KB 15845 

 

3.5 Conclusion 

In this study, we present a piece of self-developed software named PyLUR for LUR modelling 

and pollution mapping using GDAL/OGR libraries based on the Python platform. Tests and 

comparisons show that PyLUR has a better performance in data processing efficiency and 

software stability than existing ones. The innovations and advantages of PyLUR are: (a) it 

supports more kinds of potential predictor variables in the modelling; (b) an automatic 

regression modelling module is considered; (c) it could handle detailed GIS data and output 

fine-resolution predictions efficiently and stably; and (d) it is open-source, and the source code 

could benefit researchers who are interested in LUR modelling or programming using 

GDAL/OGR Python binding. A limitation of PyLUR is the lack of a sophisticated GUI like 

RLUR. However, this can be overcome by undertaking GIS data exploration and visualization 

of the output concentration maps separately in commercial GIS software. At present, PyLUR 
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will be released and open-sourced as ‘PyLUR 1.0’. The authors are making efforts to develop 

a user-friendly GUI for PyLUR and would upgrade it to ‘PyLUR 2.0’ in the near future.  
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Chapter 4 A site-optimised multi-scale GIS based 
land use regression model for simulating local scale 
patterns in air pollution 
 

Xuying Ma, Ian Longley, Jay Gao, Ayushi Kachhara, Jennifer Salmond. (2019). A site-
optimised multi-scale GIS based land use regression model for simulating local scale patterns 
in air pollution. Science of the Total Environment, 685: 134–149.  
 

4.1 Introduction 

Short-term acute, and longer-term chronic, exposure to air pollution can significantly affect 

human mortality and morbidity (Kim et al., 2015; Lelieveld et al., 2015; Bowatte et al., 2015; 

Meng et al., 2015). Accurate assessment of human exposure to air pollution requires detailed 

knowledge of the heterogeneous spatial patterns in concentration in urban areas. The rise of 

low-cost sensors has improved our ability to measure local-scale air quality (Miskell et al., 

2018; Castell et al., 2017; Moltchanov et al., 2015; Weissert et al., 2017), but these data still 

need to be interpolated to provide detailed high-resolution maps of air quality in cities. 

Traditional statistical interpolation techniques such as inverse distance weighting (IDW) and 

ordinary kriging (OK) are simple in concept and implementation. Still, they have a limited 

application at local scales in urban environments due to a failure to effectively resolve complex 

pollutant dispersion and emission patterns. The alternative is air quality modelling. 

Of the various modelling approaches, Land Use Regression (LUR) modelling, also 

known as 'regression mapping', is recognised as a viable method owing to its ability to take 

emission sources and modifiers into account, such as traffic volume, distance to the nearest 

major road, and land cover (Briggs et al., 1997). The LUR modelling approaches have gained 

increasing popularity in many cities in China (Meng et al., 2015; Yang et al., 2018; Lee et al., 

2017), Europe (Gulliver et al., 2018; van Nunen et al., 2017), and North America (Weichenthal 

et al., 2016; Hankey and Marshall., 2015; Zhai et al., 2016). Compared with other dispersion 

models, LUR modelling is a relatively simple and accessible approach for reliably modelling 

air pollution in cities if the required air pollutant measurements and GIS data are available 

(Hoek et al., 2008; Morley and Gulliver, 2018).  

In many previous studies, LUR models have been developed at one scale (referred to as 

“standard LUR” or “one-scale-fits-all LUR”), in which a general LUR regression equation is 
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applied to the whole study area based on where the data has been collected (Meng et al., 2015; 

Yang et al., 2018; Lee et al., 2017; Gulliver et al., 2018; van Nunen et al., 2017). Although it 

is a reasonable and reliably modelling approach, a standard LUR model is still limited in that 

it could not perform well when applied to predict local air pollution, even within the same study 

area where the model is developed for.  

A large city may have several suburbs with distinct urban-scapes and land use, which 

differ dramatically in urban design and density configurations. Thus, traditional one-scale-fits-

all LUR model is limited in its ability to simulate simultaneously regional, local- and micro-

scale variations due to the dominance of different drivers controlling dispersion and emissions 

at different scales in different parts of the city (Hoek et al., 2008; Miskell et al., 2018). To 

mitigate this limitation of a standard LUR model, several studies have been carried out to 

improve LUR modelling approaches. For example, the performance of a standard LUR model 

can be improved by incorporating more variables, such as street and building configurations, 

traffic volume, and speed (Hoek et al., 2008; Eeftens et al., 2012; Beelen et al., 2013; Weissert 

et al., 2018). Nevertheless, there is still no systematic evidence about the importance or 

dominance of a single variable at different scales. 

More recent studies have attempted to address the spatial and temporal scale limitations 

of LUR models in different ways. For example, downscaling approaches use spatially-varying 

coefficients to downscale the output of a numerical model used to predict concentrations from 

grid cell to point level (Berrocal et al., 2010). Geographically weighted regression (GWR) 

allows the coefficients of the regression model to vary across space (Hu et al., 2013; Hamm et 

al., 2015). Miskell et al. (2015) developed a multiscale LUR model using local- and city- scale 

data to improve model adaptability and accuracy. Fang et al. (2016) presented a timely structure 

adaptive modelling (TSAM) method for satellite-based ground PM2.5 estimation in which 

regression model structures vary in time. Zou et al. (2016) used GWR and the ordinary least 

squares (OLS) model to map the spatial distribution of PM2.5 concentrations based on high-

resolution satellite aerosol optical depth data. These varying-coefficient models can accurately 

explain more information with robust performance than a standard LUR model. However, there 

are still some limitations to these previous varying-coefficient models. For instance, GWR 

models allow varying coefficients and spatial-scales, but the model structure is fixed. TSAM 

approach allows varying model structures and temporal-scales but with a fixed spatial scale.  
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This study attempts to overcome the aforementioned limitation of standard LURs by 

developing a site-optimised multi-scale LUR modelling approach that draws on different LUR 

models developed at appropriate scales and locations. The present contribution could be viewed 

as a special case of the above-mentioned varying-coefficient models in which both the 

coefficients and model structures vary with scales (e.g., CBD, urban, suburban) defined 

differently from previous studies. Results are modelled at a 50m resolution over the entire 

Auckland metropolitan area, based on individual site-optimised selection of the most 

appropriate LUR model for each location using self-developed software PyLUR in the Python 

platform. The study focuses on NO2, which is primarily derived from vehicular emissions in 

Auckland (Auckland Council, 2016).  It aims to (1) accurately model the spatial concentration 

of NO2 at multi-scales by taking into account a comprehensive range of potential predictor 

variables, some of which are studied for the first time in New Zealand; (2) assess the relative 

importance of different LUR predictor variables at various scales and the modelling accuracy 

achievable at each scale; (3) evaluate the accuracy of the new multi-scale site-optimized LUR 

models relative to a standard LUR model; (4) compare the LUR approach to traditional and 

advanced geostatistical interpolation methods. This study was innovative in two aspects. First, 

it considered more potential predictor variables; second, it revealed the importance of the same 

predictor variables at multiple scales. 

4.2 Material and Methods  

4.2.1 Study area 

Auckland is the largest city in New Zealand. Its city-wide built-up area comprises an isthmus, 

North Shore, West Auckland, and South Auckland, with a combined population of 1,495,000, 

accounting for almost one-third of the whole nation’s population (Statistics New Zealand, 

2013). The black outline in Figure 4.1-(a) shows the boundary of metropolitan Auckland. The 

Auckland isthmus is flanked by the Tasman Sea on its west and the Pacific Ocean on its east. 

This geographical setting is conducive to the atmospheric dispersion of pollutants. Together 

with a few heavy industries, Auckland tends to have good air quality. However, with the 

population growth and urban expansion in recent years, increased human activities have posed 

a great potential threat to the clean air. According to the Auckland Council (2016), the major 

source of air pollution in this city is largely from road transport in urbanised areas. NO2 is a 

well-established indicator of traffic-related air pollution (Ministry for the Environment, 2003). 
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                                                          (a)                                                                             (b) 

    
                                                           (c)                                                                           (d) 

Figure 4.1: Study area of Auckland (a) and NO2 (unit: μg•m-3) monitoring sites in (b) the 
CBD, (c) urban, and (d) suburban 

 
In order to establish multi-scale LUR models, the whole city is divided into three 

districts (scales) according to its landscape, administrative division, and function. The central 

business district (CBD) is a high density and high-rise area containing many skyscrapers, 

business centres, shopping malls, and a central public transport terminus. The area within the 

red polygon in Figure 4.1-(b) shows the size of the CBD (1.04 km2). The central or urban 

district is a medium density and medium-rise area where there are many arterial roads, business 

centres, recreation centres, shopping malls, universities, and some high-density residences. The 

area between the purple and red polygons in Figure 4.1-(c) shows the urban (20.52 km2). The 

suburban district is a low-density and low-rise area with many residences, parks, green spaces, 

and other open spaces. The area between the black and purple polygons in Figure 4.1-(d) shows 
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the suburban (533.11 km2). Such distinct urban-scapes and land use at each scale are expected 

to have the dominance of different drivers and lead to varying patterns of NO2 concentrations. 

4.2.2 NO2 monitoring network 

The NO2 data used in this study consists of two sets. Set 1 is used to build the multi-scale LUR 

model and carry out the internal validation, which contains 107 sites measured by passive 

diffusion tubes throughout Auckland (yellow circles in Figure 4.1-a). Set 2 is just used to carry 

out the external hold-out validation, which contains eight fixed monitoring stations (green 

squares with site ID in Figure 4.1-a). 

For Set 1, the datasets were collected by three agencies: New Zealand Transport Agency 

(NZTA), Auckland Council (AC), and University of Auckland (UoA). The NZTA dataset 

consists of monthly samples throughout 2011. Sampling campaigns from AC and UoA were 

carried out during June-September 2011 (28-day intervals, three campaigns) and August-

October, 2013 (14±2 day intervals, three campaigns), respectively. As data from AC and UoA 

only covered part of the year, they were seasonally adjusted to generate the annual averages. 

For Set 2, all the eight fixed monitoring stations (FMS) were operated by AC and could provide 

hourly data. These data were also used as the reference sites, against which five-year monthly 

averages were adjusted to calculate annual average NO2 for AC and UoA data in Set 1 

(Henderson et al., 2007). In addition to the annual average NO2 concentration (unit: μg•m-3) 

for each site, its geographical coordinates were also obtained for LUR modelling. Note that in 

Set 1, the UoA dataset was collected in 2013, a period different from the other two datasets. 

All the UoA sites were located in a small area within the CBD (CBD data consist of sites from 

NZTA, AC, and UoA). The urban configurations around these sites hardly changed between 

2011 and 2013. It is expected that the pollutant source and modifiers in the CBD remain similar 

during this period. In fact, no significant change in NO2 annual average concentrations in the 

CBD area was reported between 2011 and 2013 (Auckland Council, 2016). In order to develop 

multi-scale LUR models later, all the 107 sites throughout Auckland of Set 1 are also divided 

into three groups according to the territories of the CBD, urban and suburban (data sets shown 

in Figure 4.1-b, c, d respectively). In total, 34 are located in the CBD (Figure 4.1-b), 30 in the 

urban district (Figure 4.1-c), and 43 in the suburban district (Figure 4.1-d).  

4.2.3 GIS dataset 

In this study, a comprehensive range of detailed, high-resolution GIS data were collected from 

different sources, including land use data, topographic data, road networks, traffic data, and 
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building information. GIS layers of land use, road network, and building footprint contain 

90369, 59252, and 660762 features, respectively.  

The land use data of the whole of Auckland was obtained from AC. All lands on the 

ground originally classified into 48 categories were regrouped into six classes according to the 

standard of ESCAPE project manual: high-density residential, low-density residential, industry, 

port, urban greenfield, and natural zone (ESCAPE, 2010).  

Large-scale (1:1,000) road network data were obtained from AC. All roads in the 

database were classified as access rural, access urban, arterial rural, arterial urban, ferry car, 

ferry passenger, footpath, foot track, major rural, major urban, medium rural, medium urban, 

minor rural, minor urban, motorway, and vehicle track road. Among these, motorway, arterial 

rural, arterial urban, major rural, and major urban were regrouped as main roads. Traffic 

volume data were obtained from NZTA, Auckland Transport (AT), and Abley Company. These 

traffic count sites provided traffic volumes (7-day average daily traffic) of all vehicles and 

heavy-duty vehicles in each monitored road. These sites covered about 40% of all roads and 

almost 100% of all main roads within the study area. Roads without linked traffic volume data 

were estimated using the AC regional traffic model. Among all the roads, those with a traffic 

volume larger than 15,000 vehicles/day were considered as major roads. The traffic load of a 

road is defined as the product of road length and traffic volume.  

The population and household density data (2013) were obtained from Statistics NZ at 

the meshblock scale, the smallest geographic unit for which statistical data are collected and 

processed (the number of households in a meshblock ranges from a few to tens). Therefore, 

these populations and household counts were very detailed. 

Information about the footprint and height of each building within the whole study area 

was obtained from AC, together with a DEM of 1 m resolution. It contains detailed information 

on a building’s configuration, height, and layouts of nearby roads. The locations of car parks, 

ferry terminals, train stations, and bus stops were obtained from AT. A shapefile of the coastline 

around Auckland was obtained from Land Information New Zealand.  

4.2.4 Potential predictor variables 

A predictor variable is a variable extracted around each monitoring site using “buffer analysis” 

or “near analysis” in GIS to represent the influence of direct or relative emission sources and 

modifiers on local air pollutant concentration. Circular buffering was used in this study, with 
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the radius of each buffer varying within a range unique to the variable in question. “Near 

analysis” was used to calculate the nearest distance from a monitoring site to a certain target. 

A total of 150 potential predictor variables are considered in the modelling (Table A2). They 

have different variable codes, units, buffer sizes, and direction of effect. They represent the 

influence factors of land use, building configuration, road network, and background 

geographical features. In order to keep the computation in the model building process to a 

manageable level, their number was reduced via bivariate correlation analysis between 

pollution concentrations and potential predictor variables. Only those predictor variables 

achieving a correlation coefficient >0.20 were retained for further modelling. 

 

 

Figure 4.2: Sky view factor distribution within urban Auckland district 
 

Shown in Figure 4.2 is the Sky View Factor (SVF) value of any location not occupied 

by a building. This is the very first time that SVF information is used in the LUR modelling in 

the southern hemisphere. This factor is defined as the ratio between lights received by a point 

and those from the entire hemispheric radiating environment (Chen et al., 2012). Calculated as 

the fraction of sky visible from the ground up, SVF has a value ranging from zero (zero views 

of the sky) to one (a full 360° unobstructed view of the horizon). The distribution map of SVF 

for urban Auckland district (Figure 4.2) was estimated using a method similar to those 
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described by Gál et al. (2009) and Tang et al. (2013). As the suburban Auckland district is a 

low-density and low-rise area, the absence of tall buildings allows excellent visibility. 

Therefore, the SVF value outside urban Auckland was set to one. 

4.2.5 LUR model development and validation 

The standard supervised forward stepwise procedure recommended in the ESCAPE project 

was adopted to develop the LUR model in five steps (Beelen et al., 2013). First, univariate 

regression is used to regress values of each potential predictor variable against NO2 

concentrations of monitoring sites. The predictor variable with the highest adjusted explained 

variance is selected as the ‘start predictor variable’ in the LUR model. An initial model is built 

if the coefficient of the ‘start predictor variable’ follows the pre-defined direction of effect in 

Table A2. Second, only one of the remaining potential predictor variables is added to the 

‘previous model’ constructed in step 1 and its effect on the adjusted R2 is recorded. This step 

is repeated for all other remaining potential predictor variables, and the R2 value of the ‘current 

model’ recorded separately. Third, among all results in step 2, the potential predictor variable 

with the highest additional increase in the adjusted R2 will be selected as a new predictor 

variable if it meets the following three criteria: (1) the improvement of the new model’s 

adjusted R2 is larger than 1%; (2) the direction of the coefficient of the new predictor variable 

conforms to its pre-defined direction of effect; and (3) the direction of effect for existing 

predictor variables is the same in both the ‘previous model’ and ‘current model’. Fourth, steps 

2 and 3 are repeated until no remaining potential predictor variables can improve the adjusted 

R2 of the ‘previous model’ by more than 1%. Finally, all non-significant predictor variables (p-

value>0.10) are removed from the existing LUR model sequentially, starting from the least 

significant one (e.g., the largest p-value). 

After the final model has been constructed, its observations, residuals and spatial 

autocorrelation were checked. Cook’s Distance was used to check if there are influential 

observations and the model’s Cook’s D should be smaller than 1.0. Variance inflation factor 

(VIF) is used to check collinearity, avoid the double counting of the same variables (e.g. 

including the same variable in two buffer sizes), and all variables with a VIF larger than 3.0 

were  removed from the model to avoid the issue of multi-collinearity.  

The final built LUR model was evaluated using the Leave-One-Out Cross-Validation 

(LOOCV). In this method, all samples are used to both establish and validate a LUR model. 

Of the n samples in the dataset, at each time, one sample is selected as the model testing data 
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and the remaining n-1 samples are used to establish a LUR model. The final model was fitted 

to N−1 stations with the variables unchanged, and the predicted concentration was estimated 

using the fitted model at the left-out station. The process is repeated n times, so that every 

sample data will be used just once to validate a LUR model. The performance of the built model 

was assessed against R2 and root mean square error (RMSE). 

The aforementioned process was replicated three times to construct multi-scale LUR 

models for three datasets of CBD, urban and suburban districts (Figure 4.1). The final Auckland 

city’s LUR model (labelled as “multi-scale” model) consists of three sub-models: CBD model, 

urban model, and suburban model. In addition to the multi-scale LUR models, the same 

procedure was applied to develop a general LUR model for the whole study area (labelled as 

the “standard” model) based on all 107 monitoring sites without scale divisions to make a 

comparison. The multi-scale and standard models were all developed using the same 107 sites, 

the difference between them was: for the standard LUR model, the whole Auckland city 

(consists of CBD, urban and suburban) is represented by one universal regression equation; for 

the multi-scale LUR models, the whole Auckland city is represented by three sub-scale 

regression equations for the district of CBD, urban and suburban, respectively. 

After validation, the developed multi-scale LUR models were applied to mapping NO2 

concentrations in the study area at a grid size of 50m by 50m. In total, there were more than 

220,000 prediction grids for the whole city. The predicted NO2 concentration at each grid’s 

centroid was calculated using the multi-scale LUR model. For the boundary area between two 

districts, a 200m buffer along both sides of the boundary was created first, and then the 

concentrations of points within this buffer were assigned the averaged values predicted by two 

different sub-models from each side of the two adjacent districts to smooth changes in the 

concentration across their boundary.  

Although the methodology used in LUR modelling was not complicated, model 

development, and especially its application to pollution mapping at the city-scale with detailed 

inputs and 50 m resolution outputs, were computationally intensive. Due to this huge intensity 

of computations, many previous studies of LUR model only provide model equations or 

pollutant concentration maps of a low resolution. In this study, a self-developed LUR 

modelling and pollution-mapping software PyLUR using GDAL/OGR libraries based on 

Python platform is developed to build models and generate the high spatial resolution pollutant 

map efficiently.  
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4.2.6 Geo-statistical interpolation modelling 

Of the various interpolation methods in existence, inverse distance weighting (IDW), ordinary 

kriging (OK), and universal kriging (UK) are widely used to predict air pollutant concentrations 

(Jerrett et al., 2005; Mercer et al., 2011; Xu et al., 2019). In order to assess the effectiveness of 

multi-scale LUR modelling with these methods, the same 107 data points (Set 1) were also 

interpolated to produce the spatial distribution of NO2 pollutants at the same 50 m resolution 

using all the three methods. IDW and OK are both implemented in ArcGIS 10.5. For OK, an 

exponential correlation structure is selected and variogram parameters are identified by least 

squares. As UK with arbitrary trends is not supported in ArcGIS, it is implemented in Python 

and R and visualized in ArcGIS 10.5. Variables used in UK are the same as those selected for 

the final standard LUR model. To run an UK, an exponential correlation structure is assumed; 

the mean and variogram parameters are identified by maximum likelihood. 

The results were first internally verified using the LOOCV method, and then also 

externally verified using the same procedure as described above. The multi-scale LUR models, 

the standard LUR model, IDW, OK, and UK were applied respectively to predict NO2 

concentrations at those eight hold-out FMS sites (Set 2). In addition, model performance 

between the two LUR models and three interpolation methods was also compared among them 

with the annual average NO2 concentration of 2011 that had been aggregated from hourly 

observations throughout the whole year. The biases between the predicted and observed values 

were assessed by both R2 and RMSE.  

4.3 Results and Discussion 

4.3.1 Measured NO2 concentrations in different scales 

Figure 4.3 depicts the measured NO2 concentrations from the monitoring networks (Set 1, 107 

sites, all collected by passive diffusion tubes) in each individual district (scale) and the whole 

of Auckland. The corresponding summary statistics of these NO2 measurements in each scale 

are listed in Table 4.2. The ‘Auckland city’ in Figure 4.3 and Table 4.2 refers to the whole 

study area, which encompasses the CBD, urban, and suburban.  

As expected, a lower level of NO2 concentration is observed in the suburbs than in the 

CBD and urban districts. In the CBD and urban districts, a similar mean level of NO2 is 

observed; however, concentrations in the CBD show a greater range and skewed distribution 

towards higher values. Concentrations are especially high around intersections of major roads 

or near the central public transport terminus (high concentration sites in Figure 4.1-b). 
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Concentrations in backstreets or near vegetation just 20 m away from these intersections are 

noticeably lower (low concentration sites in Figure 4.1-b). The mean NO2 concentration of the 

CBD district (36.67 μg•m-3) is very close to the mean concentration (34.99 μg•m-3) of a 

previous NO2 campaign carried out in a similar area within Auckland CBD (Miskell et al., 

2015). The mean concentration of the suburban district (26.00 μg•m-3) is slightly higher than 

that previously observed (22.00 μg•m-3) in suburban Auckland (Weissert et al., 2018). The 

mean NO2 concentration of Auckland (31.79 μg•m-3) is similar to concentrations observed in 

Vancouver, Canada (30.46 μg•m-3) (Henderson et al., 2007). 

 

 
Figure 4.3: Boxplot of annual averaged NO2 measurements of 2011 collected by passive 

diffusion tubes in each district and the whole study area. 
 
 

Table 4.2 Summary statistics of NO2 measurements in each scale 

Districts 
(Scales) 

Number 
of sites 

Statistics of NO2 concentrations (μg•m-3) in each scale 
Median Mean Max. Min. Std. Dev. Range 

CBD 34 36.32 36.67 58.66 20.55 8.34 38.11 
Urban 30 32.97 34.55 48.52 17.27 9.43 31.24 
Suburban 43 27.95 26.00 44.67 10.32 8.56 34.34 
Auckland city 107(34+30+43) 31.67 31.79 58.66 10.32 9.92 48.34 

 

4.3.2 Model results 

Summary statistics of the multi-scale LUR models at the CBD, urban and suburban scales are 

shown in Table 4.3, and can be compared to the summary statistics of the standard LUR model 

built using the same training data shown in Table 4.4. The red colour in Tables 4.3 and 4.4 
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identifies predictor variables common to three different models, such as “the number of bus 

stops,” common to the multi-scale CBD and urban scale models, and the standard model. The 

blue colour identifies predictor variables common to two different models, such as “total traffic 

loads of all roads.” The green colour identifies predictor variables, which are unique to one 

model, such as “heavy-duty traffic volume on the nearest major road.” 

The most frequent predictor variable in this study, “Number of bus stops within a certain 

buffer”, was also identified as a predictor variable in the LUR models of Miskell et al. (2015) 

and Weissert et al. (2018), of which the study areas are urban Auckland and a heavily trafficked 

road in suburban Auckland, respectively. Velasco and Tan (2016) also emphasised the 

importance of bus stops as hotspots of NO2 emission sources in cities. This indicates a bus stop 

could be a very important urban feature in Auckland, which has a strong effect on NO2 

concentration. Another frequent predictor variable, “length of the main road (main roads in this 

study refer to a motorway, arterial, etc.)” is also found in the LUR models of Henderson et al. 

(2007) and Jerrett et al. (2007) for Vancouver and Toronto, respectively. NO2 pollutants are 

also primarily sourced from vehicles in both cities.  

 
Table 4.3: Summary statistics of the multi-scale LUR model for Auckland 

LUR Model Coefficient Std.error p-Value VIF 

CBD Scale 
Intercept 29.8796 2.2358 <0.001 - 
BusStopNums_50 2.8870 0.6663 <0.001 1.0583 
NATURAL_200 -2.5431×10-4 0.0001 0.0012 1.1926 
MAJORROADLENGTH_50 4.4958×10-2 0.0175 0.0158 1.1001 
HEAVYTRAFMAJOR 6.6755×10-3 0.0029 0.0292 1.0784 
Urban Scale 
Intercept 33.0219 1.9582 <0.001 - 
MAINROADLENGTH_50 3.7491×10-2 0.0046 <0.001 1.1677 
MAJORROADLENGTH_500 1.0744×10-3 0.0002 <0.001 1.1463 
BusStopNums_100 1.3714 0.2941 <0.001 1.0126 
SOBH_500 1.6414×10-3 0.0003 <0.001 1.0098 
Suburban Scale 
Intercept 12.3515 2.5296 <0.001 - 
MAINROADLENGTH_50 4.1019×10-2 0.0051 <0.001 1.0077 
BuildingDensity_1000 5.7107 1.0265 <0.001 1.0358 
TRAFLOAD_300 9.0678×10-8 <0.001 <0.001 1.1222 
Elevation -8.6402×10-2 0.0307 0.0078 1.2881 
URBGREEN_1000 -1.6366×10-4 0.0001 0.0140 1.1969 

 



 
 

61 
 
 

 
Table 4.4: Summary statistics of the standard LUR model for Auckland. 

LUR Model Coefficient Std.error p-Value VIF 

Intercept 19.8151 1.8456 <0.001 - 
MAINROADLENGTH_50 4.0958×10-2 0.0051 <0.001 1.0078 
Ratio_BH_BN_1000 0.2973 0.0869 <0.001 1.5770 
TRAFLOAD_1000 1.0691×10-8 <0.001 <0.001 1.1999 
BusStopNums_100 0.7932 0.2603 0.0030 1.2404 
NATURAL_200 -1.5044×10-4 <0.001 <0.001 1.0693 
Elevation -8.2417×10-2 0.0307  0.0086 1.3165 

 
Another notable interesting phenomenon about the predictor variable is “length of the 

main road”: it is found in both the standard LUR model and all the multi-scale LUR models 

except the CBD scale. The corresponding predictor variable in the CBD model is replaced with 

a similar but slightly different one, “length of the major roads.” The difference between these 

two variables is obvious. The main road is defined by its type and width; however, a major 

road is defined by the traffic volume on it. In Auckland’s CBD, most of the roads are narrow 

and common urban streets. These roads do not belong to the type of the main road. However, 

the traffic volumes on these roads are very heavy, and a large part of these traffics are 

contributed by buses with higher emissions than the fleet vehicle average, especially when the 

buses are stationed at a stop. Therefore, most roads in the CBD scale are classed as “major 

roads.” The multi-scale LUR’s CBD model captures this local variation successfully; however, 

the standard LUR model fails to differentiate this unique local characteristic when applied to 

the CBD area. 

A comparison of the performance between the multi-scale and standard LUR models 

using internal validation is shown in Table 4.5. The multi-scale LUR models have a higher 

model fitting R2 at all scales than the standard LUR model, and perform significantly better at 

the urban and suburban scales. LOOCV R2s of all the models are slightly lower than their 

corresponding model fitting R2 results. A similar relationship exists between the multi-scale 

and the standard models if judged by LOOCV R2. Thus, the multi-scale LUR models 

outperform the standard LUR model by explaining more variability of NO2 concentrations in 

the study area. The multi-scale LUR models have a lower model RMSE at all locations than 

the standard LUR model, especially in the urban and suburban districts. LOOCV RMSE of all 

models are slightly higher than their corresponding model RMSE results, but a similar 

relationship exists between the multi-scale and the standard models if judged by LOOCV 
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RMSE. This means that the multi-scale LUR models have better overall accuracy than the 

standard LUR model. The LOOCV R2 and RMSE of a LUR model of NO2 developed in a 

similar Auckland CBD area are 0.62 and 4.72 μg•m-3 (Miskell et al., 2015), a slightly better 

RMSE than the present CBD scale model (similar CBD district, but slightly different dataset 

compared with the present study). The microscale LUR model developed by Weissert et al. 

(2018) for a road in suburban Auckland achieved a LOOCV R2 of only 0.60,  much lower than 

that of the present suburban scale model. Still, the RMSE (3.84) is a bit better than the present 

one, an outcome likely caused by the narrow range of observations just measured along the 

road. The model R2 and LOOCV R2 are within the range of LUR models (0.36~0.92) developed 

in cities of European ESCAPE projects (Beelen et al., 2013) and North America (Hoek et al., 

2008). The RMSEs of multi-scale LUR models of all scales are generally smaller than the 

average RMSE in other studies (range from 2.10~12.00, usually larger than 5.0; Beelen et al., 

2013; Hoek et al., 2008), indicating a better accuracy.    

 
Table 4.5: Comparison of performance between the multi-scale and standard LUR models. 

Model Spatial scale No. sites Model R2 Model RMSE LOOCV R2 LOOCV RMSE 

Multi-scale CBD 34 0.68 5.10 0.62 5.58 

Urban 30 0.90 3.19 0.86 3.53 

Suburban 43 0.79 4.19 0.73 4.41 

Standard — 107(34+30+43) 0.66 5.98 0.60 6.23 
 

The measured NO2 concentrations of each site (Set 1 monitoring network) from three 

scales are compared with their counterparts modelled at the three scales predicted by the multi-

scale LUR model (each prediction is calculated by LOOCV method) in a scatter plot 

respectively (Figure 4.4, a-CBD, b-urban, c-suburban). Also included in the figure are the 

results of the entire Auckland predicted by the standard LUR model (Figure 4.4, d, also using 

LOOCV method). Angles of intersection between best-fit lines (solid blue lines) and 1:1 lines 

(black dashed lines) in Figure 4.4 (a, b, c vs. d) show that the multi-scale LUR model has a 

better overall fit than that of the standard LUR model. The closeness of the data (represented 

by red open squares) distribution to the best-fit line shows the model accuracy. Of the four 

diagrams, the data deviate more widely along the dashed line in Figure 4.4-d than the results 

in Figure 4.4a-c. This figure demonstrates that the standard LUR model is much less accurate 

than the multi-scale LUR models. These results reflected by Figure 4.4 fully comply with 

conclusions drawn from Table 4.5. 
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Figure 4.4 Comparison between measured and modelled NO2 concentrations using the multi-
scale model at the CBD (a), urban (b), and suburban (c) scales and using the standard model 
for the entire Auckland city (d) scale. The blue solid line represents the best-fit and the black 

dashed line shows the 1:1 line. 
 

4.3.3 Comparison between LUR models and other methods 

Table 4.6 shows a comparison of performance between LUR models and three geo-statistical 

interpolation methods. The LOOCV R2 of IDW and OK interpolations are very low at 0.30 and 

0.32, respectively, with the corresponding RMSE being very high at 8.44 and 8.26 μg•m-3 (a 

good model is expected to have a high R2 and a low RMSE). These two traditional interpolation 

models achieved less than half of R2 value and 30% higher RMSE value than the corresponding 

figures of even the worst LUR model, even though OK is slightly better than IDW. Thus, both 

LUR models outperform the two traditional geo-statistical interpolation methods. As for UK, 
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it outperforms IDW, OK and even the standard LUR model. In the CBD scale, UK outperforms 

the multi-scale LUR models in term of LOOCV R2; however, the multi-scale LUR models 

outperform UK in term of LOOCV RMSE. In urban and suburban scales, the multi-scale LUR 

models outperform the UK model in terms of both LOOCV R2 and RMSE. Generally, the 

multi-scale LUR models are superior to the UK model.  

 

Table 4.6: Comparison of performance (internal validated) between LUR models and geo-
statistical interpolation methods 

Model Spatial scale LOOCV R2 LOOCV RMSE 

Multi-scale LUR CBD 0.62 5.58 

 Urban 0.86 3.53 

 Suburban 0.73 4.41 

Standard LUR Auckland 0.60 6.23 

IDW Auckland 0.30 8.44 

OK Auckland 0.32 8.26 

UK Auckland 0.67 5.72 
 

The above comparison is carried out based on the common internal validation. In order 

to make comparison among different models comprehensive and thorough, an external 

validation is also carried out. The multi-scale LUR models, the standard LUR model, IDW, 

OK and UK interpolations were applied respectively to predict NO2 concentrations at those 

eight hold-out FMS sites (Set 2, green squares with site ID in Figure 4.1-a). Table 4.7 shows 

comparisons between predicted annual NO2 concentrations (μg•m-3) of each site using five 

different models/methods and the measured data. R2 and RMSE for each model are also 

calculated to assess their performances. Among these results, the multi-scale LUR models have 

the highest R2 and the lowest RMSE, which means this approach outperforms the other four 

models. Results also show that all the LUR models have a better performance than traditional 

interpolation methods (e.g. IDW and OK). Traditional interpolation methods estimate results 

directly and does not leverage any other information that might influence the value of the point. 

In contrast, a LUR model uses more data sources associated with surrounding driving factors 

and represents spatial variations of pollutant concentration better than traditional interpolation 

methods. Results also show that the UK method outperforms the standard LUR model since it 

combines standard LUR with OK by smoothing the residuals after the mean concentration is 

explained by land use variables. 
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As shown in Table 4.7, the predicted concentrations from all five models/methods are 

generally higher than their corresponding measurements. This phenomenon might be explained 

by the discrepancy between the modelling and validation data. The modelling datasets were 

collected by passive diffusion tubes deployed mostly near major roads or within high-density 

areas. However, the external validation dataset is collected using continuous chemi-

luminescence analysers (CLA) at the fixed monitoring stations, some of which are far away 

from pollution sources and can be regarded as background sites. Measurements of NO2 from 

passive tubes in Auckland have previously been shown to be approximately 26% higher on 

average than co-located measurements using CLA (NZTA, 2013). This explains why the 

estimated concentrations tend to be much higher than the measured ones at some sites, 

especially those with a very low concentration (sites 1 and 4 in Figure 4.1-a). 

 

Table 4.7: Comparison of measured and modelled/interpolated annual average concentrations 
(μg•m-3) at eight hold-out FMSs 

Site No.* Measurements Multi-scale LUR Standard LUR IDW OK UK 

1 7.80 15.28 19.33 10.34 17.12 17.76 
2 12.30 18.89 22.43 19.33 21.47 21.35 
3 27.10 36.51 34.65 45.33 40.45 35.01 
4 6.00 19.68 21.86 32.09 28.49 20.67 
5 23.70 29.03 25.12 30.95 30.80 24.89 
6 26.00 38.21 37.54 42.06 40.77 38.30 
7 43.20 40.99 39.94 48.49 42.05 41.46 
8 19.90 24.10 31.31 30.70 28.99 29.47 
R2  0.85 0.80 0.65 0.69 0.83 
RMSE  8.48 10.12 13.80 12.29 9.40 

       * Site No. and its location can be found in Fig. 1a 

 

4.3.4 Pollutant concentration mapping 

Although the proposed multi-scale LUR model has been shown to be the best among these five 

models/methods through statistical criteria in sections 4.3.2 and 4.3.3, the performance of these 

five models/methods is also assessed through comparing their effects of pollutant concentration 

mapping. Distribution maps of NO2 concentration in districts of the CBD, urban, suburban and 

the whole study area are generated using all the five models/methods respectively.  
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Figure 4.5: Distribution map (10m resolution) of NO2 concentration for the CBD district 
generated by the multi-scale LUR model (a), standard LUR model (b), IDW interpolation (c), 

OK interpolation (d) and UK (e) 
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Figure 4.6: Distribution map (50m resolution) of NO2 concentration for urban district 
generated by the multi-scale LUR model (a), standard LUR model (b), IDW interpolation (c), 

OK interpolation (d) and UK (e) 
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Figure 4.7: Distribution map (50m resolution) of NO2 concentration for suburban district 
generated by the multi-scale LUR model (a), standard LUR model (b), IDW interpolation (c), 

OK interpolation (d) and UK (e) 
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Figure 4.8: Distribution map (50m resolution) of NO2 concentration for the whole study area 
generated by the multi-scale LUR model (a), standard LUR model (b), IDW interpolation (c), 

OK interpolation (d) and UK (e) 
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Figures 4.5, 4.6, 4.7 and 4.8 show the distribution maps of NO2 concentration (10m 

resolution) for the CBD, urban, and suburban districts, and the whole study area, respectivley. 

Comparing the maps generated by the multi-scale LUR and standard LUR models, at the macro 

level, the NO2 concentration maps in Figure 4.8 (a) and (b) have very similar patterns and 

characteristics. In both maps, the highest concentration is found in the CBD, urban central and 

in areas with a high-density of tall buildings. The concentration level is also high in industrial 

areas of South Auckland, caused probably by heavy truck traffic. The concentration level is 

also higher along motorways and arterial roads. In contrast, the concentration level is low in 

suburban areas where the population density is much lower. When zoomed in to local scales, 

apparent differences can be found between these two LUR models. Table 4.8 shows the average 

concentration in each district (scale) predicted by the multi-scale and the standard LUR models 

(the “average concentration” here refers to the mean value of all predicted points generated by 

the fishnet grids, but not just those observation points). Some interesting phenomena can be 

found from these statistical results. At the CBD and urban scales, the multi-scale LUR model’s 

predictions are a bit higher than that of the standard LUR model. At the suburban and the whole 

study area scales, the multi-scale LUR model’s predictions are much lower than that of the 

standard LUR model. This is because the multi-scale LUR models consist of three different 

equations representing each individual scale. Each equation is just an optimization for 

observation data from its own scale. However, the standard LUR model just has one universal 

equation representing all the scales. This single equation is an optimization for observation data 

from both high-concentration (CBD, urban) and low-concentration (suburban) districts. 

Therefore, affected by training data with distinct characteristics, the standard LUR model 

would underestimate concentration of a place in the CBD and urban districts; however, 

overestimate concentration of a place in the suburban district. For the whole study area 

(Auckland scale), among the training dataset of all 107 sites, only 43 sites are located in the 

suburban district. However, when applied to the whole city, considering the area of the 

suburban is several times larger than areas of the CBD and urban, the standard LUR model 

would predict an overestimated result for the whole city compared with the real situation. On 

the other hand, the standard LUR model could lead to poor predictions or misclassification of 

local-scale pollutant concentrations. For instance, in Figure 4.6 (a) and (b), the harbour region 

(upper area in the figure near the sea) is identified as a high concentration area in the multi-

scale LUR model result. However, it is identified as a low concentration area in the standard 
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LUR model result. Actually, Auckland Port is a place where emissions from heavy-duty trucks 

are high.  

Throughout these figures , it is obvious that the two LUR models outperform IDW and 

OK. In the LUR-derived maps, NO2 pollutants are mainly distributed along roads, and hotspots 

are usually located in high-rise, high-density areas or at major road intersections with intensive 

traffic. However, in maps generated by IDW and OK interpolations, there are many obvious 

contradictory results and misclassifications considering the reality. For instance, the mapped 

pattern of concentration is always spherical in shape not congruent with the orientation of roads 

from which NO2 originates. Based on these, the multi-scale LUR model is also the best among 

these five models/methods even according to the concentration mapping criteria. 

 
Table 4.8: Comparison of average concentration (μg•m-3) of each district predicted by two 

LUR models 

Location Multi-scale LUR Standard LUR 

CBD 36.38 34.92 

Urban 27.66 26.41 

Suburban 16.33 20.82 

Auckland 17.57 21.05 
           
                                      
4.3.5 Implications and applicability 

The results shown in this study have important implications for air pollution study and further 

LUR modelling. Comparison of Tables 4.3 and 4.4 reveals that no single variable can be found 

both in the multi-scale LUR model’s three scales and in the standard LUR model. The 

importance of predictor variables varies with the scale at which the LUR model is developed 

due to the dominance of different drivers controlling dispersion and emissions at different 

scales in different parts of the city. These findings confirm that LUR models are case- and area-

specific, and have a limited transferability to other study areas (Hoek et al., 2008). Predictor 

variables may vary with scales of study areas, and some unique variables can influence some 

local-scale emission sources or modify its dispersion at a certain scale. Therefore, it seems 

unlikely that all predictor variables reflecting influential factors at different scales can be 

included in a standard LUR model (one regression equation) for a large study area with distinct 

landscapes, urban designs and building configurations.  



 
 

72 
 
 

The design of this study differs to many previous released LUR models by concentrating 

on how to represent the variation of pollutant concentration in a very large study area (e.g., a 

big international city like Auckland) in a more reasonable and reliable approach. Two studies 

on a similar topic and in a similar study area for the Auckland Region have been published by 

Miskell et al. (2015) and Weissert et al. (2018). In Miskell’s study, first a local scale LUR 

model is developed using 62 NO2 measurements from Auckland CBD (very similar to the CBD 

district in this paper). However, this local scale model fails to predict sites in the city scale 

(‘city’ in Miskell’s study refers to an area combining Auckland urban and suburban that is 

smaller than the combined urban and suburban district in the present study) due to its limited 

transferability (R2 : 0.35 and RMSE: 8.18 μg•m-3). Then, in order to make it applicable to the  

city scale, the built local scale model is redesigned using 41 measurements from the city area 

to form a multi scale model (labelled as “Miskell’s multi scale”, R2 : 0.55 and RMSE: 5.09 

μg•m-3 at the local scale and R2: 0.82 and RMSE: 2.58 μg•m-3 at the city scale) which could be 

applied to the whole study area (e.g., local- and city-scale areas). Although applying Miskell’s 

multi-scale model to local area (R2: 0.55 and RMSE: 5.09 μg•m-3) is better than applying the 

standard city model directly to local area (R2: 0.52 and RMSE: 8.25 μg•m-3), the multi-scale 

model’s performance in local area is still not as good as the standard local model (R2: 0.62 and 

RMSE: 4.72 μg•m-3). Similarly, although applying Miskell’s multi scale model to city area (R2: 

0.82 and RMSE: 2.58 μg•m-3) is better than applying the standard local model directly to city 

area (R2: 0.35 and RMSE: 8.18 μg•m-3), the multi-scale model’s performance in city area is 

still not as good as the standard city model (R2: 0.84 and RMSE: 2.43 μg•m-3). This multi-scale 

model expected to have a better transferability also showed poor predictions when applied to a 

set of data collected along a road in Auckland city (R2: 0.35 and RMSE: 4.65 μg•m-3) in the 

study of Weissert et al. (2018). The difference between the present multi-scale and Miskell’s 

is that the latter’s multi-scale LUR model still consists of just one equation to represent 

situations in both local and city areas. In the present multi-scale LUR model, the whole study 

area is represented by three different equations (sub-models). The whole city is first divided 

into three parts according to its distinct landscape, urban design, building configurations and 

all monitoring sites are grouped into three sets correspondingly. Three individual sub-models 

are developed then using the ESCAPE criteria respectively.  

In order to run a multi-scale LUR model successfully, there are two general prerequisites: 

first, the city should have distinct configurations in its different areas from which monitoring 

data are available. Secondly, the air pollution should be from local sources instead of regional 
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transport sources. For instance, in this study, the NO2 pollutants are mainly caused by traffic 

within Auckland not transported from other nearby cities. 

Although the multi-scale LUR model consisting of three equations has a much better 

performance than the standard LUR model just consisting of one universal equation for the 

whole city, it must be noted that it is still an optimized statistical model. Therefore, it still shares 

the characteristics of being case- and area-specific as the standard LUR model. Inevitably, its 

component, structure, and performance are subject dramatically to some outstanding 

characteristics of urban plan or configurations. The multi-scale LUR models developed in this 

study could still lead to poor predictions when transferred to other cities. However, the 

modelling approach and ideology within this method are transferrable. It provides us with a 

better approach to develop a LUR model in a large area. Before starting to develop a LUR 

model using the standard approach, there is a need to first check the whole study area and 

monitoring networks. If the study area is a typical one like Auckland, composed of two 

(downtown and suburban) or three distinct parts (CBD, urban and suburban); and there are 

adequate monitoring sites in each part, this multi-scale modelling approach can be applied and 

should produce better predictions than the standard LUR modelling approach. 

4.4 Conclusions 

The multi-scale LUR model developed in this study is able to estimate the spatial NO2 

concentrations in Auckland, New Zealand at the CBD, urban and suburban scales competently 

owing to the consideration of their unique landscapes, topography, transport infrastructure, 

traffic, and building settings. It achieved an LOOCV R2 value of 0.62, 0.86 and 0.73, 

respectively, at the CBD, urban and suburban scales, with a corresponding RMSE of 5.58, 3.53 

and 4.41 μg•m-3, respectively. These figures are more favourable than the LOOCV R2 and 

RMSE of 0.60 and 6.23 achieved by the standard LUR model. Validated against external data 

at eight FMSs, the multi-scale LUR model is superior (R²=0.85) to UK (R²=0.83) and the 

standard LUR model (R²=0.80). These values are much higher than 0.65 and 0.69 achieved by 

traditional interpolation methods such as IDW and OK. In addition, the multi-scale LUR model 

has the lowest RMSE of 8.48 μg•m-3, slightly lower than UK model’s 9.40 μg•m-3, and much 

lower than the standard LUR model’s 10.12 μg•m-3. Both the standard and multi-scale LUR 

models are more accurate than traditional interpolation methods with a RMSE of 13.80 (IDW) 

and 12.29 (OK) μg•m-3, respectively. Thus, the multi-scale LUR model outperforms the 

standard LUR model, IDW, OK and UK. Implementation of the multi-scale LUR model using 
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a self-developed LUR modelling software PyLUR enables the spatial distribution of NO2 

concentrations for Auckland city to be output at a fine resolution. The model accurately reflects 

the differing roles of pollutant sources and their modifiers at different spatial scales. The 

superior performance of the multi-scale LUR model is attributed to the consideration of the 

varying importance of the same variable at different scales. No single predictor variable is 

universally significant at all the three scales, including the overall city-wide scale. The multi-

scale model can be used for prediction in any place in Auckland using the established local-

scale equations if the appropriate inputs collected from the area under study are used. In 

summary, this approach can produce accurate maps of pollutant distribution at a fine spatial 

resolution. These maps can be used to improve the precise estimation of people’s exposure to 

pollutants in the future, and serve as a compelling evidence base for policy makers to properly 

plan transport infrastructure and traffic-induced pollution prevention. For example, the 

dominant role of bus stops in determining local pollutant concentrations may be one important 

area to target transport layout when designing future air quality abatement strategies. Its 

applicability to other cities around the world with a different layout of transport infrastructure 

and urban configuration needs to be tested in further studies.  
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Chapter 5 Evaluating the Effect of Ambient 
Concentrations, Route Choices and Environmental 
(in)Justice on Students’ Dose of Ambient NO2 While 
Walking to School at Population Scales  
 

Xuying Ma, Ian Longley, Jay Gao, Jennifer Salmond. (2020). Evaluating the effect of ambient 
concentrations, route choices and Environmental (in)Justice on students’ dose of ambient NO2 
while walking to school at population scales. Environmental Science & Technology, doi: 
10.1021/acs.est.0c05241. 

 

5.1 Introduction 

Air pollution has been a critical issue all over the world (Wei et al., 2019). Schoolchildren have 

been identified as a vulnerable population cohort that is particularly vulnerable to air pollution 

compared with adults (Ma et al., 2020). On the one hand, their defense mechanisms are still 

immature; on the other hand, their relatively high ventilation rates lead to a higher intake of air 

pollutants (Perera, 2017; EPA, 2009). Air pollution in cities in developed countries is 

predominantly derived from traffic-related emissions (Ma et al., 2019). Previous studies have 

found that students’ exposure to traffic-related air pollution (TRAP) has been linked to many 

adverse health outcomes. They include not only conventional respiratory health outcomes (e.g., 

asthma and cough) but also cardiovascular diseases, cognitive development issues, mental 

health conditions, and behavioral problems (Epton et al., 2008; Lee et al., 2014; Alvarez-

Pedrerol et al., 2017; Forns et al., 2015; Landrigan et al., 2019). 

Studies of schoolchildren’s exposure to and dose of TRAP have attracted increasing 

attention gradually in recent years. Early studies concentrated mainly on students’ exposure at 

home or school, and ignored the commuting microenvironment (Annesi-Maesano et al., 2007; 

Estrella et al., 2005). Recent studies have identified that the commuting microenvironment 

explains a disproportionately high amount of students’ total diurnal exposure, even though they 

spend only a small fraction of their daytime on commuting (Rivas et al., 2016; Lim et al., 2017; 

Buonanno et al., 2011; Paunescu et al., 2017). More recently, some studies have focused on the 

difference in exposure between walking along the shortest-distance route and the alternative 

lowest-exposure (least cumulative exposure) route to explore the extent to which an alternative 

cleaner route can reduce commuter exposure (Mölter and Lindley, 2015; Boniardi et al., 2019; 
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Sharker and Karimi, 2014; Zou et al., 2020). Such cleaner routes can be easily generated using 

the two methods proposed by Sharker and Karimi (2014) and Zou et al. (2020) based on GIS 

network analysis. More recent work has established the importance of calculating pollutant 

dose rather than exposure (Davies and Whyatt, 2014; Elford and Adams, 2019; Monn, 2001). 

Exposure (integrated exposure) is a measure of the ambient concentration of air pollution 

observed in a microenvironment multiplied by the length of time spent in that environment. In 

comparison, dose considers a person’s volume of air exchanged in the lung, and can be 

calculated by multiplying the integrated exposure with the ventilation rate (Monn, 2001). 

Several studies have explored the impacts of route choice on students’ pollution dose during 

their walking commutes at the population scale (Davies and Whyatt, 2014; Elford and Adams). 

In estimating students’ pollution dose in the school commute, it is possible to take advantage 

of the terrain-enforced dosage modeling workflow developed by Elford and Adams (2019) that 

accounts for the dynamic nature of walking speed, ventilation rate, topography, and ambient 

concentration. 

The aforementioned studies all face the common limitation of needing to simulate 

students’ home addresses and schools attended because of the difficulty of accessing real 

information due to privacy and ethical concerns. For instance, a few authors used simulated 

origins and destinations to study commuter exposure/dose (Mölter and Lindley, 2015; Davies 

and Whyatt, 2014; Elford and Adams, 2019). However, this approach introduces uncertainty to 

the information and may cause a bias in the estimated commuter exposure/dose, reducing the 

accuracy of the modeling approach. Simulated data, which are essential to carry out the 

estimation at the population scale, are sensitive to modeling assumptions. For instance, 

previous studies (Mölter and Lindley, 2015; Davies and Whyatt, 2014; Elford and Adams, 2019) 

based on simulated home addresses all involved various assumptions, some of which may not 

be 100% valid. Consequently, the results may be subject to the characteristics and validity of 

the underlying hypotheses. Data inaccessibility/unavailability also compromises the study 

scale and scope of modeling studies when using observed residential and school addresses. 

Sample sizes are limited, usually ranging from several hundred up to around 1,000 when 

observed data (e.g., genuine origins and destinations) are used. Sample sizes are even smaller 

when the exposure of students to air pollution is directly measured. The results from these 

small-scale studies are not suitable for upscaling to the population level. Therefore, although 

useful in demonstrating the exposure at certain localities, such small samples are inadequate 

for studying environmental justice (EJ) of air pollution exposure at the population scale.  
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To date, EJ associated with air pollution exposure has been studied for the general 

population in New Zealand (Pearce et al., 2006; Pearce and Kingham, 2008). However, the 

subject of study was not specifically schoolchildren. Some EJ studies (Cakmak et al., 2016; 

Grineski and Collins, 2018; Jephcote and Chen, 2012; Chakraborty and Zandbergen, 2007) 

have been conducted in other western countries to explore the association between students’ 

exposure to TRAP at school/home and their socioeconomic status. These studies have found 

that students from families of lower socioeconomic status are generally exposed to a higher 

level of air pollution, and hence a higher risk of suffering from corresponding health problems. 

However, these studies concentrated mostly on ambient concentrations observed or modelled 

at subjects’ home or school. Little is known about the relationship between socioeconomic 

status and students’ pollution dose of TRAP during their daily walking commutes to school.  

The identified limitations of the previous studies are overcome in this study by using 

observed data related to 14,091 students (who walked to school) and attended 117 schools in 

the Auckland Region. The data available included their home addresses and schools attended. 

The objectives of this study are to (1) compare students’ terrain-based dosage of nitrogen 

dioxide (NO2) along the shortest-distance route to school with that along an alternative lowest-

dose route; (2) explore the impact of urban configuration and walking network layout on the 

identification of an alternative lowest-dose route; (3) explore the trade-off between the relative 

decrease in dosage and the relative increase in route length when using the alternative lowest-

dose route; (4) compare the difference in routes and dosage derived from the observed and 

simulated home addresses; and (5) assess whether there exist exposure inequalities among 

students of diverse socioeconomic status during their walking commutes, at school and home. 

This study is unprecedented in that it makes use of observed origins and destinations at the 

citywide population-scale. Thus, the findings from this study could deepen our understanding 

of commuter exposure and inspire future studies. 

5.2 Materials and Methods 

5.2.1 Study area and data used 

The study area is metropolitan Auckland, New Zealand’s largest city with a population of 

around 1.5 million (Figure 5.1a). Auckland’s central area largely developed before 1950 has a 

distinctly different road network layout from the surrounding suburban areas developed since 

1950 (Imran and Matthews, 2011). In central Auckland, road networks have a gridded 

connection (Figure 5.1b) that offers a variety of alternative origin-destination routes. Suburban 
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Auckland, in contrast, has a road network of relatively poor connectivity (Figure 5.1c) that can 

provide only a limited choice of routes for any origin-destination pairs. Consequently, the 

whole study area was divided into two parts of central Auckland and suburban Auckland in this 

study due to their significantly distinct urban configurations. 

 
Figure 5.1: Maps illustrating the study area and student samples: (a) locations of all 117 

schools involved in this study against the base map showing the spatial distribution of NO2 in 
Auckland; (b) students’ home addresses with their commute modes from one school in 

central Auckland; (c) students’ home addresses with their commute modes from one school in 
suburban Auckland. Note: The legends were deliberately drawn at a rather large size to 

prevent the identification of the exact addresses. 
 

In this study, students’ dose of ambient NO2 is studied because TRAP dominates air 

pollution in Auckland, and NO2 is a well-established marker for TRAP (Miskell et al., 2015; 

Weissert et al., 2018; Ministry for the Environment, 2003). Students’ information, such as their 

home addresses, schools attended, and daily commute modes between home and school, was 

collected in the ‘Travelwise’ project undertaken by Auckland Transport (AT) (Morton, 2005). 

The commute modes included walking, cycling, family car, and bus (the last two was labeled 

as ‘vehicle’ in this study). The ‘Travelwise’ data encompassed primary, intermediate, and 

secondary school students using surveys. The data were collected for the purposes of creating 

individualized school travel plans intended to reduce car travel and increase active travel 

to/from school. The ‘Travelwise’ dataset provides a good opportunity to compare commuter 

exposure based on observed and simulated home addresses. In this study, the data collected 

during 2009 were used. They encompassed 43,727 students from 117 schools, of which, 14,091 

(32.22%), 1,141 (2.61%) and 28,495 (65.17%) students commuted via walking, cycling, and 

vehicle, respectively. Figures 1b and 1c graphically illustrate two examples of schools in 
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central Auckland and suburban Auckland, respectively, with students’ home addresses, schools 

attended, and commute modes. This study concentrated on students who walked to school as 

those students who cycled accounted for only a tiny portion of the population. Students who 

traveled by vehicle to school were also excluded from this study, as in-vehicle air quality data 

were not available and these data cannot be accurately substituted with the ambient air pollutant 

data modeled from the available fixed monitoring data (Bo et al., 2017). 

5.2.2 Modelling ambient NO2 concentration 

The LUR modeling approach (annual mean LUR models) has been demonstrated to be 

competent in estimating air pollution exposure while walking (Mölter and Lindley, 2015; 

Boniardi et al., 2019; Elford and Adams, 2019; Hatzopoulou et al., 2013). The ambient NO2 

concentrations at the points of interest were modeled using a multi-scale LUR model for 

Auckland developed in a previous study (Ma et al., 2019; Ma et al., 2020). In brief, this LUR 

model was developed using annual mean NO2 data observed at 34 central business district 

(CBD), 30 urban, and 43 suburban sites. This model was developed by considering more than 

150 potential predictor variables generated from detailed GIS datasets, including land use, 

urban configuration, road network, and traffic volume layers. The model had an R2 of 0.68, 

0.90, and 0.79 and a root-mean-square-error (RMSE) of 5.10 μg•m-3, 3.19 μg•m-3, and 4.19 

μg•m-3, at the CBD-, urban- and suburban-scales, respectively (details about the LUR model 

and validation scatterplots can be found in Chapter 4). This model was used to estimate annual 

mean NO2 concentrations at school and home to study students’ EJ. Then, the original model 

was modified (rescaled) to a morning peak-hour (7:00 am-9:00 am) annual mean NO2 LUR 

model (Boniardi et al., 2019). The modified model was used to estimate students’ dose of NO2 

during commutes as walking from home to school most likely takes place during 7:00 am-9:00 

am. 

The modification process was based on NO2 observations from eight fixed monitoring 

stations (FMSs) operated by Auckland Council. Their locations are illustrated in Figure 5.2. 

Each FMS recorded hourly NO2 readings throughout the year, from which daily NO2 

observations between 7:00 am and 9:00 am were used to calculate the morning peak-hour 

annual average NO2 concentration NO2concMornAnnAvg. The daily 24-hour observations 

throughout the year were aggregated to calculate the annual average NO2 concentration 

NO2concAnnAvg. Table 5.1 shows the annual average NO2 concentration and the morning peak-

hour annual average NO2 concentration at each station, respectively. Finally, the modified 
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(rescaled) NO2 prediction (NO2_LURpeak-hour) was calculated using the formula below: 
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Where NO2_LURAnnAvg denotes the original annual average NO2 prediction (unmodified); n 

denotes the total number of FMSs; 2
i
AnnAvgNO conc   and 2 MornAnnA

i
vgNO conc   denote the annual 

average NO2 concentration and the morning peak-hour annual average NO2 concentration at 

the ith station, respectively. 

 

 
Figure 5.2:  A map illustrating the locations of the eight FMSs 

 



 
 

81 
 
 

 

Table 5.1. Summary of NO2 observations at each FMS (μg•m-3) 

Name AnnAvg MornAnnAvg Ratio (MornAvg/AnnAvg) 

 Glen Eden - Ceramco Park 7.80 10.21 1.31 

Henderson I (B) - Lincoln Rd 12.30 17.03 1.38 

Khyber Pass 27.10 38.38 1.42 

Musick Point II - Telecom Bldg 6.00 8.52 1.42 

Penrose II (B) - Gavin St 

 

23.70 33.54 1.42 

Port of Auckland 26.00 36.61 1.41 

Queen St II - CML Building 43.20 50.15 1.161 

Takapuna I - Westlake 19.90 27.64 1.39 

 
 
5.2.3 Socioeconomic status 

Socioeconomic status was represented by annual family income and school decile ranking in 

this study. The original annual family income data were obtained from Statistics New Zealand 

(Stats NZ, 2013). The family income of each student was extracted from a meshblock-level 

median annual family income map of Auckland using GIS overlay analysis. A meshblock refers 

to a defined geographic area, and it is the smallest enumeration unit for collecting statistical 

data in New Zealand (each polygon in Figure 5.1b represents a meshblock, and the number of 

households in a meshblock ranges from a few to tens). Family income was categorized into 

about 200 grades starting from NZ$10,000 to 150,000 per annum in the original map (Stats NZ, 

2013). School decile ranking by the Ministry of Education for funding purposes is a measure 

of students’ socioeconomic status attending the school relative to other schools in New Zealand 

(Education NZ). It ranges from 1 to 10. For instance, decile one schools belong to the 10% of 

schools with the highest proportion of students from low socioeconomic families. In contrast, 

decile ten schools are the 10% of schools with the lowest proportion of students from these 

communities. 

5.2.4 Determining the walking network of Auckland 

The road network GIS data were obtained from Auckland Transport. This vector layer (polyline 

shapefile) contains more than 60,000 road features at a scale of 1:1,000. All roads are classified 

into 16 categories ranging from motorway to footpath (track). The local trails allow students to 
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walk through parks and open spaces. As only the walking mode was considered in this study, 

all motorways and train tracks were removed from the road network layer as pedestrians are 

forbidden from walking on them. ArcGIS 10.5 was used to develop a modified walking 

network to prepare for the subsequent network analysis in two steps. First, the whole network 

was split at nodes, and each road feature was converted to several straight-line segments. Then, 

each straight-line segment was split into several 20 m sub-segments if it was longer than 20 m. 

5.2.5 Terrain-based dosage estimation 

Auckland’s volcanic topography is generally hilly, and students’ walking speeds and 

ventilation rates are likely to vary dramatically with the travel gradients (e.g., walking uphill, 

downhill, and on a flat surface) along a route. Therefore, students’ dose of NO2 was estimated 

by considering terrain in this study. The terrain-based respiratory dosage modeling workflow 

developed by Elford and Adams (2019) was used to estimate students’ dosage in the school 

commute. This workflow allowed for variable walking speeds and ventilation rates related to 

topography to be considered in the modeling. This approach is scalable and applicable to any 

study area where air quality, topographic, and road network data are available. The modeling 

workflow is briefly explained with a 20 m segment walking route below.  

Step 1: Determine slope-related walking velocity for the segment: 
[ 3.5 ( 0.05)]0.8 6 abs Sv e − += ×                                                (5.2) 

where v represents the walking speed (unit: km•h-1); S refers to the directional-related slope of 

the segment, expressed in %. It is calculated from the elevational difference divided by the 

horizontal distance (elevations were extracted from a raster map of 1 m-resolution digital 

elevation model obtained from the Auckland Council). Equation (5.2) assumes an average 

walking velocity of 4 km•h-1 on a flat road for all students (David and Sullivan, 2005). 

Step 2: Determine energy expenditure related to walking speed, directional slope, 

gender, and body mass (M in kg) of the walking student: 

 2 25.4 0.37 0.0054 0.011 3.8 17E v M MSv S v X= + + + − −                      (5.3) 

where E is energy expenditure (VO2 in ml•s-1), and X is a bi-value variable representing gender 

(male=1 and female=0), v (expressed as m•s-1) and S (+/- %) are the same as in Equation (5.2). 

For simplicity, an average body mass of 53 kg was adopted for male students, and 48 kg for 

female students based on statistical results extracted from a 2011-2012 New Zealand Health 

Survey (Ministry of Health). As the sex of each sample is unknown, mean energy expenditure 

is used by averaging results derived from a male walker and a female walker, respectively.  



 
 

83 
 
 

Step 3: Determine ventilation rate Ve (unit: L•min-1) based on energy expenditure E 

(L•min-1) derived from Step 2. 

ln 4.4329 1.0864 ln 0.2829 ln 0.0513eV E A X
M M

ε= + ⋅ − ⋅ + +
                  (5.4) 

Where A denotes the age of the student (an average age of 12 was used); ε obeys N(0, 0.1444). 

As the sex (X) of each sample is unknown, the mean ventilation rate is used by averaging results 

derived from a male walker and a female walker, respectively. 

Step 4: Determine the dosage (Dseg) inhaled while traversing the road segment: 

2

seg
seg NO e

L
D Conc V

v
= × ×

                                             (5.5)  

Where Lseg denotes the length of the road segment. 2NOConc  refers to the NO2 concentration 

at the central point of this segment predicted from the LUR model. It is thus the mean NO2 

concentration for the segment. Summation of dosage in all segments along a route will lead to 

the total dose of the route. 

5.2.6 Network analysis and route generation 

GIS network analysis was used to generate two types of walking routes from home to school: 

the shortest-distance route and the lowest-dose route (with the least cumulative dosage) for 

each home-school pair of the 14,091 walking students in ArcGIS 10.5. The network was 

configured as follows: (1) universal connectivity was assumed since commuting was done on 

foot; (2) turning and one-way restrictions were unchecked; (3) the cost barrier function was 

applied to also consider dosage at road crossings during waiting for traffic signals (e.g., 40 

seconds of wait at a major crossing, and 20 seconds at a minor crossing, both at a resting 

ventilation rate of 6 L•min-1 (Berne et al., 2004)); (4) impedances checked in the analysis were 

length and dosage, respectively; and (5) accumulation attributes checked were length and 

dosage. The work was implemented at the population scale using a Python program based on 

ArcPy packages. It automated all network analyses and route generations. The program output 

the origin, destination, total route length, and total NO2 dosage for each home-school route. 

Given that most students would choose the alternative lowest-dose route if it were not 

disproportionately longer, a rule was set up to allow for the additional walking distance between 

the alternative lowest-dose and the shortest-distance routes up to a maximum of 500 m in length 

(Mölter and Lindley, 2015; Elford and Adams, 2019). 
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5.2.7 Comparison between results based on observed and simulated home addresses 

Home addresses were also simulated for all 14,091 walking students using a widely used semi-

simulation method (Mölter and Lindley, 2015; Elford and Adams, 2019) in this study to 

compare the difference between results estimated using simulated home addresses and those 

using observed home addresses. The method to generate semi-simulated home addresses for 

students attending a given school adopted in this study is described below: (1) the service area 

function is used to generate a walkable-distance zone within 1,600 m of the school; (2) any 

residential location within this zone is a potential home address for the walking student; and 

(3) based on the number of students walking to the school found in the ‘Travelwise’ dataset 

(e.g., x in school a), x residential locations are randomly chosen as the semi-simulated homes 

for these walking students. These homes had a random or average distribution within the 1,600 

m walkable-distance zone. This distribution was quite different from the distribution pattern of 

walking students’ homes in the ‘Travelwise’ dataset, the majority of which was clustered near 

the school (Figures 5.1b and 5.1c) within the zone. Such a discrepancy provides an excellent 

opportunity to examine the extent to which commuter exposure and commute routes estimated 

based on simulated home addresses deviate from those based on the observed home addresses. 

GIS network analysis was implemented once more using the 14,091 simulated home addresses 

(route origins), to compare with the results generated in the previous section. 

5.2.8 Statistical analysis 

Quantile regression was conducted to explore the relative change in route length associated 

with the relative change in NO2 dosage at different quantiles for those home-school pairs that 

had different shortest-distance and lowest-dose routes. The Unit Dosage Index (UDI) was 

devised for each route by dividing the total dose by the route length. It represents the dosage 

level one student inhales per meter traveled. In reality, the shortest-distance route between 

home and school has been shown to usually represent a student’s preference during the walking 

commute (Hill, 1984; Cooper et al., 2010). Therefore, UDIs were calculated for the 14,091 

walking students based on their shortest-distance routes from home to school. The median 

value of these UDIs was set as a threshold, and any student’s UDI larger than the threshold was 

considered as a high exposure case. All students were divided into groups based on various 

levels of family income. The portion of students at each income level and the portion of high 

exposure students at each level were calculated, respectively. Then, the portions in all the 

groups were compared to test the hypothesis that a higher family income is associated with a 

lower UDI during the walking commute. The same analysis was replicated to test the 
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hypothesis that a higher decile ranking for a school is associated with a lower ambient NO2 

concentration at the school after the ambient NO2 concentrations of all the 117 schools were 

predicted from the LUR model. The same analysis was replicated once more for all the 43,727 

students’ home addresses to test the hypothesis that a higher family income is associated with 

a lower ambient NO2 concentration at home. As the whole study area was divided into central 

and suburban Auckland, the statistical results of each analysis were generated based on samples 

from respective areas. All statistical analyses were implemented in MATLAB 2017b. 

5.3 Results and Discussion 

5.3.1 Descriptive statistics 

The annual mean ambient NO2 concentrations for central and suburban Auckland were 27.66 

μg•m-3 and 16.33 μg•m-3, respectively, as derived from a 50-m resolution raster pollution map. 

The walking network consisted of 535,327 straight-line segments. Morning peak-hour NO2 

concentrations along these segments ranged from 9.82 to 85.37 μg•m-3 with a mean of 25.64 

μg•m-3, and a standard deviation (std) of 9.16 μg•m-3. Travel gradients (directional-related 

slopes) ranged from -24.8% to +24.8%. Varying from 0.47 m•s-1 (1.69 km•h-1) to 1.33 m•s-1 

(4.79 km•h-1), walking speed averaged 1.09 m•s-1 (3.92 km•h-1). Ventilation rates ranged from 

6.0 L•min-1 (waiting for traffic signals) to 17.3 L•min-1 (walking uphills) with a mean rate of 

14.4 L•min-1. 

5.3.2 Dosage during walking commutes 

Of all the 14,091 walking students, 4,557 (32.34%) and 9,534 (67.66%) were located in central 

Auckland and suburban Auckland, respectively. The descriptive statistics of the shortest-

distance route and the lowest-dose route for each home-school pair are presented in Table 5.2. 

The routes along which students were exposed to a higher level of doses of pollution were 

those long-distance ones overlapping with arterial roads. Among all home-school pairs, only 

2,463 (17.48%) students’ lowest-dose routes were different from their shortest-distance routes. 

For those students with an alternative lowest-dose route available, 1,179 (47.87%) and 1,284 

(52.13%) of their home addresses were located in central Auckland and suburban Auckland, 

respectively. Central Auckland contained 32.34% of the total samples but had 47.87% of the 

lowest-dose routes. The proportion of 25.87% (1,179/4,557) was significantly higher than 

13.47% (1,284/9,534) of suburban Auckland that contained 67.66% of the total samples but 

52.13% of the lowest-dose routes. Thus, it is easier to find an alternative lowest-dose route in 

central Auckland than in suburban Auckland. This disparity is explained by the significantly 
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better road network connectivity of central Auckland (gridded configuration) than that of 

suburban Auckland (irregular configuration). 

 

Table 5.2. Statistical results for all walking routes 

 Central Suburban All (Central + Suburban) 

 Dosage 

(μg) 

Length 

(m) 

Dosage 

(μg) 

Length 

(m) 

Dosage 

(μg) 

Length 

(m) 

(a) All shortest-distance routes 

Max 45.73 6120 50.46 8693 50.46 8693 

Min 0.03 8 0.003 1 0.003 1 

Mean 7.48 1180 5.82 1104 6.36 1129 

Median 6.18 1015 4.72 924 5.16 952 

Std 5.38 786 4.73 810 5.01 803 

(b) All lowest-dose routes 

Max 38.61 6120 46.28 8713 46.28 8713 

Min 0.03 8 0.003 1 0.003 1 

Mean 7.37 1194 5.76 1112 6.28 1139 

Median 6.13 1027 4.71 927 5.14 954 

Std 5.19 806 4.61 826 4.86 821 

(c) Alternative lowest-dose routes (those differ from their shortest-distance routes) 

Max 38.61 6189 46.28 8713 46.28 8713 

Min 1.83 269 1.09 185 1.09 185 

Mean 11.54 1836 10.34 1964 10.91 1903 

Median 9.95 1649 8.52 1676 9.08 1668 

Std 6.27 964 6.73 1198 6.54 1094 

 

5.3.3 The proportion of non-alternative routes 

For 82.52% of the students, their shortest-distance routes were identical to their lowest-dose 

routes. Among the 11,628 home-school pairs that did not have an alternative route, 3,378 

(29.05%) and 8,250 (70.95%) of the home addresses were located in central Auckland and 

suburban Auckland, respectively. These 11,628 routes had a mean and median length of 972 m 

and 839 m, respectively, significantly shorter than the mean (1,903 m) and median (1,668 m) 

lengths of those journeys that had an alternative route (Table 5.2). Along these shortest-distance 
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routes, there were not any bypasses between home and school with a lower level of air pollution. 

Students living in suburban Auckland tended to have fewer chances to find an alternative route 

between home and school. For some extremely short journeys in suburban Auckland (e.g., 

route length < 500 m), there was only one route to school due to the poor road network 

connectivity. 

5.3.4 The trade-off between the shortest-distance and lowest-dose routes 

The 2,463 home-school pairs having a lowest-dose route different from the shortest-distance 

route were studied in more depth. The mean length of the shortest-distance and lowest-dose 

routes for these home-school pairs was 1,847 m and 1,903 m, respectively. The lowest-dose 

routes were, on average, 3.03% longer than the corresponding shortest-distance routes, but their 

mean NO2 dosage of 10.91 μg was 3.62% lower than 11.32 μg of the shortest-distance routes. 

Generally, the benefit (e.g., a lower dosage) of taking the alternative lowest-dose route tended 

to slightly outweigh its cost (additional route length) if measured by the mean values. 

 

 
Figure 5.3. Scatterplots of change in length vs. change in dosage: (a) relative change;  

(b) absolute change 
 

The trade-off between the relative decrease in dosage and the relative increase in route 

length by taking the alternative lowest-dose route instead of the shortest-distance route was 

further analyzed. The scatterplots (Figure 5.3) illustrate the change in length vs. the change in 

dosage for the 2,463 students (samples were categorized into central Auckland, suburban 

Auckland, and combined). The maximum relative change in dosage was a 36.94% reduction 

with a 5.26% increase in route length for a student in suburban Auckland. Most of those 

students whose lowest-dose routes had a significant relative reduction (e.g., > 15%) in dosage 
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tended to be living in suburban Auckland. Figure 5.4 shows the corresponding quantile 

regression plots of relative change in dosage per 1% increase in route length. The black dashed 

line (% decrease in dosage = % increase in route length) represents the trade-off balance that a 

1% decrease in dosage is associated with a 1% increase in route length. For 20% of suburban 

Auckland students, their lowest-dose routes can reduce more dosage relatively when traversing 

1% more route lengths than those students from central Auckland. For instance, for suburban 

Auckland students, a 1% increase in route length was associated with a ≥ 2.81% reduction in 

dosage for 10% of their routes; however, for central Auckland students, the same 1% increase 

in route length resulted in only a ≥ 1.88% reduction in dosage. Therefore, an alternative lowest-

dose route found in suburban Auckland tends to offer a larger dosage reduction and more trade-

off benefit than that found in central Auckland. For all samples, only around 30% of routes had 

their relative reductions in dosage larger than the corresponding relative increases in route 

length. If all quantiles were considered, it could be concluded that generally, the relative 

reduction in the dosage of walking along the lowest-dose route was likely to be smaller than 

the relative increase in route length.    

 

 
Figure 5.4. Quantile regression plots for the relative change in dosage per 1% increase in 

route length. 
 
5.3.5 Geographical clustering of alternative routes 

For a small proportion of those students who had an alternative lowest-dose route, their home 

address patterns were investigated to yield further insights into their geographical clustering. 
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different groups of relative dosage reduction (e.g., 5%, 10%, and 15%).  

 

 
Figure 5.5. Distribution maps of home addresses for those students who could find an 

alternative lowest-dose route (a, b, and c) and two zoomed-in examples (d and e) 

 

Figure 5.5a shows the distribution of home addresses for those students who could find 

an alternative route from home to school with a ≥ 5% reduction in dosage. These students were 
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distributed mostly in areas with a dense network of major roads. At the threshold of ≥ 10% 

relative reduction, the majority of the samples were distributed and clustered along major roads, 

especially motorways (Figure 5.5b). This clustering pattern became more definite at the 

threshold of ≥ 15% reduction (Figure 5.5c). Figures 5.5d and 5.5e are two examples illustrating 

the shortest-distance and lowest-dose routes for two samples in suburban Auckland and central 

Auckland, respectively. The two shortest-distance routes coincided with a major road (Figure 

5.5d), and another major road parallel to the motorway (Figure 5.5e). These examples clearly 

show that an alternative cleaner route could be found by walking along a parallel, less-polluted 

local road.  

5.3.6 Comparison between observed and simulated home addresses 

All the 14,091 walking students’ home addresses were simulated based on the location of the 

117 schools using the aforementioned simulation method. Based on the simulated home-school 

pairs, the shortest-distance routes were generated as they are the students’ preferences walking 

from home to school. The possibility histograms of route lengths are illustrated in Figure 5.6 

and embellished with descriptive statistics. Most of the shortest-distance routes generated were 

shorter than 1,600 m due to the application of the 1,600 m service area restriction. However, 

there were still a few routes longer than 1,600m. Because if an origin was very close to the 

service area boundary, and a route was formed using the road outside the service area, its length 

would exceed the 1,600 m limit. 

Four significant differences exist between the results based on the observed and 

simulated home addresses. (1) In reality, only 80% of walkers’ routes are within the adopted 

1,600 m walkable-distance, much lower than 93% of walkers’ routes within the same distance 

in the simulated results. In addition, around 17% of walkers’ route lengths range from 1,600 m 

to 3,000 m. The remaining 3% of walkers’ route lengths are much longer, up to 8,693 m; (2) 

the possibility histogram based on the simulated addresses illustrates an ‘increasingly linear 

trend’-like pattern, drastically different from the normal distribution-like pattern in reality. As 

the route origins are randomly selected within a service area, the possibility/frequency of each 

bar in the histogram equals the area of each concentric catchment over the total service area. 

The area of each concentric catchment shows an increasingly linear trend with the ascending 

of the distance; (3) despite a rather similar mean route length in both scenarios, the median 

route length in the simulation scenario is dramatically longer than that in reality. This is because 

the majority of walking students live in close proximity to their school (e.g., 500-1,000 m) as 

a cluster instead of randomly or evenly distributed within the walkable zone in question; and 
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(4) the STDs of route length based on the simulated home addresses are dramatically smaller 

than those based on the observed data. Therefore, the simulation approach fails to predict routes 

outside the adopted 1,600 m walkable zone. 

 

 
Figure 5.6. Probability distributions of lengths of the shortest-distance routes generated based 

on observed and simulated home addresses 

 
Among all simulated home-school pairs, only 17.52% (2,469 samples) of students 

could find an alternative lowest-dose route. This proportion is almost identical to 17.48% 

derived from the observed data. Thus, it seems that the simulation method does not affect the 

proportion of students who could find an alternative lowest-dose route. The 2,469 alternative 

lowest-dose routes in the simulated results had a mean and median length of 1,358 m and 1,396 

m, respectively. They were significantly shorter than the 1,964 m and 1,676 m length derived 

from the observed data. Consequently, the mean (7.88 μg) dosage and median (7.61 μg) dosage 

were 27.77% and 16.19% lower than the corresponding mean (10.91 μg) dosage and median 

(9.08 μg) dosage calculated using the observed data, respectively. Thus, students’ dosage could 

be underestimated by more than a quarter along the alternative lowest-dose routes using the 
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simulated home addresses.   

5.3.7 Environmental (in)justice 

This issue was studied from three perspectives, UDI and ambient NO2 concentrations at school 

and home. The median UDI was 22% higher in central Auckland (0.0061 μg•m-1) than in 

suburban Auckland (0.0050 μg•m-1). However, suburban Auckland’s median UDI is very close 

to that (0.0053 μg•m-1) of entire Auckland because central Auckland comprises a small portion 

of the whole area.  

 
Table 5.3. The portion of students from an income level vs. their portion of a higher UDI 

            Zone 
 Income  

All Central Suburban 
Income (%) High (%) Income (%) High (%) Income (%) High (%) 

Low 

0-30K 3.20 2.62 2.49 1.55 3.55 3.09 
30K-45k 9.12 8.41 9.82 6.35 8.80 8.18 
45k-60k 11.44 12.20 10.58 11.79 11.83 12.67 

Medium 

60k-75k 21.22 23.39 18.96 14.67 22.31 26.38 
75k-90k 18.38 18.71 16.60 13.85 19.29 21.98 

90k-105k 11.16 9.76 9.88 12.93 11.80 10.32 

High 

105k-120k 8.51 7.90 9.50 10.47 7.99 6.62 
120k-135k 6.88 7.27 8.33 11.01 6.15 5.04 
135k-150k 10.09 9.76 13.84 17.37 8.28 5.71 

 

Table 5.3 shows the portion of students at an income level vs. their portion of a higher 

UDI. Exposure inequality does exist for students from certain socioeconomic groups (e.g., 

income < 90K). Take suburban students of the 60k-75k income level as an example, this group 

accounts for 22.31% of the total suburban walking students, but they make up 26.38% high 

UDI cases. However, for high-level income students in suburban Auckland, their portion of 

high UDI cases is significantly lower than their population portion. This indicates the existence 

of exposure inequalities among walking students living in suburban Auckland. Interestingly, in 

central Auckland, the relativity is reversed in that a higher family income is associated with a 

higher UDI during the commute. It could be explained that a large part of high-end apartments 

and houses in central Auckland is within the high-rise CBD or near other high-density business 

zones. The extremely low-income families (e.g., <45k) are also underrepresented in the high 

exposure groups, probably because they live in social housing close to families of a higher 

income (e.g., medium) level. 

Among the 117 schools examined in this study, 34 (29.06%) were located in central 

Auckland and 83 (70.94%) in suburban Auckland. Schools in central Auckland, suburban 
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Auckland, and the whole Auckland had median NO2 concentrations of 22.29, 20.59, and 20.97 

μg•m-3, respectively. As shown in Table 5.4, there is a definite exposure inequality in that a 

higher decile rank of a school is associated with a lower ambient NO2 concentration at the 

school irrespective of its location. Such a pattern is much more definite than that associated 

with the income level shown in Table 5.3 above. 

 
Table 5.4. The portion of schools from a decile range vs. their portion having a high ambient 

NO2 concentration (10 decile ranks were grouped into three levels  
as the rank distribution is skewed) 

Zone 
Decile 

All Central Suburban 

Rank (%) High (%) Rank (%) High (%) Rank (%) High (%) 

Decile 1-4 (low) 35.04 35.60 29.41 29.41 37.35 45.23 

Decile 5-7 (medium) 17.10 18.64 20.59 29.41 15.66 16.67 

Decile 8-10 (high) 47.86 45.76 50.00 41.18 46.99 38.10 

 

Table 5.5. The portion of students from an income level vs. their portion of a higher ambient 
NO2 concentration at home 

Zone 
 Income 

All Central Suburban 

Income% High% Income% High% Income% High% 

Low 

0-30K 2.52 3.10 2.69 2.54 2.46 3.20 

30K-45k 8.11 8.96 8.63 5.52 7.93 9.22 

45k-60k 10.11 11.38 8.69 9.24 10.59 12.54 

Medium 

60k-75k 20.58 21.25 18.11 14.90 21.42 24.27 

75k-90k 18.60 17.90 16.02 14.31 19.47 20.14 

90k-105k 12.09 10.20 10.76 12.26 12.54 10.58 

High 

105k-120k 9.80 8.57 10.46 11.28 9.57 7.51 

120k-135k 7.03 6.73 9.25 11.04 6.28 4.61 

135k-150k 11.17 11.92 15.38 18.89 9.74 7.94 
 

Among the 43,727 students’ home addresses studied, 11,850 (27.10%) and 31,877 

(72.90%) were located in central Auckland and suburban Auckland, respectively. The median 

concentrations for samples from central Auckland, suburban Auckland, and the whole of 

Auckland were 18.67 μg•m-3, 15.73 μg•m-3, and 16.41 μg•m-3 respectively, slightly lower than 

those at the schools. The results in Table 5.5 were similar to those in Table 5.3, and the trend 

of exposure inequalities is more obvious. It seems that a family income of around 75k is critical, 

above which there is less representation in the high exposure cohort, and vice versa. However, 

there does exist a distinction between suburban and central Auckland. Students from families 
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of a lower income in suburban Auckland and the whole of Auckland are more likely to be 

exposed to a higher ambient NO2 concentration at home. Conversely, in central Auckland, a 

higher family income is associated with a higher ambient NO2 concentration at home, probably 

because their apartments are located close to the transport. 

5.3.8 General discussion 

This study comprehensively analyzes students’ exposure to NO2 pollution at home, at school, 

and during walking from home to school in Auckland based on rich observed data of home 

addresses, schools attended at the citywide population scale. Special attention was paid to the 

comparative impact of route choice (e.g., the shortest-distance route vs. the lowest-

dose/exposure route) on commuter dose/exposure. The findings of this study contribute to the 

wide range of results previously reported from similar studies in the literature. A case study in 

Toronto (Canada) found that only 13.4% of home-school pairs had different shortest-distance 

and lowest-dose routes in estimating the dose of UFP for 296,862 simulated routes (Elford and 

Adams, 2019). This proportion (13.4%) is highly comparable to 17.48% found in our study. 

However, a study (Davies and Whyatt, 2014) in Lancaster (UK), also conducted using 

simulated data for 16,440 routes, showed that 49% of origin-destination pairs had alternative 

lowest-dose routes in studying journey-time dose exposure to PM2.5, nearly three times of that 

in our study. The percentage rose to 60% in Manchester (UK) where primary school students’ 

commuter exposure was studied using 100,000 simulated home-school pairs (Mölter and 

Lindley, 2015). Therefore, it seems that the portion of students who have alternative lowest-

dose/exposure routes is not dependent on whether the routes are based on the observed data or 

simulated data. Instead, it tends to depend on the urban road layout mostly. Moreover, the 

percentage reduction in exposure exceeded the percentage increase in route length in 

Manchester, which is contradictory to the finding in this study. Another case study of Hamilton 

(Canada) reported no apparent association between journey exposure and the ambient 

concentration at either the household or school location based on routes generated from 

simulated students’ activity patterns (Adams et al., 2016).  

The aforementioned different findings could be counted for by three factors. First and 

foremost, the Lancaster and Manchester case studies used both sides of the road for routing; 

however, only road center-lines were used for routing in the Auckland and Toronto studies due 

to the GIS data availability. Walking network connectivity would increase dramatically if both 

sides of the road were considered for routing. An alternative lowest-exposure route could be 
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formed using the opposite side of the road, even if the distance between the origin and the 

destination was extremely short. This also explains why the lowest-exposure routes are just 8 

s longer on average than the shortest-distance routes in journey duration in Manchester. Second, 

the irregular configurations of the Auckland road network could reduce the possibility of 

finding alternative lowest-dose routes or increase additional route length when such a route is 

found. Suburban Auckland’s road network was mostly designed since 1950 predominantly for 

private vehicles, with a lower road density than Manchester, where the road network is mostly 

much older. Much of Auckland is also built on a complex and often rugged, volcanic, and 

coastal terrain that reduces the connectivity of the road network. Third, the mean observed NO2 

concentrations in Auckland (31.79 μg•m-3) are generally lower than in Manchester (36.10 

μg•m-3) (Mölter et al., 2010).  

This study reveals a higher chance of finding an alternative lowest-dose route in central 

Auckland with gridded and regular road network configurations than in suburban Auckland 

with irregular road network configurations. Given the relatively low NO2 concentration in 

suburban Auckland, it may be presumed that there will be a minimal reduction in dosage from 

walking along the alternative lowest-dose route. However, quantile regression results in our 

study highlight the great importance of using such lowest-dose routes during walking 

commutes for certain groups of students, especially where a heavily polluted motorway or 

major road runs parallel to the shortest-distance route closely. Furthermore, both the reduction 

effect in dosage and trade-off benefits are more significant for at least 20% of walking students 

living in suburban Auckland (a less polluted area) than those in central Auckland (a more 

polluted area).  

Exposure inequalities existed to a certain degree during walking commutes, at school 

and home among students from families of different socioeconomic statuses. Unlike previous 

studies (Cakmak et al., 2016; Grineski and Collins, 2018; Jephcote and Chen, 2012; 

Chakraborty and Zandbergen, 2007), one general trend of exposure inequality exists for all 

different areas of study. In our study, two opposite trends were identified in central and 

suburban Auckland. This area-dependent finding indicates that urban design and configuration 

could play a vital role in the EJ of air pollution exposure.  

Joint consideration of the findings regarding route choice and EJ reveals that walking 

students’ exposure risks and inequalities could be mitigated by optimizing their school 

commute routes. This coincides with the finding in a previous study (Zou et al., 2020) that 

personal behavior changes play a growing role in reducing air pollution exposure risk. In 
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planning daily commutes from home to school, walking students are recommended to (1) keep 

following an alternative cleaner route if living in central Auckland as there is a higher chance 

of finding such a route than elsewhere; (2) simply follow the shortest-distance route to school 

for most students living in suburban Auckland if the journey is short; and (3) use a parallel 

local road and avoid traveling along major roads close or parallel to motorways, especially in 

suburban Auckland. 

This study demonstrates that the widely used simulation method underestimates the 

length and dosage of the alternative lowest-dose routes by up to a quarter, in comparison with 

the results obtained using the observed data. Thus, the dosage along these routes could be 

biased using simulated data. Despite this bias, simulation is still indispensable if exposure 

assessment is to be scaled up to the citywide population scale as such large-scale data are 

unlikely to exist or impossible to access even if they do exist. Students’ pollution dose was 

modeled along two types of routes only in this study, the shortest-distance route and the lowest-

dose route as their actual routes from home to school remain unknown. This limitation could 

be overcome with the use of a mobile phone that can track students’ movement in their daily 

commute, as suggested in a previous study (Adams et al., 2016). Global positioning system-

enabled smartphones offer a promising source of spatial data vital for accurate exposure 

estimation at the population scale if such data are accessible. It must be acknowledged that the 

LUR-modeled NO2 concentrations cannot capture spikes in exposure resulting from a small 

number of highly polluting vehicles driving along a route. In the GIS road network analysis, 

only the central line of a road is captured, instead of its sidewalks. Since the central road has a 

higher NO2 concentration than the sidewalks, therefore, the estimated dosage reported in this 

study will be slightly higher than the actual dosage. However, this overestimation can be easily 

avoided by using the sidewalks if they are available. Finally, the estimated dosage can be made 

more accurate by reducing the 20 m segments to a shorter interval. The shorter segments a road 

is split into, the more precise the dosage estimate will be, even though this means more 

computation. Future research can develop an improved method of simulating home addresses 

for walking students and validate this approach using observed data.     
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Chapter 6 Discussion and conclusions 
 

6.1 Discussion  

6.1.1 Comparison with existing NO2 LURs in Auckland 

There are two other similar NO2 LUR models developed for Auckland in two previous studies 

by  Weissert et al. (2018) and Miskell et al. (2015) apart from the one developed in this study 

(labelled as “Ma’s model”). In brief, Weissert’s model is micro-scale in nature, for predicting 

NO2 along a heavily trafficked suburban street in Auckland. Miskell’s model was intended to 

predict NO2 at local and city scales in Auckland (the spatial extent equals the CBD + Urban in 

Ma’s model) based on one universal equation. Table 6.1 shows the comparison amongst the 

developed LUR model in this study with these two existing LUR models. 

In terms of the spatial extent, Ma’s model covers a wider study area that includes CBD, 

urban, and suburban Auckland. In general, the three models demonstrate a comparably 

predictive ability. Predictor variables selected in each model are compared in Table 6.1. 

Weissert’s and Miskell’s models were developed based on the same GIS datasets (Miskell et 

al., 2015; Weissert et al., 2018), while Ma’s model was developed based on GIS datasets from 

a different source. The variable “number of bus stops within a 100m buffer” was common to 

all the three models, indicating bus stops are hotspots of NO2 emission sources in Auckland. 

Variables of road length of different types of road were selected at each scale in Ma’s model. 

However, no variables associated with type of road appeared in Weissert’s and Miskell’s 

models as only the length of curb lines was considered in their modelling without taking road 

type into consideration. Natural land cover and urban greenfield were the variables selected in 

the CBD and suburban scales of Ma’s model, but were absent from the other two models due 

to the lack of land use data in the modelling. Although different GIS data were used in 

developing the three models, most of the predictor variables selected in them were still related 

to traffic/transportation, reflecting the fact that NO2 pollutants are primarily sourced from 

vehicles in Auckland (Ministry for the Environment, 2003). 

Interestingly, the R2 of Ma’s model (0.86 in urban and 0.73 in suburban Auckland) was 

much higher than that (0.62) in the CBD, an outcome identical to that of Miskell’s model. The 

R2 (0.82) of the city-scale model was significantly higher than that (0.55) of the local-scale 

model. One possible explanation is that model R2 will decrease with an increasing number of 

training sites, which has been reported in a previous study (Wang et al., 2012). LUR models 
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developed for a small study area with an extremely dense training network tend to have a lower 

model fitting R2 (Hoek et al., 2008). Indeed, the number of sites and density of sites of those 

training datasets used to construct Ma’s and Miskell’s models are much higher in the CBD than 

elsewhere (Table 6.2).   

 
Table 6.1 Comparison amongst the developed multi-scale LUR and two other existing NO2 

LURs 
 Ma’s model Weissert’s model Miskell’s model 

Spatial 
extent 

Entire metropolitan 
Auckland  (? km²) 

One street in suburban 
Auckland (km²) 

CBD + Urban 
Auckland (km²) 

Predictor 
variables  

CBD scale: 
No. of bus stops within 
a 100 m buffer, Area of 
natural land use within 
a 200 m buffer, Length 
of major road within a 
50 m buffer, Traffic 
volume of heavy-duty 
vehicles on the nearest 
major road 
Urban scale: 
Length of main road 
within a 50 m buffer, 
Length of major road 
within a 500 m buffer, 
No. of bus stops within 
a 100 m buffer, Sum of 
building height with a 
500 m buffer 
Suburban: 
Length of main road 
within a 50 m buffer, 
The building density 
within a 1000 m buffer, 
Sum of traffic load 
within a 300 m buffer, 
Elevation, Area of 
urban green land use 
within a 1000 m buffer 

Distance to major roads, 
No. of bus stops within a 
100 m buffer, Awnings, 
Street width 

Distance to traffic light, 
No. of bus stops within 
a 100 m buffer, No. of 
road lanes 

R2 
CBD: 0.62 
Urban: 0.86 
Suburban: 0.73 

0.66 Local: 0.55 
City: 0.82 

RMSE 
(μg•m-3) 

CBD: 5.58 
Urban: 3.53 
Suburban: 4.41 

3.32 Local: 5.09 
City: 2.58 
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Table 6.2 Descriptive statistics of training datasets used in Ma’s and Miskell’s models 

Scales Spatial extent (km2) No. of sites Density (site/km2) 

Ma’s model  
CBD 1.04 34 32.69 
Urban 20.52 30 1.46 
Suburban 533.11 43 0.08 

Miskell’s model  
Local 0.15 62 413.33 
City < 10 21 > 2.1 

 

6.1.2 LUR modelling approach  

LUR models have been applied widely to air quality modelling and exposure assessment in the 

past two decades. At the early stage, LUR models were developed based on the multiple linear 

regression technique. Some new estimation techniques (e.g., machine learning) were then 

introduced in LUR modelling as many researchers thought that the multiple linear regression 

method could only explain simple and linear relationships. Up to today, LUR modelling 

approaches have been widely extended using nonlinear regression and machine learning 

techniques (Lim et al., 2019; Rybarczyk and Zalakeviciute, 2018; Brokamp et al., 2017; 

Champendal et al., 2014). However, a recent study (Chen et al., 2019) showed that different 

estimation methods used in LUR modelling had a similar performance in modelling spatial 

variation of annual average air pollution concentrations based on a large number of training 

data. LUR modelling, as a statistical approach, still has the characteristics of being case- and 

area-specific, and inevitably, its component, structure, and performance are subject 

dramatically to some outstanding characteristics of urban layout and configurations.  

The monitoring air quality data used in LUR modelling also exert a vital influence on 

model performance. The data used in this study were all related to those used in previous 

studies and by other monitoring organizations. These monitoring network data aimed to capture 

variations of air pollution near traffic-related hotspots. Therefore, most of the monitoring sites 

were very close to major roads, and only a few were background sites. Developing a LUR 

model without adequate numbers of background sites could lead to an overall overestimate of 
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air pollutant concentrations. The lack of background sites in the data used is a limitation of this 

thesis.  

The site-optimized multi-scale LUR modelling approach proposed in Chapter 4 

provides a transferrable modelling workflow that enables the spatial variation of air pollutant 

concentrations to be modelled more accurately than treating a large study area as a single entity. 

Prior to developing a similar multi-scale LUR model for other cities around the world using 

the developed workflow, there is a need to first check the whole study area and monitoring 

networks. If the study area is a city not subject to industrial pollution similar to Auckland, and 

it is composed of two (downtown and suburban) or three distinct parts (CBD, urban and 

suburban), the proposed multi-scale LUR modelling approach could be applicable. It is 

anticipated that this multi-scale approach will outperform the standard LUR modelling 

approach. Naturally, the pace of improvement is subject to the availability of an adequate 

number of monitoring sites in each area, and the availability of predicator variable data. 

Apart from model estimation methods (e.g. multiple linear regression, random forest), 

the performance and transferability of the developed LUR modelling approach could be 

improved by focusing on those potential predictor variables used in the modelling. In particular, 

how the availability and spatial resolution of the GIS input data affect the modelling accuracy 

deserves further study. A traditional viewpoint is that the LUR modelling approach 

outperforms geostatistical interpolation methods (e.g. OK). However, a recent study (Xu et al., 

2019b) shows that OK significantly outperforms the LUR model developed with 208 crowd-

sourced monitoring sites in an intra-urban area. This finding challenges the conventional 

viewpoint that LUR model is always superior to OK for air pollution modelling. A possible 

explanation is that during the LUR modelling, only large-scale potential predictor variables 

(e.g., GIS input data of a coarse spatial resolution) are considered due to data availability. 

Developing a LUR model without considering adequate potential predictor variables could 

lower the performance of the model. This outcome also indicates that the density and spatial 

distribution of the in situ measurements input to the OK model exert a critical influence on the 

reliability of the modelled outcome. Future research should address the question of whether a 

LUR model with a better performance and within-city transferability could be developed by 

making good use of fine-scale potential predictor variables generated from GIS input data of a 

high spatial resolution.  
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6.1.3 Commute route choice and the built environment  

Exposure along the GIS-generated shortest-distance route has been commonly adopted in 

exposure assessment as it usually represents a schoolchild’s preferred route during his/her 

walking commute (Cooper et al., 2010; Hill, 1985). However, commuting along the lowest-

exposure/dose route provides schoolchildren with an alternative and cleaner choice. 

With the wide use of computational modelling and GIS spatial analysis, it is relatively 

easy to find the alternative lowest-exposure/dose routes for schoolchildren. The two methods 

proposed by Sharker and Karimi (2014) and Zou et al. (2020b) are most commonly used to 

generate such routes in a GIS. As demonstrated by the results of this doctoral thesis, central 

Auckland with gridded and regular road network configurations offers a higher chance of 

finding an alternative cleaner route than suburban Auckland with irregular road network 

configurations. Central urban and suburban Auckland have a mean NO2 concentration of 27.66 

and 16.33 μg•m-3, respectively. Considering the relatively low concentration within suburban 

Auckland, it may be considered that the reduction in dosage from walking along with the 

alternative lowest-dose route is trivial. However, quantile regression results in this study 

highlight the importance and benefit of using such routes during walking commutes for certain 

groups of schoolchildren living in a less polluted area, especially where a motorway runs 

parallel to their shortest-distance routes. Furthermore, both reduction effect in dosage and 

trade-off benefit are more enhanced for walking schoolchildren in suburban Auckland (a less 

polluted area) than in central Auckland (a more polluted area). 

The findings of this study show that the lowest-dose route during walking commute 

should be the optimum option. However, in reality, using a cleaner route may not be parents’ 

preference when planning their children’s daily commuting routes. Walking along a quiet back 

street could reduce schoolchildren’s exposure, but it also raises a safety issue potentially. 

Parents may consider it safer for their children to use a busy street even if the exposure along 

it is higher. Therefore, the commuting route planning is a more complex issue, and the lowest-

dose route could be one potential option.  

It must be noted that, in addition to the sources of pollutants, their concentrations in the 

atmosphere are affected by dispersion, which in turn, are also affected by local relief, such as 

building heights. Although such factors have been incorporated into the LUR modelling, no 

consideration is given to the effect of climate in the developed model. For instance, both strong 

winds and precipitation exert a deterministic effect on the local concentration of pollutants. 
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Future research should focus on the seasonable variability of air pollutants and schoolchildren’s 

exposure to them, especially in winter when the atmosphere is rather stable that is not 

conducive to air pollutant dispersion from its source.  

In the exposure modelling it is implicitly assumed that all schoolchildren will be 

exposed to the same concentration of air pollutants equally, no matter where they are and how 

they walk. This assumption ignores the fact that urban configuration and the built environments 

around the commuting routes are also determinants of the exposure levels (Dirks et al., 2016; 

Miskell et al., 2015). For instance, walking along the side of the road opposite the traffic could 

reduce exposure significantly during morning rush hours (Dirks et al., 2016). Similarly, 

walking in the section of the route with a lower concentration will incur a lower exposure than 

over a heavier traffic section of the same route, such as at major intersections linked with 

exposure spikes. A more accurate estimation of exposure can be achieved by shortening the 

segments of modelling to the cell size of the spatial data, or by run scenarios of the walk (along 

the traffic versus opposite the traffic).  

In this thesis, only dose of air pollution during walking is studied as walking is the most 

common means of commuting for most schoolchildren. Besides, some students may commute 

via bike or private car. Future research can assess the exposure level of cycling commuters. 

Cycling could reduce exposure by shortening commuting duration, but may also increase the 

dosage of exposure due to a higher inhaling rate. Therefore, cycling schoolchildren should be 

studied in the future. On the other hand, commuting via private car might reduce exposure for 

the schoolchildren riding the car, but may increase the exposure for other schoolchildren on 

foot. More studies are needed to quantify the increased and decreased exposure associated with 

different modes of transport apart from walking. 

6.1.4 Simulation assumptions 

In modelling schoolchildren’s exposure during walking from home to school, it is essential to 

simulate their home addresses as such data are not generally available due to privacy concerns. 

Thus, they are commonly dealt with under various assumptions. For instance, Mölter and 

Lindley (2015) assumed that within each school catchment polygon a random sample of 200 

residential addresses was selected to simulate walking schoolchildren’s home addresses. 

Davies and Whyatt (2014) used the locations of 1,370 unit postcodes as the origin of each 

commuting route. Elford and Adams (2019) assumed that any residential address within 1,600 

m of a school, and within that school's enrolment catchment, is a potential home address for a 

home-to-school walking route. In spite of the slightly different simulation methods used, all 
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these studies ended up with a random or average distribution of simulated home addresses 

within the corresponding school zone or study area. Because of the assumptions involved, the 

simulated schoolchildren home addresses may be different from the true ones, introducing 

uncertainties to the subsequent exposure estimation. More researches are needed to compare 

how the true home addresses used in this study with a randomized dataset affect the level of 

exposure so as to quantify its uncertainty. 

In future when no such data (e.g. ‘Travelwise’) are available, there is still a need to 

simulate home addresses as realistically as possible. Simulation methods proposed in previous 

studies might not be appropriate. As shown in Chapter 5, in reality walking schoolchildren’s 

home addresses are not randomly or averagely distributed within the school zone; instead, the 

majority are clustered near the school. This means that the closer a schoolchild lives to a school, 

the higher the possibility that this child will walk to school. Therefore, a more reasonable 

simulation method is suggested here that could be used in future studies. Take one school as 

an example (Figure 6.1), the method is described below: 

(1) Draw a catchment map of the school according to the school's location and its school 

zone boundary; 

(2) Assuming that in general P% (if it could be found in a report or survey) of students 

from this school live within the school zone, the total number of students attending the 

school is total_stdnum, then the number of students living within the school catchment 

(S) is: S = total_stdnum * P%; 

(3) Assuming that in general W% (if it could be found in a report or survey) of students 

walk to school, the number of walking students (num_walk) is: num_walk = S * W%; 

(4) Assuming that walking students’ homes are within a distance (could be route length or 

Euclidean distance) of 0-2,000 m (or 0-1,500 m) to school. Divide the potential walking 

zone (generated by Euclidean distance, for example) into four concentric circles (or 

catchments if route length is used), resulting a distance of 500 m between adjacent 

annuluses. It is assumed that the number of commuters in each annulus from the inner 

circle to the outer circle obeys the normal distribution spatially; 

(5) The number of walking commuters in each annulus is calculated respectively according 

to the normal distribution function, and then these commuters are averaged and 

assigned to each meshblock within this annulus. If the number of commuters in one 

annulus is less than the number of meshblocks in this annulus, then these commuters 

are assigned randomly to the meshblocks within this annulus.; and 
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(6) If one part of an annulus falls outside the catchment boundary, it is ruled out because 

all addresses are assumed within the catchment boundary. For convenience, the centroid 

coordinates of the meshblock are taken as one’s home address when someone is 

assigned to this meshblock. 

 
Figure 6.1: An example illustrating how home address can be realistically allocated in a GIS 

(Euclidean distance case) 
 

A further study could compare the influence of these three options: (1) results generated 

based on ‘Travelwise’ real home addresses; (2) results generated based on simulated home 

addresses using the conventional algorithm proposed in previous studies; (3) results generated 

based on simulated home addresses using the newly developed algorithm proposed in this 

doctoral study. This comparison can confirm whether the result of option 3 is closer to the 

result of option 1 than that of option 2. 

6.2 Conclusions 

In conclusion, this doctoral thesis has achieved all the objectives and explicitly answered all 

the questions raised in Chapter 1. Some significant findings and conclusions are listed below:  

First, this doctoral thesis has successfully developed an adaptable multi-scale modelling 

approach to quantify population-scale schoolchildren’s dose of air pollution during their 

walking commutes from home to school. The developed PyLUR software could automate the 

complex workflow of LUR modelling, and then generate air pollutant concentration maps at a 

specified spatial resolution. Besides its application in Auckland (New Zealand), PyLUR has 
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been applied successfully to Bradford (UK) for air quality modelling and prediction if the 

required input datasets are well prepared. Compared with the existing software RLUR, PyLUR 

is about 4 times faster than RLUR at generating predictor variables when the input dataset is 4 

MB in size, but 10 times faster when the input dataset is 70 MB in size. A major limitation of 

PyLUR is the lack of a sophisticated GUI like RLUR. However, this can be overcome by 

undertaking GIS data exploration and visualization of the output concentration maps separately 

in commercial GIS software. 

Second, the site-optimised multi-scale GIS based LUR modelling approach developed 

in this thesis allows NO2 concentrations to be estimated at three scales of CBD, urban, and 

suburban. It reveals the varying importance of the same predictor variables at different scales. 

The variable “the number of bus stops” is common to the multi-scale CBD and urban scale 

models, and the standard model; but the variable “total traffic loads of all roads” is common to 

only the multi-scale suburban model and the standard model. No single predictor variable is 

common to all the scale models. The newly developed multi-scale LUR model (R2: 0.85) 

performs slightly better than the UK model (R2: 0.83) and the standard LUR model (R2: 0.80), 

and significantly better than the IDW model (R2: 0.65) and the OK model (R2: 0.69). Compared 

with two other existing models, this site-optimized multi-scale LUR model is particularly 

robust for CBD-scale estimation even with a lower density of observation sites. This modeling 

approach offers a robust alternative for modeling and mapping the spatial variation of air 

pollutants at multi-scales in large study areas with distinct urban design and configurations. 

Third, of all the schoolchildren studied, only 17.48% of them in the whole Auckland 

can find an alternative lowest-dose route. The portion is higher (26%) in central Auckland 

because of its better road network connectivity. For only about 30% of the students, a 1% 

increase in route length is associated with a > 1% reduction in dosage if using the alternative 

lowest-dose route. Greater benefits by walking the lowest-dose routes were gained in suburban 

Auckland (a less-polluted area) than in central Auckland, which highlights the importance of 

taking the alternative lowest-dose route, especially for those students whose shortest-distance 

routes overlap with or run parallel to an arterial road. The use of simulated home addresses 

underestimates route length and reduces dosage of the alternative routes by up to a quarter in 

comparison with the results derived from the observed home addresses. Exposure inequality 

among the studied students existed at a minor level, but patterns of EJ in central Auckland were 

opposite to those in suburban Auckland.  
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The results and conclusions of this study could provide policymakers with scientific 

pieces of evidence for better air pollution prevention and for making schoolchildren's daily 

commute healthier. However, it must be acknowledged that more studies are needed to expand 

the LUR modelling approach and schoolchildren’s exposure assessment. In the future, a pilot 

study could be conducted to develop LUR models with better performance and within-city 

transferability using fine-scale predictor variables generated from GIS data of a high spatial 

resolution. The newly developed LUR model could be validated against data from not only 

hold-out sites but also personal monitored measurements along designated routes. Another 

future study could be conducted to explore the extent to which different home address 

simulation assumptions (algorithms) affect the journey-time exposure estimation. The results 

of this study could also provide pieces of evidence about whether the home address simulation 

algorithm proposed in section 6.1.3 is superior to those conventional ones used by previous 

researchers. 
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Appendix 
 

Table A1: Summary of the articles reviewed in this study. 

Reference Study area Pollutant Data description and methodology Travel 
mode Route plan 

Behrentz et al. 
(2004) 

Los Angeles 
(USA) 

SF6 
(AeroVironment 
CTA 1000 
analyzer) 

SF6 emissions of six school buses along routes were 
measured to examine the extent of self-pollution due 
to a bus's exhaust penetrating the cabin 

school bus Several designed 
routes 

Marshall and 
Behrentz 
(2005) 

Los Angeles 
(USA) 

SF6 
(AeroVironment 
CTA 1000 
analyzer) 

SF6 emissions of six school buses along the route 
were measured to study schoolchildren’s exposure to 
the vehicle’s self-emission  

school bus An in-use school 
bus route 

Sabin et al. 
(2005) 

Los Angeles 
(USA) 

BC, PB-PAH, 
NO2, SF6, 
Benzene, PM2.5 

Various air pollutants were measured in 7 school 
buses to quantify children’s exposure during the 
commute  

school bus Urban school bus 
routes 

Marshall et al. 
(2010) 

 Saint Paul 
(USA) 

CO, CO2, PM10, 
NOx, VOCs 
(MOBILE6) 

803 children’s commute information was used to 
develop a model to predict citywide situations, and 
commute policy was associated with estimated 
vehicle emissions  

automobile, 
school bus, 
walking 

The shortest route 

McConnell et 
al. (2010) 

Southern 
California 
(USA) 

Not specified 
4741 children’s home-school and health condition 
information were used to determine the association 
between asthma and school commuting time  

Not 
specified Fastest route 

Buonanno et 
al. (2011) Cassino (Italy) 

UFP (particle 
number size 
distributions) 

activity patterns and particle number size distributions 
were used together to assess tracheobronchial and 
alveolar dose for different groups including 
schoolchildren  

walk, bike, 
bus, car, 
motorbike  

Not specified 
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Both et al. 
(2013) 

Jakarta 
(Indonesia) CO, PM2.5, UFP 

36 (including 8 schoolchildren) subjects’ exposure to 
air pollution were measured by portable devices 
during commute and non-commuting periods  

a variety of 
transport 
modes 

Daily school 
commute routes 

Mazaheri et al. 
(2013) 

Brisbane 
(Australia) 

UFP (Philips 
Aerasense NT) 

Personal UPF monitoring of 137 children was carried 
out at home, at school, and during the commute  walk, car Daily school 

commute routes 

Jyethi et al. 
(2014) Delhi (India) 

PAH PM10 
(Model NPM-
HVS/R) 

Inhalation exposure to PAHs was assessed for school 
children on different daily occasions based on a fixed 
monitoring station 

Not 
specified Not specified 

Davies and 
Whyatt (2014) 

Lancaster 
(UK) 

PM2.5 
(ADMS Urban) 

1370 starts generated from each postcode to 12 
selected destinations, 530,100 final routes were 
considered  

walk, 
running 

Fastest route vs. 
the least polluted 
route 

Adar et al. 
(2015) Seattle (USA) 

BC, pb-PAHs, 
UFP, PM2.5 
(pDR-1200, 
PAS2000CE) 

275 school bus commuters were followed for 4 years 
to examine the pollution and health impacts of 
improved school buses  

school bus Daily school bus 
route 

Mölter and 
Lindley (2015) 

Manchester 
(UK) 

NO2, PM10 
(LUR) 

500 primary schools with randomly assigned 200 
homes in each catchment to form 100,000 home-
school pairs 

walk 
Fastest route vs. 
the lowest 
exposure route 

Dashnyam et 
al. (2015) 

Ulaanbaatar 
(Mongolia) 

BC PM2.5 
(AethLabs 
aethalometers) 

Exposure to fine-particle BC of 12 schoolchildren 
were measured to identify exposure level on different 
occasions  

Not 
specified 

Daily commute 
route 

Ragettli et al. 
(2015) 

Basel 
(Switzerland) 

NO2 (2010 
national Gaussian 
dispersion 
model) 

736 workers/students’ exposure to NO2 during 
commute, at home and work/school were estimated 
based on time-activity logs collected via survey 

walking, 
cycling, 
car, public 
transport 

Daily commute 
route 

Ryan et al. 
(2015) 

Cincinnati 
(USA) 

UFP (PUFP 
sensor) 

Personal monitoring of UPF for 20 children were 
carried out during at home, school and transit  

walk, bus, 
car 

Home-to-school 
transit routes 

Dirks et al. 
(2016) Bradford (UK) UFP (P-Trak 

collected) 

Three commuters: one driving to school and two 
walking along the same route but on opposite sides of 
the road  

car, walk 
A case-specific 
route from a house 
to the school 
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Adams et al. 
(2016) 

Hamilton 
(Canada) 

PM2.5 
(modified LUR) 

Routes to 73 primary schools were extracted from 
simulated schoolchildren’s activity patterns  

walk, 
cycling The shortest route 

Brugha et al. 
(2016) 

London (UK) 
and Bangalore 
(India) 

BC (portable 
monitor) 

Exposure of 24 and 20 children were measured during 
a school day (home, commute, school) in London and 
Bangalore respectively  

Not 
specified 

School commute 
routes 

Rivas et al. 
(2016) 

Barcelona 
(Spain) 

BC (MicroAeth 
AE51) 

45 students with portable monitoring devices for two 
days at home, school and during the commute  

Not 
specified Not specified 

Alvarez-
Pedrerol et al. 
(2017) 

Barcelona 
(Spain) 

NO2, PM2.5, BC 
(LUR)  

1234 children’s home-school locations were 
collected, LUR and GIS network analysis were 
applied to estimate their exposure during commuting, 
at home, and school  

walk The shortest route 

Bertazzon and 
Shahid (2017) 

Calgary 
(Canada) 

NO2, PM2.5 
(LUR) 

Students’ active commute options were modeled as 
active transportation scores 

walk, 
Cycling Not specified 

Jeong and Park 
(2017) Seoul (Korea) BC (MicroAeth 

AE51) 

208 children’s exposure to BC in 24h was measured 
by portable devices combined with time-activity 
diaries  

walk, car, 
bicycle, 
bus, 
subway 

Home to 
school/extra 
education routes 

Paunescu et al. 
(2017) Paris (France) 

BC, UFP 
(MicroAeth 
AE51, DiSCmini)  

96 children’s exposure to BC and UFP was measured 
by portable devices in various microenvironments 

walk, bus, 
car, 
subway, 
train, bike, 
scooter 

School-home 
routes, journey to 
other places, 
journey to the 
hospital 

Wolfe et al. 
(2017) Detroit (USA) NOx (AERMOD 

model) 

Children’s exposure to NOx was estimated at school, 
home and during commute in two areas with different 
air quality levels  

walk, car, 
school bus 

Home-to-school 
commuting routes 

Miri et al. 
(2018) 

Sabzevar 
(Iran) 

PAH (1-OHP in 
urine sample) 

200 pre-school children’s exposure to PAH was 
associated with many factors such as commute modes  

walk, 
motorcycle, 
car, bus 

Not specified 
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Boniardi et al. 
(2019) Milan (Italy) 

BC (MicroAeth 
AE51 and a LUR 
model) 

43 children’s exposure to BC during walking to 
school was personally monitored to validate 
estimations of exposure generated based on a LUR 
model  

walk home-to-school 
routes 

Elford and 
Adams (2019) 

Toronto 
(Canada) UFP (LUR) 

UFP dosages along the shortest-distance route and the 
lowest UFP dosage route for 296,862 simulated 
home-school pairs were estimated using LUR and 
GIS network analysis  

walk 

The shortest-
distance route 
vs. the lowest UFP 
dosage route 

Gilliland et al. 
(2019) 

London, 
Ontario 
(Canada) 

PM2.5 (pDR1500 
aerosol monitor) 

Children’s exposure to PM2.5 of 101 commute routes 
were directly measured using personal monitoring 
and GPS tracker 

walk, car, 
bus 

School commute 
routes 

Mazaheri et al. 
(2019) 

Heshan 
(China) 

UFP (Philips 
Aerasense NT) 

24 children’s exposure to UFP was personally 
monitored in various microenvironments for weeks  

walk, car, 
bus, 
bicycle 

Home-to-school 
commuting routes 

Nyarku et al. 
(2019) Accra (Ghana) 

UFP (Aerasense 
NanoTracers, 
PNT 1000) 

61 pupils’ exposure to UFP was personally monitored 
for 24h in various microenvironments for the long 
term  

walk, car, 
public bus, 
school bus 

School commute 
routes 

Ahmed et al. 
(2020) 

Flanders 
(Belgium) 

NO2 (RIO-IFDM-
OSPM model)  

104 pupils’ current routes to school were compared 
with their less NO2 polluted routes  

walk, 
cycling 

current route to 
school, less 
polluted route 
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Table A2: Potential predictor variables considered in the model building with their variable codes, units, buffer sizes and direction of effect 

GIS dataset Potential predictor variable Variable code Unit 
Buffer size (radius in 
metre) 

Direction 
of effect 

Land use type High density residential zone HDRES m2 5000, 2000, 1000, 500, 200 + 
Low density residential zone LDRES m2 5000, 2000, 1000, 500, 200 + 
Industry INDUSTRY m2 5000, 2000, 1000, 500, 200 + 
Port PORT m2 5000, 2000, 1000, 500, 200 + 
Urban green URBGREEN m2 5000, 2000, 1000, 500, 200 - 
Sum of forests, grasslands, beaches, rocks and water bodies NATURAL m2 5000, 2000, 1000, 500, 200 - 

Building 
variables 

Sum of building footprint areas SOBFA m2 1000, 500, 350, 200, 100, 50 + 
Sum of building heights SOBH m 1000, 500, 350, 200, 100, 50 + 
Number of buildings BUILDNUM N(umber) 1000, 500, 350, 200, 100, 50 + 
Average building height Ratio_BH_BN m 1000, 500, 350, 200, 100, 50 + 
Sum of building volumes / area of the buffer circle BuildingDensity m3/km2 1000, 500, 350, 200, 100, 50 + 
Sky view factor SkyViewFact NA 300, 200, 150, 100, 50 - 
Mean sky view factor within the buffer circle MeanSVF NA 300, 200, 150, 100, 50 - 

Background 
variables 

Coordinates of the monitoring station XCOORD,YCOORD m NA NA 
Altitude of the place Elevation m NA - 
Population density (number of inhabitants) POP N(umber) 5000, 2000, 1000, 500, 200 + 
Household density (number of households) HHOLD N(umber) 5000, 2000, 1000, 500, 200 + 
Car park density (number of carparks) CARPD N(umber) 1000, 500, 200, 100 + 
Inverse of distance to ferry DISTINVFERRY m-1 NA + 
Inverse of distance to coast DISTINVCOAST m-1 NA - 
Number of bus stops BusStopNums N(umber) 300, 200, 150, 100, 50 + 
Inverse of distance to the nearest bus stop DISTINVNrBusStop m-1 NA + 
Inverse of distance to the nearest train station DISTINVNrTrainStn m-1 NA + 
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GIS dataset Potential predictor variable Variable code Unit Buffer size (radius in metre) 
Direction 
of effect 

Road network 
and traffic 

Number of road intersections RdInterNum N(umber) 500, 300, 200, 100, 50 + 
Inverse of distance to the nearest road intersection DISTINVNrRdIntSe m-1 NA + 
Length of all main roads within the buffer circle MAINROADLENGTH m-1 1000, 500, 300, 200, 100, 50 + 
Inverse of distance to the nearest main road DISTINVNrMainRoad m-1 NA + 
Total traffic load of all major roads  TRAFMAJORLOAD Veh. day-1 m 1000, 500, 300, 200, 100, 50 + 
Total heavy-duty traffic load of all major roads HTRAFMAJORLOAD Veh. day-1 m 1000, 500, 300, 200, 100, 50 + 
Length of all major roads within the buffer circle MAJROADLENGTH m 1000, 500, 300, 200, 100, 50 + 
Total heavy-duty traffic load of all roads HEAVYTRAFLOAD Veh. day-1 m 1000, 500, 300, 200, 100, 50 + 
Length of all roads within the buffer circle ROADLENGTH m 1000, 500, 300, 200, 100, 50 + 
Total traffic load of all roads within the buffer circle TRAFLOAD Veh. day-1 m 1000, 500, 300, 200, 100, 50 + 
Heavy-duty traffic volume on the nearest major road HEAVYTRAFMAJOR Veh. day-1 NA + 
Inverse of distance to the nearest major road DISTINVMAJOR1 m-1 NA + 
Inverse of distance squared to the nearest major road DISTINVMAJOR2 m-2 NA + 
Product of traffic volume on the nearest major road and inverse 
of distance to the nearest major road INTMAJORINVDIST Veh. day-1 m-1 NA + 

Product of traffic volume on the nearest major road and inverse 
of distance squared to the nearest major road INTMAJORINVDIST2 Veh. day-1 m-2 NA + 

Traffic volume on the nearest major road TRAFMAJOR Veh. day-1 NA + 
Traffic volume on the nearest road TRAFNEAR Veh. day-1 NA + 
Inverse of distance to the nearest road DISTINVNEAR1 m-1 NA + 
Inverse of distance squared to the nearest road DISTINVNEAR2 m-2 NA + 
Product of traffic volume on nearest road and inverse of distance 
to the nearest road INTINVDIST Veh. day-1 m-1 NA + 

Product of traffic volume on nearest road and inverse of distance 
squared to the nearest road INTINVDIST2 Veh. day-1 m-2 NA + 

Heavy-duty traffic volume on nearest road HEAVYTRAFNEAR Veh. day-1 NA + 
 


