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Summary

In the Melbourne metropolitan area in Australia, an average of 34 pedestrians
were killed in traffic accidents every year between 2004 and 2013, and vehicle
pedestrian crashes accounted for 24% of all fatal crashesbldill crashes
accounted for 46% ohe total pedestrian crashes in the Melbourne metropolitan
area and 49% of the pedestrian fatalities occurred atbfogks. Many studies
have examined factors contributing to the frequency and severity of vehicle
pedestrian crashes. While many of the stisdiave chosen to focus on crashes at
intersections, few studies have focussed on vepietiestrian crashes at mid
blocks. Since the factors contributing to vehicle crashes at intersections and mid
blocks are significantly different, more research needbet done to develop a
model for vehiclepedestrian crashes at rixbcks.

Furthermore, socioeconomic factors are known to be contributing factors to
vehiclepedestrian crashes. Although several studies have examined the
socioeconomic factors related tbe locations of crashes, few studies have
considered the socioeconomic factors of the neighbourhoods where road users live
in vehiclepedestrian crash modelling. In vehigledestrian crashes in the
Melbourne metropolitan area 20% of pedestrians, 11%iwoérd and only 6% of

both drivers and pedestrians had the same postcode for the crash and residency
locations. Therefore, an examination of the influence of socioeconomic factors of
their neighbourhoods, and their relative importance will contribute varexihg
knowledge in the field, as very limited research has been conducted on the
influence of socioeconomic factors of both the neighbourhoods where crashes

occur and where pedestrians live.

In order to identify factors contributing to the severity v@hiclepedestrian
crashes, three models using different decision trees (DTs) were developed. To

improve the accuracy, stability and robustness of the DTs, bagging and boosting



techniques were used in this study. The results of this study show that the
boosting technique improves the accuracy of individual DT models by 46%.

Moreover, the results of boosting DTs (BDTs) show that neighbourhood social
characteristics are as important as traffic and infrastructure variables in

influencing the severity of pedesin crashes.

I n this research, nei ghbourhood factors
location of crash are investigated using BDT model. Furthermore, partial
dependence plots are applied to illustrate the interactions between these factors.

We have found that socioeconomic factors account for 60% of the 20 top
contributing factors to vehiclpedestrian crashes. This research reveals that
socioeconomic factors of the neighbourhoods where road users live and where
crashes occur are important intekenining the severity of crashes, with the former

having a greater influence. Hence, road safety couméaisures, especially those

focussing on road users, should be targeted at theseiskgheighbourhoods.

Furthermore, in order to develop effectiamd targeted safety programs, the
location and timespecific influences on vehiclgedestrian crashes must be
assessed. Thereforspatial autocorrelation was applied to the examination of
vehiclepedestrian crashes in geographic information systems Y @Sslentify

any dependency between time and location of these crashes. Spider plotting and
kernel density estimation (KDE) were then used to determine the temporal and

spatial patterns of vehicleedestrian crashes for different age groups and gender

types.

Temporal analysis shows that pedestrian age has a significant influence on the
temporal distribution of vehiclpedestrian crashes. Furthermore, men and women
have different crash patterns. In addition, the results of the spatial analysis show
that aeas with high risk of vehiclpedestrian crashes can vary during different
times of the day for different age groups and gender types. For example, for the
age group between 18 and 65, most vekpeldestrian crashes occur in the central

business distriCBD) during the day, but between 7:00pm and 6:00am, crashes



for this age group occur mostly around hotels, clubs and bars. Therefore, specific
safety measures should be implemented during times of high crash risk at
different locations for different aggroups and gender types, in order to increase
the effectiveness of the countermeasures in preventing and reducing the-vehicle
pedestrian crashes.
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CHAPTER 1

INTRODUCTION

1.1. Background

Walking is the most basic and active mode of travel in transportation systems. In
order to reduce air pollution and obtain better public health outcomes, efforts to
encourage nemotorized transport modes have increased in recent (dang &

Chiu 2013) To increase the number of walking trips, concerns about pedestrian
safety must be addressed. Pedestrians are more likely to be harmed or killed in
traffic crashes. They are 23 times more likely to be killed than vehicle occupants
(MirandaMoreno, Morency & ElGeneidy 2011)and more than 22% of traffic
deaths in the world are of pedestsgiVHO 2013) Every year, 34 pedestrians

are killed in traffic crashes in the Melbourne metropolitan area, representing 24%
of the total traffic faalities. Mid-block crashes account for 46% of total pedestrian
crashes in the Melbourne metropolitan area and 57% of pedestrian fatality crashes
occur at mieblocks (Table 1.1)VicRoads 2016)

Table 1.1: Severity and location of vehigledestrian crashes in Melbourne metropolitan
area

Fatal crash| Serious injury crasl] Other injury crash

Intersection 139 2625 3403
Mid-block 187 2427 2732
Total 326 5052 6135

An examination of the trends of vehigiedestrian crashes at rabcks in the

Melbourne metropolitan area revealed that the frequency of pedestrian crashes in

14



INTRODUCTION

this area increased slightly between 2004 and 2010, and then decreased from 589
crashes in 2010 to 399 crashes in 2013. Figure 1.1 demonstrates the frequency of
total vehiclepedestrian crashes and crashes that occurred ablouks in the

Melbourne metrpolitan area.

1400

290 ——\/v"\

1000 =
800
600 -

200

Number of Crashes

0

2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

e Mlid-Blocks === Total

Figure 1.1: Frequency of vehigimdestrian crashes and rtilbck crashes in Melbourne
metropolitan area between 2004 and 2013.

Many studies have examined factors contributing to the frequency and severity of
vehiclepedestrian crashéAnderson, Robert William Gerard et al. 1997; Zajac &
Ivan 2003; Kim, K et al. 2008; Dai 2012; Lam, Loo & Yao 2013; Tulu et al.
2015) While many studies have focussed on crashes at intersefite®sC &
Abdel-Aty 2005) few studies have focussed on vehijptglestrian crashes at mid
blocks. Since the factors contributing to vehicle crashes at intersections and mid
blocks are significantly differer{Lightstone et al. 2001; AGhamdi, Ali S 2003;
Roudsari, Kaufman &oepsell 2006; Haque, Chin & Huang 2009; Moore et al.
2011; Bennet & Yiannakoulias 2015nore research needs to be conducted to
enable the development of a model for vehpmelestrian crashes at rtbcks.

Furthermore, relatively few studies have examined the contribution of
socioeconomic factors, such as culture, income and level of education, on-vehicle
pedestrian crashedn these researches it is found that education level ethnicity
and income were combuting factors in pedestriavehicle crashegDougherty,
Pless & Wilkins 1990; CampeSutcalt et al. 2002; Borrell et al. 2005; Lyons et
al. 2008; Cottrill & Thakuriah 2010)

15



INTRODUCTION

In relation to the methodologies used to analyse vepwetiestrian crashes, our
review of the literature shows that different regressiohrtiggies, such as logit

and Probit models, are widely used. However, these statistical models require
specific assumptions on the distribution of the random term and the relationship
between the dependent and independent varighleang & Wang 2006) To
circumvent these restrictions, decision trees (DTs) have been increasingly used in
road safety studigd.ord et al. 2007)However, one disadvantage of this approach

is that the results obtained in standard DTs may change significantly with changes
in training and testing the daf&ord et al. 2007) To increase stability and
robustness, ensemble methpduch as bagging and boosting, have recently been
used in some traffic safety studigsbdelwahab & AbdelAty 2001; Zajac & Ivan

2003; Lefler & Gabler 2004; Chong, Abraham & Paprzycki 206®wever, the
relative performace of these methods has yet to be investigated.

Moreover, the design and implementation of effective countsures to
improve the safety of pedestrians require not only a better understanding of the
major factors contributing to crashes but also #mporalspatial patterns of
vehiclepedestrian crashes. The spatial and temporal characteristics of traffic
crashes are known to be important factors in traffic crashes in many countries. For
instance, different studies have shown that spatial and tenqemaheters have

an influence on traffic crashes, including vehipkrlestrian crashes in different
states of the U.S.A(Levine, Kim & Nitz 1995; Lee, C & AbdeAty 2005;
AguercValverde & Jovanis 2006; Li, L, Zhu & Sui 2007h addition, a report

from the National Highway Traffic Safety Administration (NHTSA) shows that
the location and time of crashes are major contributing factors in wehicle
pedestrian crashes in the U.S(NHTSA 2015)

Furthermore, several studies have shown that these variables are also significant
in traffic crashes in other countries. For instanceSAammari et al(2009)
showed that the time and location of crashes are two important variables in
vehiclepedestrian crashes in the Kingdom of Saudi Arabia. Fox €2@l5)

Hosseinpour et al2013) and Loo et al(2005) have shown the importance of

16



INTRODUCTION

location and time in vehiclpedestrian crashes in Colombia, Malaysia and Hong

Kong, respectively.

1.2. Research Aims and Objectives

The main aim of this researchtesidentify the factors contributing to the severity

of vehiclepedestrian crashes at midbcks. Whereas previous studies have

mainly focussed on pedestrian crashes at intersections or examined the crash risk

at midblocks for special groups of pedestsa(e.g. children) or specific study

areas (e.g. pedestrian crossings), the present research examines all vehicle
pedestrian crashes in mdocks in the Melbourne metropolitan area. Moreover,

no study to date has investigated the socioeconomic factarsreld t o pedestr
and driversoé residenti al nei ghbour hood s

the location of crashes or examined their relative importance.

Therefore, the secondary aim of this research is to examine the influence of the
socioeonomic factors of the neighbourhoods where road users live (residency
neighbourhood) and where crashes occur (crash neighbourhood) on -vehicle
pedestrian crash severity, while controlling for the influences of roadway, road
user, vehicle and environmentalctors. The study will contribute to advancing
knowledge in the field, as very limited research has examined the influence of
socioeconomic factors of both the neighbourhoods where crashes occur and where
pedestrians live.

Furthermore, this study comparé® performance of a decisidree (DT) model

with that of mostedDT (BDT) and bagged DT models. These thegproaches
have been applied in different studies to explore the factors contributing to vehicle
crashes. However, this is the first time thatséa models have been developed for

pedestrian crashes.

The other aim of this research is to identify the temporal and spatial distributions

of vehiclepedestrian crashes for different pedestrian age groups and gender types.

17



INTRODUCTION

These research aims dken down into a number of research objectives. The
research objectives include:
i.  Exploration of factors contributing to vehigiedestrian crash severity in
the Melbourne metropolitan area;

ii.  Identification and examination of the main predictors of pe@destrash
severity;

iii.  Evaluation of the contribution of socioeconomic characteristics of
pedestrians?o, dri ver s6 andpedestriangh b our h
crash severity;

iv.  Investigation of time and location variation of vehipledestrian crashes;

v. Enhaancement of pedestrian safety measures by the identification of
possible remedial measures e.g. 4006t engineering measures, polices

and strategies, etc.

1.3. Research Questions

The main premise of this research is that the causes of pedestrian crash aeveri
mid-blocks and the spatiotemporal distribution of vehjmbelestrian crashes and
their potential countermeasures can be identified to mitigate pedestrian crash
severity. This study addresses the issue with several research questions that
promise to povide better insight into means of mitigating pedestrian crash
severity in the Melbourne metropolitan are. The main research questions are:
1. Is it possible to develop a model for vehipledestrian crashes at mid
blocks?
2. How do neighbourhood and crash dtion influence vehiclpedestrian
crashes?
3. How can the spatial and temporal distribution of vehpgdestrian

crashes be shown?

These main research questions generated the following reseaiguesiions:
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1.4.

How should different variables be modelledaoable the prediction of
pedestrian crash severity?

How do social and economic characteristics relate to pedestrian crash
severity in the Melbourne metropolitan area?

What are the factors influencing vehigledestrian crash severity in the
Melbourne metrpolitan area?

Where are the vehiclpedestrian crash hotspots?

At whattimes arevehiclepedestrian crashes most frequent?

What are some potential solutions to improve vehpedestrian crash

severity in the Melbourne metropolitan area?

The Scope and Contbutions of Research

The Melbourne metropolitan area refers to the Capital City Statistical Division
(Capital City SD) in the Australian Standard Geographical Classification (ASGC)
(Australian Bureau of Statistics 200Bccording to the ASGC definition, Capital

City SDs are predominantly urban in character and represent the state/territory

capital cities in the wider sense. Thelbourne metropolitan arda showed in

Figure 1.2 is the capital of Victoria, Australia, darcovers an area of

approximately 9,990 km2 with a population of around 4.5 million pe(pRS

2015) The identification of vehickpedestrian crash severitpntributingfactors

and an exploration of the gfribution of these crashes in the Melbourne

metropolitan areamoad networkare the scope of this researéligure 1.2 shows

the study area of this research.
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Figure 1.2: Melbourne metropolitan aystudy area of the research.

The overarching aims of the research are to improve pedestrian safety and
mitigate crash severity in the Melbourne metropolitan area. The research sought to
investigate the objectives and to explore the key contributions of factors
associated with vehiclpedestrian crash severity at nitbcks in Melbourne. A

range of research methodologies is used to examine pedestrian safety problems in

this area.

Three different machinkearning approaches are applied and compared to identify
a more accurate model cgaexplore the factors contributing to vehigledestrian
crash severity at mitllocks in the Melbourne metropolitan area. The results of
this part of the study have been published in Transportmetrica A (Toran Pour, A,
Moridpour, S, Tay, R & Rajabifard, AOA7, 'Modelling pedestrian crash severity

at mid-blocks', Transportmetrica A: Transport Science, vol. 13, no. 3, pgR27J3

Moreover, to identify the influence of the neighbourhood on velpebiestrian

crashes, social and economic factors related to the location of crashes, and
driversd and pedestriansdé residency area
and contributing dctors are revealed and the potential countermeasures and
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policies are discussed. This part has been published in the Journal of Urban Health
(Toran Pour, A, Moridpour, S, Tay, R & Rajabifard, A 2017, ' Neighbourhood
Influences on Vehick¥edestrian Cras8everity ', Journal of Urban Healpip, 1-

14).

Furthermore, spatial and temporal analyses are applied in this research and
vehiclepedestrian crash hotspots and hot times are explored. This approach is
also applied to identify vehiclpedestrian crash regots and hot times for
different age groups and gender types. The results of this part have been published
in two journals, the ARRB Road and Transport Research jo(ifoghn pour, A,
Moridpour, S, Tay, R & Rajabifard, A 2017, 'Spatial and temporalilligton of
pedestrian crashes in Melbourne metropolitan area’, Road & Transport Research:
A Journal of Australian and New Zealand Research and Practice, vol. 26, no. 1, p.
16), and the Traffic Injury Prevention journ@oran Pour, A, Moridpour, S, Tay,

R & Rajabifard, A 2017, 'Influence of Pedestrians' Age and Gender types on
Spatial and Temporal Distribution of Pedestrian Crashes', Traffic injury

preventionpp. 17)

The innovativecontributions of this thesis are
1 The application and comparison of thecuracy of three differerdT

approaches in vehiclgedestrian crash severity.

1 The identification of contributory factors to vehigledestrian crashes at
mid-blocks.
1 The investigation of some contributory factors that have been investigated

in many linted studies.

1 The application of social and economic factors related to the location of
crash neighbourhoods and driversd and p
identify the influence of neighbourhoods in vehipledestrian crash severity.

1 The appliation of spatial autocorrelatioriKernel Density Estimation

(KDE) and temporal analysis for different pedestrian age groups and gender types

and the identification hotspots and hot times for each group.
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1.5. ThesisOutline

This thesis is structured as follows. The next chapter examines the existing
literature related to vehiclpedestrian crash severity modelling and the spatial
temporal distribution of crashes around the world. The firstsgaion explores

crash severityanalysis and factors contributing to vehipkedestrian crash
severity and identifies the research available on each factor. Following this, the
methods and approaches that have been used in the current literature are
identified. Finally, published studieselated to the spatial and temporal

distribution of vehiclepedestrian crashes are explored.

Chapter 3 describes the dataset and the methodology used in this research. This
chapter includes the method used to identify factors contributing to wvehicle
pedestrian crash severity and the spatahporal distribution of this type of
crash. Chapter 4 explores the performances of the models developed in this
research. Furthermore, this chapter reveals the factors contributing to vehicle
pedestrian crashes ihe Melbourne metropolitan area. The results of this chapter
have been published in the journal of Transportmetrica A.

Chapter 5 shows the influences of the neighbourhood on vgiadestrian
crashes. In this chapter, different social and economic vesiatglated to the
driver so, pedestrianso, and | ocations
contributory factors are identified. This chapter has hmédlished in journal of

Urban HealthIn Chapters 6 and 7 the temporal and spatial distributioelotle
pedestrian crashes in the Melbourne metropolitan area are investigated. In these
chapters the crash hotspots and hot times for all vepedestrian crashes, and

for different age groups and gender types, are investigated. Chapter 6 has been
published in the ARRB Journal of Road and Transport Research and Chapter 7

has been accepted for publication in the Journal of Traffic Injury Prevention.

Chapter 8 discusses and synthesises the findings of this research. The key findings
on vehiclepedestrian crash severity at nbbbcks and the spatiémporal

distribution of crashes in the Melbourne metropolitan area are highlighted.
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Possible countemeasures to improve pedestrian safety are proposed for the
attention of policy makers and road safety planners. The chapter ends with a
summary of the contributions of this research to pedestrian safety in Melbourne
and further possible research topics fa Melbourne context are recommended.

A flow chart of the thesis is given in Figure 1.3.

Chapter 1:
Introduction

v

Chapter 2:
Literature Review

!

Chapter 3:
Dataset and Methodology

s | :
S : Chapter 4: |
g | Modelling Pedestrian Crash Severity at Mid-Blocks|
T E | (Paper 1) ]
3 g | + |
T ol |
a2 Chapter 5: :
E : Neighbourhood Influences on Vehicle-Pedestrian I
g I Crash Severity (Paper 2) ]

 Sre————— ———

___________ N ———————————

Chapter 6:

Spatial and Temporal Distribution of Vehicle-
Pedestrian Crashes in Melbourne Metropolitan
Area (Paper 3)

Chapter7 :
Influence of Pedestrians’ Age and Gender types
on Spatial and Temporal Distribution of
Pedestrian Crashes (Paper 4)

Spatial and Temporal
analysis

Chapter 8:
Conclusions and future Research Directions

Figure 1.3: Flow chart for vehiclgedestrian crash analysis and modelling
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1.6. Summary

As population and traffic volume increase, the conflicts between pedesindns
vehicles on roads are more frequent and consequently, igiediestrian crashes
have become a major concern in improving traffic safety. For the improvement of
pedestrian safety, understanding the contributing fadtmrgehiclepedestrian
crash severity can help develop more effective countermeasures as the types of
pedestrian crash severity vary with these factors. Thus, the past studies on
frequency and injury severity of pedestrian crashes have generally focused on th
effects of pedestrian and driver characteristics, vehicle characteristics and
conditions, and road geometric and traffic characteristics of intersecticiesv
studies examined the effect of these factors on vep@iestrian crashes at mid
blocks. Moeover, limited studies investigated thafluence of roadu s er s 6

neighbourhoods and spatiemporadistribution of these crashes.

Therefore, improving the safety of pedestrian is the main objective of this
research. To achieve this goal machine learrteghniques are applied and
contributing factorsto vehiclepedestrian crash severity at nrhotbcks are
identified. Furthermore, different spatial and temporal analysis are applied in this
research to explore the temporal and spatial distribution of egbeclestrian
crashes in Melbourne and influence of age and gender as significant factor in

vehiclepedestrian crashes in this distribution.

24



CHAPTER 2

REVIEW OF THE EXISTING STUDIES

2.1. Introduction

The aimof this thesis is to identify factors which contribute to vehpeestrian
crash severity at mitllocks and explore the hot times and hotspots for these
vulnerable road users. A comprehensive literature review was conducted in order
to identify the knowedge gaps and to develop the critical research questions for
this study. This chapter provides an understanding of the following factors:

(a) Contributory factors and methods: The published studies on wvehicle
pedestrian crashes are comprehensively reviewadetdify what factors
have been applied in vehighedestrian crash severity studies and what
factors have been identified as significant variables. Next, methods and
approaches for the development of vehpbelestrian crash severity
models are investiged.

(b) The temporal and spatial distribution of vehipkedestrian crashes: In this
section the published studies on the spatial and temporal distribution of
vehiclepedestrian crashes are reviewed to explore the approaches which
have been applied in the pas show crash hotspots and hot times for this

type of crash.

2.2. Contributory Factors and Methods
2.2.1. Contributory Factors

The improvement of pedestrian safety requires the comprehensive exploration and
analysis of the factors contributing to the probability of pedestrian crashes and

pedestrian crash severity levefsreview of literature indicates thatost previous
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studies on vehiclepedestrian crashes have considered only crashes at
intersections. However, miolock crashes have been examined in a few studies.
For example, Quistberg et §2015)applied multilevel models to estimate the risk

of pedestrian crashes at intersections andbitdks in Seattle, U.S.A. In atier

study, Zheng et a(2015)modelled the interaction between pedestrian behaviour,
such as gap acceptance, and speed at intersections abtbakisl In this study

the researchers used data on pedestrians crossing roads on the campus of the
University of Florida. In addition, Bennet and Yiannakoul{@815) applied a
conditional logistic regression to predict tlog-bdds of child pedestrian collision

risk at intersections and miaocks in Hamilton, Ontario, Canada. They used
limited road condition variables, such as the existence of bus and bike lanes,
speed limits, sidewalks and land use characteristics, tocptadirisk of collision

for child pedestrians.

Many studies have attempted to determine the impact of specific factors (such as
pedestrian age, speed, light conditions, etc.) on pedestrian crashes. In addition,
many studies have developed specific models (such as binary models, ordered
discrete modeland unordered multinomial discrete models) to determine the risk
factors affecting the severity of pedestrian crashes. For instance, several studies
have evaluated the impact of pedestrian age on crash severity level, demonstrating
that pedestrian age caignificantly affect crash severitfLee, C & AbdelAty

2005; Eluru, Bhat & Hensher 2008; KimKJet al. 2008; Kim, K et al 2010;
Sarkar, Tay & Hunt 2011a; Oikawa et al. 2Q16)

These studies indicate that pedestrian crash severity rises with increasing
pedestrian age. In additioa, number of studies have attempted to identify the
impact of driver gender, age and alcohol consumption on crash injury severity
levels(Miles-Doan 1996; Laflamme et al. 2005; Lee, C & Abddy 2005; Kim,

JK et al. 2008; Kim, K et al. 2010) Female pedestrians have been found to be
the most vulnerable group in pedestrian crashes. For instance, Lee andhjbdel
(2005)found that female pedestrians have higher ingayerity levels than male
pedestrians. In addition, Mild3oan (1996) and Kim et al.(2008) showed that
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drinking and driving and pedestrian alcohol consumption significantly increase

the risk of fatal pedestrian crashes.

Some studies have focused twe effects of traffic control type on crash severity
levels(Lee, C & AbdelAty 2005; Eluru, Bhat & Hensher 2008)hese researchers

found that pedestrian crash injury levels increase in the absence of traffic controls,

such as traffic signals, signs or pedestrian signals. Furthermore, several studies have
examined the impact of vehicle tyg®allesteros, Dischinger & Langenberg 2004;

Kim, JK et al . 2010; Newstead & DOElia 201
Hasan, S 2013; Oikawa et al. 201@6)eather conditiongEluru, Bha & Hensher

2008; Kim, Y-I, Park & Kho 2010)and road speed limi{&luru, Bhat & Hensher

2008; Sasidharan & Menéndez 2014; Oikawa et al. 204 @edestrian crash injury

severity levels.

However, the contribution of socioeconoméctors, such as culture, imoe and

level of educationon vehiclepedestrian crashes applied in very limited
researchesCamposOutcalt et al.(2002) examined the influence of race and
ethnicity on pedestrian crashes in Arizona, and revealed that the rates and
circumstances of pedestrian deaths are affected by these factors. In addition,
several authors have attempted to find how income level inflsemehicle
pedestrian crashg®ougherty, Pless & Wilkins 1990; Lyons et al. 2008; Cottrill

& Thakuriah 2010) Borrell et al. (2005) found that education level was a

contributing factor in male pedestri@ehicle crashes.

In general, two main approaches have been used to examine the influence of
socioeconomic variables on vehigledestrian crashes. Some studies haeel us

the socioeconomic characteristics of the neighbourhood where the pedestrians live
(Dougherty, Pless & Wilkins 1990; Borrell et al. 2005; Cottrill & Thakuriah

2010) while other studies havesed socioeconomic factors related to the
neighbourhoods where the crashes occul@ehoh-Gyimah, Sarvi & Saberi

2016; Toran Pour et al. 2017) However , to the authoroés |
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date has investigated the socioeconomic factors related to both types of
pedest r i an sdéghbaurhdodsior examenedsthiir relative importance.

Studies show that social and economic factors related to the location of crashes
influence vehiclepedestrian severity levels. For example, Wier e{2009) and
Graham et al.(2005) have shown that the proportion of leamcome households

and the proportion of people without access to a motor vehicle are contributory
factors to vehiclgpedestrian crash injury severity. Therefore, understanding the
social and economic factors related to the location of crashes may assist road
safety professionals to target suburbs for the application espeeific pedestrian

safety programs and improve vehigledestrian safety in these suburbs.

Other studies have shown thatseeic onomi ¢ f actors affect
(Wilde 1976; Ishaque & Noland 2008For instance,ethnicity and family
background are important factors associated with traffic cra@hg®n et al.

1998; Factor, Mahalel & Yair 2007; Coughenour et al. 20TIfgrefore, the use

of social and economic factors mo®@é$ ated
of residence can assist in identifying target suburbs for the application of different
roaduser behaviouchange programs and improve the traffic safety knowledge of

road users in these suburbs.

2.2.2. Methodology Approaches

With respect to methodologies, different statistical approaches have been applied to
the analysis of pedestrian crash injury sevéBiyvolainen et al. 2011 review of

the literature shows that binary modél€oepsell et al. 2002)ordered discrete
models(Rifaat, SM, Tay & de Barros 2012nd unordered multinomial discrete
models(Tay et al. 2011pre the three main statistical techniques that have been
widely used to study pedestrian crash severity levels. In binary crash severity
models, the outcomes are injury againorinjury crashes or fatal against ntatal
crashes. These studies have commonly used discrete models, such as binary logit

and binaryProbit models. In recent studies, Sarkar e{2002)and Ballesteros et
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al. (2011) have developed a logistic regression model for pedestrian crashes to

analyse the severity of this type of crash.

Because of the ordinal nature of crash severity levels, ordered probability models
are widely used in traffic crash studies. Lee and Aldgl (2005) used this
approach to estimate the likelihood of pedestiigury severity at intersections.

In ordered logit and ordereBrobit models, it is assumed that the parameter
estimates are constant across different severity levels. However, some covariates
may increase the probability of one type of crash sevensl ie practice, while

they may decrease the probability of occurrence of other severity levels
(Savolainen et al. 2011)fo deal with his limitation of ordered logit models,
Eluru et al.(2008)developed a generalized ordered probability model to examine
the crash injury sevetitlevels of pedestrians and bicyclists in the U.S. In this
model, they allowed the thresholds in an ordered probability model to vary, based

on both observed and unobserved characteristics.

Limitations of the traditional ordered logit and Probit modeld k the
development of unordered models to analyse traffic crash injury severity levels.
Multinomial logit (MNL), mixed logit and randofparameter logit are the most
common unordered models used in many pedestrian crash gKides-K et al.

2008; Wier et al. 2009; Siddiqui, Abdaty & Choi 2012; Zhang et al. 2012yor
instance, Kim et al(2010) used mixed logit models for pedestrian crashes to
identify risk factors that increase the probability of fatal and seriousiesjdior

this group of road users. Light conditions, road type, speed limits, and driver

alcohol use all play important roles in determining crash severity levels.

Machine learning is another approach that is widely used in different areas of civil
enginesring (Reich 1997; Hung & Jan 1999%uch as construction and structure
design, pavement design and traffic engineefidgli & Balasubramanyam 1988;
Thurston & Sun 1994; Herabat & Songchitruksa 2003; Aghabayk, Forouzideh &
Young 2013; Celikoglu 2013)Chong et al(2005) and Yu et al.(2014) used
different machine learning paradigms to model traffic crash severity. In these
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studies, neural networks were trained using hybrid learning approaches,tsuppor
vector machines and DTs. Concurrent hybrid models using DTs and neural

networks were then developed.

In recent years, neparametric techniques have become popular and have been
used in traffic crash severity modelling. Kuhnert e{2000)applied classification
and regression trees (CARTs) and multivariate adaptive regression splines
(MARSS) to estimate motor vehicle injuries. Kuhnert e(2000)showed that the
combined use of MARS and CART is a useful method to display more detailed

analysis compared to traditional methods such as logistic regression.

In other studies, CART has been applied to analyse traffic crash data and to find
the variabés associated with traffic injuries and fatal collisig@hang & Wang

2006; Kashani & Mohaymany 2011; Abellan, Lépez & de Ofia 2013; Chang &
Chien 2013; Chung 2013; de Oiia, Lopez & Abellan 2013;-Beftda et al. 2014,
Kwon, Rhee & Yoon 2015; Wang, J et al. 201%)or example, Chang and Chien
(2013) applied the CART model to explore the relationship between crash injury
severity levels and driver/iecle characteristics, highway geometric variables, and
environmental characteristics in crashes involving trucks. The results indicated that
alcohol consumption, seatbelt use, vehicle type and crash location are the most

important predictors of crash impuseverity levels for truck accidents.

CART is a simple but powerful approach in data analysis and no predefined
assumption is required to develop a CART model. In addition, while the
correlation between explanatory and dependent variables is imporiant i
regression models, it is not a major concern in CART mo@@&sng & Wang

2006) Furthermore, CART models provide a graphical structure including a tree
with many branches and leaves for results. Graphical features assist in better

understanding and interpreting the res(itashani & Mohaymany 2011)

Despite all the advantages of CART models for data analysis, the instability of this

model type is the most important disadvantage of this approach to data modelling.
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Ensemble models that combine two or more models to find a more robust
prediction, classi€ation or variable selection are one approach to the creation of
more stable model¢gDean & Wexler 2014) Boosting and bagging are two

ensemble approaches used to improve.DT

Tree boosting is an attempt to create a more accurate tree by combining many
unstable and inaccurate trees. Ch(@2@07)used a boosted regression tree (BRT)

to analyse singlgehicle motorgcle crashes in Taiwan. The results showed that
BRT models are able to provide improved transferability over other models.
Furthermore, other studies have shown that boosting multiple simple trees can
overcome the instability and poor accuracy of CART ns(téolubowycz 1995;

Kim, JK et al. 2008)

On the other hand, bagging is a method for generating multiple versions of a
predictor and using them to obtain an aggregated predRasanen & Salmivaara
1993) Random forest is the most common bagging method which has been used in
some traffic safety studies to find contributory factors in traffic craghppel,
Stuertz & Goten 1975; Anderson, R. W. G. et al. 1997; Davis 2001; Yu & Abdel
Aty 2014; Jiang et al. 2016 able 2.1 shows a summary of previous research

analysing vehiclgoedestrian crash severity.
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Table 2.1: Summary of previous research analysing crash severity

Methodological approach

Previous research

Binary models

Logit and Probit

(Ballesteros, Dischinger &
Langenberg 2004; Sarkar, Tay &
Hunt 2011b)

Ordered probability

Logit andProbit

(Lee, C & AbdelAty 2005)

models

Generalized ordered
probability model

(Eluru, Bhat& Hensher 2008)

Partial proportional
odds model

(Wang X & Abdel-Aty 2008;
Sasidharan & Menéndez 2014)

Unordered probability
models

Multinomial logit
model

(Shankar & Mannering 1996;
Savolainen et al. 2011; Tay et al.
2011; Ye & Lord 2014)

Mixed (random
parameter) logit model

(Eluru, Bhat & Hensher 2008; Milton
Shankar & Mannering 2008; Kim,-Y
|, Park & Kho 2010; Moore et al.
2011; Aziz, HA, Ukkusuri, SV &
Hasan, S 2013; Yu & Abddlty
2014)

Machine learning

Decision trees model

(Kuhnert, Do & McClure 2000;
Chong, Abraham & Paprzycki 2005;
Chang & Wan@006; Kashani &
Mohaymany 2011; Abellan, Lépez §
de Ofia 2013; Chang & Chien 2013;
Chung 2013; de Ofia, Lopez &
Abellan 2013; Pefigarcia et al. 2014
Kwon, Rhee & Yoon 2015; Wang, J
et al. 2015)

Neural networks

(Abdelwahab & AbdelAty 2001;
Chong, Abraham & Paprzycki 2005;
Delen, Sharda & Bessonov 2006)

Support vector
machines (SVMs)

(Chong, Abraham & Paprzycki 2005
Li, X et al. 2008; Li, Z et al. 2012; Y{
& Abdel-Aty 2014)

Boosted decision tree

(Chung 2013; Lee, C & Li 2015;
Saha, Alluri & Gan 2015)

Bagged decision tree

(Harb et al. 2009; Pham et al. 2010;
Jiang et al. 2016)
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2.3. Temporal and Spatial Distribution

Many studies have conducted spatial and temporal analyses of motor vehicle
crashes. Black (1991) applied temporal, spatial and spat@mnporal
autocorrelation analysis techniguesexamine highway collisions on Indiana toll
roads in the U.S.A. He applied von Neumann's ratio, Moran's |, nesigstour
analysis, and a spatimporal autocorrelation coefficient to show the
applicability of these techniques in temporal and spatidlision analysis. In
another study, Levine et a1995) examined spatial patterns in motor vehicle
crashes in Honolulu, U.S.A. Theyed Geographic Information Systems (GIS)
analysis to describe the spatial distribution of crash locations in their study area.
In addition, Andrey and Yagdfi993)conducted a temporal analysis to examine
collision risk during and after rain events in Calgary and Edmonton in Canada.
They applied a matched sample approach to examine crash data between 1979 and
1983.

Aguero and Jovani@006)applied full Bayesian hierarchical models with spatial
and temporal effects and sp&oee interactions to examine injury and fatal
crashes in Pennsylvania, U.S.A. They found spatial correlation in their crash data
andthat correlation was more important in road segmant intersectiotevel

crash models. In another study, Li et €2007) used a Glshased Bayesian
approach to analyse the spat@nporal patterns of motor vehicle crashes in
Houston, U.S.A. They found the spatiamporal analysis method to be useful in

identifying and ranking roadway segments with high risk of vehiashes.

In another study, ABhammari et al(2009) showed factors contributing to
vehiclepedestrian crashes in Riyadh. They showed that the riskelicle
pedestrian crashes is greater on Wednesdays. This study also showed that this risk

is higher between 4:00pm and 12:00am than other periods of time.

Plug et al.(2011)used spatial, temporal and spatiotemporal techniques in GIS to

study singlevehicle crash patterns in Western Australia. In this study, they used
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visualisation techniques, such as KDE and different typgdod$. Their results
showed that there were significant differences in spatial and temporal patterns of

singlevehicle crashes.

The review of published research on pedestrian crashes found many studies that
focused only on the spatial patterns of pedwsicrashes. In these studies, different
statistical models were developed to identify the spatial variables that influence
pedestrian crashg$chneider, Ryznar & Khattak 2004; Siddiqui, Abé¢y &

Choi 2012; Fox et al. 2015lror instance, Siddiqui et §2012)applied a Bayesian
spatial technique to model pedestrian and bicycle crashes in traffic analysis zones
and found spatial correlations between pedestrian and bicycle crashes. In other
studies, KDE was applied to identify pedestrian crash patterns and hot spots
(Schneider, Ryznar & Khattak 2004; Truong & Somenahalli 20MQreover,
Hosseinpour et gR013) applied four diferent numeric models to identify the
influence of road characteristics on vehipkdestrian crashes in Malaysia. In this
study they found the location of crashes to be a contributory factor in this type of

crash.

The spatial temporal analyses conductieds far has mainly examined motor
vehicle crashes as a whole and has not focussed on vulnerable road users, while
the pedestrian studies have focused only on the spatial distribution of crashes. Loo
et al. (2005)applied nearest neighbourhood analysis in GIS to show that vehicle
pedestrian crashes are clustered in the Hong Kong commercial and business
district (CBD). Furthermore, they showed the distributadnvehiclepedestrian
crashes during the day and week and identified vepetiestrian crash hotspots

in this area. Blasquez and Ce(8013) also applied this approach to examine
vehicle crashes involving child pedestrians in Santiago, Chile. In this study, they
applied KDE to identify the critical areas for child pedestrian safety. They then
applied Mor anods | ndex beween spahtalnand dther t h e
variables for these crashes. Furthermore, Fox €R@l5) applied the Bayesian
maximum entropy (BME) method to explore the influence of the location of

vehiclepedestrian crashes amsthowed the pedestrian crash fatality hotspots in
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Cali, Colombia. In this study, the mean of the spatial covariance range was
obtained as a function of the three spatial aggregations using -thent&
temporal aggregation, and the mean of the temporalrieox® range was
obtained as a function of the three temporal aggregations using the section spatial

aggregation.

Figure 2.1 shows a summary of methods that have been used in the research
literature to analyse the spatial and temporal distribution &fctrerashes. This
review of published literature has revealed that few studies have focussed on both
temporal and spatial analyses of motor vehicle crashes, and fewer still have
focussed on pedestrians and other vulnerable road users. Since-petiedtan
crashes have significantly different crash characteristics from velebiele
crashes, a study focusing on vehipkxlestrian crashes will provide useful
insights to improve the safety of these vulnerable road users.

Furthermore, the literature view has shown that age and gender influence
walking behaviourBentley, Jolley & Kavanagh 2010; Gomet al. 2010; Van

Dyck et al. 2010; Sundquist et al. 201Bor instance, Bentley et a2010)
identified that females and elderly people are more active in tleal |
environment. Therefore, many studies have identified age and gender as two
contributing factors in vehiclpedestrian crashefAl-Ghamdi, Ali S. 2002,
Henary, Ivarsson & Crandall 2006; Holland & Hill 2007; KimKJet al. 2008;

Tay et al. 2011)Tay et al(2011)revealed that elderly and female pedestrians are
more affected by vehiclpedestrian crashes. However, few studies have explored
the influence of these factors on the temponral spatial distribution of vehicle

pedestrian crashes.
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—> Autocorrelation

Nearest-neighbourhood
analsyis

Kernel Density Estimation

A\ 4

—»  Bayesian approaches

Spatial and Temporal Analysis Approaches

— Statistical analysis

Figure 2.1: Spatial and temporal analysis approaches.

2.4. Gapsof Knowledge

Literature showd that there have beemany studies on pedestrian crashas
recent yearsHowever, more research is neededfill the following gapsin

literature

4 )

WIE:N o N/ B A-ew studies investigated the vehipledestrian crashes at mid
crashes blocks

- J

4 )

V[ (e1s [e][e1s\A ATe performances of DT techniques in vehiesgfestrian crash

approaches severity is not investigated.

- J

4 )

ololpris 01Ty ASocioeconomic factors are examined in limited study.
factors Alnfluences of road users living area are not investigaetd.

- J

(Feew studies investigated distibution of pedestrian crashes in)

Sllilolelck:e M  differnt time and locations.
Hot Times Anflunce of significant factors on saptiemporal distirbution of
\crashes is not investigated. )

Figure 2.2 gapes of knowledgfeat were foundeh literatures.
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This research aims to contribute to knowledge by doing extensive and innovative
research on following objects tmprove the safety of pedestrians.

1 Examining the performances of differeBecision Treetechniques in
vehiclepedestrian crash severity at ntibbcks and identifying more
accurate model.

1 Examining the influences of neighbourhoods on vehicle pedestriah cra
severity and identifying significant social and economic factors in vehicle
pedestrian crash severity.

1 Exploring the spatial and temporal distribution of vehpbelestrian
crashes and identifying hotspots and hot times.

1 Examining influences of ageand gender types on spatiotemporal

distribution of vehiclepedestrian crashes.

Moreover, several studies have shown that spatial and temporal variables are also
significant in traffic crashes. However, limited studies examined a comprehensive
spatioemporal analysis in vehiclgedestrian crashes. Also, tlafluences of
vehiclepedestrian crash severity contributing factors such as age and gender
pedestrian crashesn temporal and spatial distribution of crash are not

investigated widely.

2.5. Summary of Research

In summaryiterature reviews shogd that majority studies have been conducted

to understand the factors contributing to vehmbelestrian crashes at
intersections. Furthermore, the review of methodological approaches used for
pedestriancrash severity analyses has shown that although DT, bagging and
boosting DT have been used in many studies, the accuracy of these models has
not been compared or discussed. It is not clear which DT ensemble method
provides more accurate results in traffiash modelling. Therefore, a study to
compare the performance of these three models will contribute significantly to

advancing knowledge in traffic crash studies.

37



REVIEW OF THE EXISTING STUDIES

Moreover, few studies in this area have used only a limited number of -socio
economic variables and often focus on a particular age group (e.g. children).
Although different cultures may have different influences on road user behaviour,
little research has been comtied to understand the influence of culture on
pedestrian crash risk. Cultural influences may be significant in the present study,
because according to the Australian Bureau of Statistics, 27% of the Australian
population was born overseg®BS 2013) This study will contribute to
advancing knowledge in the field, as very limited research has been conducted on
the influence of the socioeconomic factors of both the neighbourhoods where

crashes occur and where the pedestrians live.

Figure 23 shows a summary of contributory factors that have applied in the

research literature on the analysis of vehpaeestrian crash severity.

Moreover, this review of published literature has revealed that few studies have
focussed on both temporal and salaanalyses of motor vehicle crashes, and even
fewer have focussed on pedestrians and other vulnerable road users. Since
vehiclepedestrian crashes have significantly different crash characteristics from
vehiclevehicle crashes, studies focusing on viehpedestrian crashes will
provide useful insights to improve the safety of these vulnerable road users.
Furthermore, many studies have identified age and gender as two important
contributory factors in vehiclpedestrian crashes. However, few studies have
explored the influence of these factors on the temporal and spatial distributions of

vehiclepedestrian crashes.
To sum up, in recent years, many studies are investigated the vatulstrian

crash frequency and severity. Meanwhile, more studies nezdtnine the safety

of this vulnerable road user.
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Figure 23: Contributory factors in vehiclpedestrian crashes
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CHAPTER 3

DATASET AND METHODOLOGY

3.1. Introduction

This chapter shows the datasets used in this research to meet the research aims
and answer the research questions. In this research three types of dataset are used,
including crash datasets, social and economic datasets, and geographic maps and
data. Thesalatasets were selected from different data sources and merged to
produce the final dataset. Moreover, the general method applied to achieve the
aims of this research is illustrated in this chapter. The detailed methodology for

each research aim and questtan be found in Chapters 470

3.2. Data

The primary dataset used in this study is the road crash statistics (CrashStats) of
Victoria, Australia. It includes data on personal characteristics (e.g.
driver/pedestrian age, gender), vehicle charactesigé@. vehicle type, weight),

road and environment conditions (e.g. road surface, light and pavement
conditions), and temporal parameters (e.g. date, day and time of the crash). In
Victoria, only crashes resulting in injury to at least one of the road uselved

in the accident are required to be reported to the police.

The first objective of this study was to identify the factors contributing to the
severity of vehiclgpedestrian crashes at mibcks. In crash severity analysis,
each observation igne crash and its severity is related to the most severe injury
sustained in the crash, as recorded in the police accident report. Note that this

analysis is different from injury severity analysis, where each observation
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represents one road user and ipossible to have multiple people involved in one
crash.

In Victoria, the severity of a crash is determined by the person with the most
severe injury. A fatal crash refers to a crash in which at least one person died
within 30 days of a collision, whil@a serious injury crash refers to a crash in
which at least one person was admitted to hosf@Roads 2016) Note that

this classification is different from other schemes that use actual injury scales,
such as the Abbreviated Injury Scale (AIS) and may be anesignate because

some of road users sent to hospital may suffer only minor injuries.

To investigate the variables contributing to vehipielestrian crash severity, data

for these crashes on public roadways in the Melbourne metropolitan area from

2004 to 2013 were extracted from CrashStats for this study. Figures 3.1 and 3.2

show the disibution of vehiclepedestrian crashes in the Melbourne metropolitan

area. According to these two figures, vehigtzlestrian crashes are more
concentrated in Melbourneds centr al busi
suburbs. Of the total of 11,625 velepedestrian crashes, 5,346 were located at
mid-blocks. According to the VicRoads classification, of the 5,346 vehicle
pedestrian crashes included in the study, 3.5% were fatal crashes, 45.5% were

serious injury crashes, and. 51.0% were minor injuryhess
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-
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Figure 3.1: Distribution of vehiclpedestrian crashes in public roads of Melbourne

metropolitan arefVicRoads 2016)
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Figure3.2: Frequency of crashes in Melbourne metropolitan area s{(\ioRsads

2016)
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Data on socioeconomic factors agelographic data including suburbs, postcodes
and local government boundaries, were extracted from the Australian Bureau of
Statistics(ABS 2013) In addition, other geographic data such as roads, locations
of public transport stops, land use, and road grades were extracted from Australian
Urban Research Infrastructure NetwOMJRIN 2013). The AURIN database is the
largest single resource for accessing diverse types ancesoof data, spanning the
physical, social, economic and ecological aspects of Australtees, towns and

communitiegStimson, Tomko & Sinnott 2011)

Since information on the postcodes of crash locations and the addresses of the
persons involved in the crash (residency location) are available fronrable c
database, socioeconomic data at the postcode level were extracted from the ABS.
Geographic Information Systems (GIS) were then used to merge the crash
information and the socioeconomic data. It should be noted that 20% of
pedestrian, 11% of drivers @ronly 6% of both drivers and pedestrians had the

same postcode for the crash location and residence location.

Crash data

Socioeconomic (Crashstats)

data (ABS)

Geographic
data (AURIN)

Data Analysis

Figure3.3: Data types and data sources used in this research.
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3.3. Methods

The main objectives of this research are to identify the factors contributing to the
severity of vehiclgpedestrian crashes at ritbcks and the spatial and temporal
distribution of vehiclepedestrian crashes. Although DT, boosted and bagged DT
have beemsed in previous vehicle crash studies, the performance and accuracy of
these models in road safety analysis have yet to be compared. This study first
applies two ensemble methods to examine pedestrian crashes-labokisl and
compares the effectivenessbagging and boosting in improving the performance

of the single DT model in traffic crash analysis. In addition, repeated-cross
validation (CV) is applied to individual and ensemble DT models to increase the

accuracy of the DT models.

Next, the modelhat shows better performance is used to examine the influence of
the socioeconomic factors of the neighbourhoods where the road users live
(residency neighbourhood) and where the crashes occur (crash neighbourhood) on

vehiclepedestrian crash severity.

In addition, the literature review shows that identification of the relative influence
of the different variables on crash severity levels has been largely neglected in
most studies. In the present research, partial dependence plotting is applied for the
first time in pedestrian crash analysis to show how each contributing factor can
change the pedestrian crash severity level.

As stated above, GIS was applied in this research to compile the dataset. All data
including crash data, social and economic datal, waffic data were added as
separate layers in Arcmap GIS and merged using the locations of crashes,
postcodes of the crash | ocations and
The final dataset includes data on traffic and road characteristicpesiadnal
characteristics, and socioeconomic data for the locations of crashes and road
userso6 residency neighbourhoods. The

tree (BDT) to identify factors contributing to vehigdedestrian crashes.
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DATASET AND METHODOLOGY

Furthermoret he gl obal Morandos index is applie

spatial autocorrelation between location and time of velpetiestrian crashes.
Then, spider plots and kernel density estimation (KDE) are applied to identify

vehiclepedestrian crash htimes and hotspots.
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*Dataset 1 includes social and economic factors related to location of crashes neighbourhoods

**Dataset 2 includes social and economic factors related to pedestrians’ and drivers’ living area neighbourhoods

Temporal Analysis

Figure 3.4: General methodology of this research.

3.4. Summary

In summary, this study collected 10 years vehpgdestrian crashes between
2004 and 2013 from VicRoads crash datds@&tRoads 2016) Socioeconomic
factors and geographic data including suburbs, postcodes and local government
boundaries, were extracted from the Australian Bureau of Statistid AURIN

(ABS 2013; AURIN 2013) Then, GISwas used to jointhe data and create the

final dataset.

In this research, different packages in R software were applied to develop and
compare the performance of DT models. CV technique was applied in DT
technigues to improve the accuracy of models, and Partial dependence plots were
applied to illustrate the fluence of vehiclegpedestrian contributing factors on

severity levels. Furthermore, spatial autocorrelation and KDE were applied to



DATASET AND METHODOLOGY

examine the dependency of significant factors on location of crashes in different
period of times and identify crash hotspothen, spider plots were used to show
the temporal distribution of vehiclgedestrian crashes and identify hot times for

different situation.
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CHAPTER 4

MODELLING PEDESTRIAN CRASH SEVERITY AT
MID -BLOCKS

4.1.Introduction

The main objective of this research is to identify factors contributing to the
severity of vehiclgpedestrian crashes at rbtbcks. Whereas previous studies
have mainly focussed on pedestrian crashes at intersections or examined the crash
risk at midblocks for special groups of pedestrians (e.g. children) or specific
study areas (e.g. pedestrian crossings), this research examines all-vehicle
pedestrian crashes in rdodocks in the Melbourne metropolitan area. In addition,

this research considers differestcioeconomic variables, such as place of birth,
level of education and percentage of labour force participation in the
neighbourhood or surrounding suburbs. The distance of the crash location to/from
public transport stops is another variable usedigmrédsearch as a novel measure

to identify the influence of public transport stops on pedestrian crashes.

Furthermoreas it is mentioned in Chapter 1, the decision tree approach used in
this researchAlso, this study compares the performance of a ®nBIl model

with that of boosted and bagged DT models. These three models have been
applied in different studies to explore factors contributing to vehicle crashes.
However, this is the first time that these models have been developed for
pedestrian crasheMoreover, partial dependence plotting is used in this research
for the first time in traffic crash studies. Partial dependence plots depict the
relationship between the severity levels and one predictor variable, while taking

into account the average etts of all other predictors.
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4.2Data and Methodology

To investigate the variables contributing to vehipielestrian crash severity, data

on these crashes on public roadways in the Melbourne metropolitan area from
2004 to 2013 were extracted frabmashStats for this study. Of the total of 11,625
vehiclepedestrian crashes, 5,346 were located athiudks. According to the
VicRoads classification, of the 5,346 vehigledestrian crashes included in the
study, 3.5% were fatal crashes, 45.5% wer&osserinjury crashes, and. 51.0%

were minor injury crashes.

Table 4.1 shows a summary of the categorical variables used in this study. In this
study, categorical explanatory variables are grouped into five major groups,
describing the temporal, personataftic and road, environment, and socio
economic characteristicEhe continuous variables used in this study are shown in
Table 4.2. The continuous variables are divided into two main groups, describing

the crash location and the neighbourhood aroundrdsh location.

This study applies two ensemble methods to examine pedestrian crashes at mid
blocks and compares the effectiveness of bagging and boosting in improving the
performance of the single DT model in traffic crash analysis. In addition, repeated
crossvalidation (CV) is applied to individual and ensemble DT models to
increase the accuracy of the DT model.

In addition, the literature review shows that the identification of the relative
influence of different variables on crash severity levetstieen largely neglected

in most studies. In the present research, partial dependence plotting is applied for
the first time in pedestrian crash analysis to show how each factor contributing to
a crash can change the pedestrian crash severity level. Hidurehows the

methodology of this research.
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Table 4.1: Categorical explanatory variables

Variables Percent
Fatal 4.9
Dependent variablg sce:\rlzfi?y Serious injury 47.7
Minor injury 47.4
Spring 23.8
Summer 23.9
Season Autumn 26.2
Winter 26.1
Temporal Morning peak (7:00 9:00) 13.6
Time of | Afternoon peak (16:00 18:00) 3.7
crash | Daytime offpeak ( 10:00 15:00) 35.2
Other 47.5
Weekday 75.6
Day Weekend 24.4
Pedestriar] Female 42.6
gender Male 57.1
Unknown 0.3
. Female 29.1
gg'r‘]’deér Male 59.5
Unknown 11.4
18 and under 16.7
19-24 14.5
Personal Pedestriar 2544 31.1
age 4564 18.1
6574 7.2
75 and older 9.4
Unknown 3.0
25 and under 19.3
26-44 36.4
Driver | 4564 24.7
age 6574 4.3
75 and older 3.3
Unknown 12.1
Passenger cars 78.7
Taxi and van 8.9
. Heavy vehicles 0.8
Vteyhplgle Buses . 1.5
Motor and bike 4.3
Tram and Train 3.0
Other 2.9
No control 79.8
Traffic and road Traffic | Stop gdight and flashing 5.4
control | Pedestrian light and cross walk 7.8
Unknown 4.2
Surface Dry . 83.2
condition Wet, muddy, snowy and icy 12.8
Other 4.0
Divided double line (DD) 9.2
Divided | Divided single centreline (DS) 26.1
road type | Not divided (ND) 40.0
Unknown (U) 24.7
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Table 4.1: Categorical explanatory variables (Continued).

Variables Percent
O50 km/ h 28.1
' Speed limit 60-70 km/h 55.5
Traffic and road 080 km/ h 9.8
Other 6.6
. Yes 36.5
Median No 635
Day 62.1
. Dusk/dawn 5.6
Light .
conditions Dark street Ilgh'g on 26.6
Dark no street light 4.4
Other 1.3
Clear 85.9
. Atmosphere | Raining and snowing 9.0
Environment conditions | Fog, smoke, dusstrong winds 0.6
Other 4.6
Residential 22.8
Commercial 29.3
Industrial 7.1
Land use Community and educational 2.7
Sport, recreation and parks 4.9
Not Active 33.3
. < 50% 39.4
va;gfkgf'a'af 50-80% 59.6
> 80% 1.0
Pink collar | 50-80% 46.5
0,
Social (suburb worker® | > 80% 035
characteristics) | Blue collar |->20% 8.2
workere 50-80% 88.9
> 80% 2.9
Low income (< $60@er week 2.3
Income® | Middle income ($6082,499) 94.2
High income (> $2,500) 3.5
a. White-collarwork is performed in an office, cubicle, or other administrative
setting(Australian Bureau of Statistiaid Work: Changing industries,
changing jobs
b. Pink-collar workis related to customer interaction, entertainment, sales, or
serviceoriental work.
c. Blue-collarwork refers to manufacturing, construction, mining and agriculty
businesses.
d. The threshold used to for income is according to Australian Bureau of Stat
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Table 4.2: Descriptive statistics for continuous variables.

Variables Unit Mean S.D.
Average daily traffic Vehicle per
(ADT) day 13250.8| 10151.4
Average roa@radient Per cent 1.3 3.0
Crash Location Number of lanes Lane 4.5 2.1
Road width Metre 20.1 10.8
Lane width Metre 3.4 0.7
Distance from public Metre 1343 392.3
transport stops
Gender ratio (male to
Age and Per cent 1.0 0.06
ender female)
9 Median age Year 35.4 4.7
UK 3.9 2.1
Southern and eastern 0.2 0.2
3 Overseas |-=aropbe
3 Born Middle East 0.8 1.6
=S Asia 15.7 12.9
Q Indigenous persons 0.4 0.4
Q
s Others Percent 436 | 6.9
2 Degree or higher 45.6 15.7
Education | Certificate or diploma
and under 34.6 13.1
Labour force Ir_aetitl;our force participan 60.0 8.3
. Suburb population Pop. per sq.
Population (pop.) density metre 3276.3 | 2506.7
Repeated k-folds CV
I D:DI[D:I]*; block for testing Model development (p:;?gz::i‘::
e | - (T ___»| | CART Model ,TTMI
atase B R I oosted D' Select more Partial
%J. - D:DID]:D s ModddD l " | Kappa | accurate model Dcr’;‘lr:g?ncc
) . I Bagged DT ROC
- . Model
(I
L | (D

Figure 4.1: Methodology of vehicleedestrian crash modelling.

4.2.1.CART, Bagging and Boosting

DTs can be used for classification and regression tasks. If the variable in the study

is categorical, a classification tree is developed, and when a DT is used to predict
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a continuous variable, it is called a regression tree. In CART models, predictors at
the top of the tree (parent node) are divided into several homogeneous nodes
using rules. This procedure is repeated and each new node (child node) is assumed
to be a parent node for the following branches. This process is continued until no
further splitscan be made; i.e. all child nodes are homogenous (or alefeed
minimum number of objects in the node is obtained). These final nodes are called
terminal nodes or leaves, and they have no branéfastioning stops when all
possible threshold valuefor all explanatory variables (splitters) have been
assessed to find the greatest improvement in the purity scores of the resultant
nodes.

CART then tries to simplify the structure of the tree, which makes a smaller tree,
and prevents ovditting. The guning process starts with the maximal tree and alll
branches with little impact on the predictive value of the tree are removed. CART
determines the best tree by testing for error rates or costs. With sufficient data, the
simplest method is to divide tharaple into learning and test sshmples. The
learning sample is used to grow an overly large tree. The test sample is then used
to estimate the rate at which cases are-afaissified (e.g., adjusted by mis
classification costs). The mdassification ewr rate is calculated for the largest

tree and also for every suitee. The best suioee is the one with the lowest or

nearlowest cost, which may be a relatively small tree.

BDT is an ensemble technique that tries to find a more accurate model bygnergin
a number of trees in a sequential process. Boosting uses a forwardwistge
procedure that only uses the results from the previous tree rather than from all
other previoushfitted trees. In this approach, after the first tree is fitted, the
residualsare calculated and observations with high residual values are defined as

poor fit observations. In the next step, to minimise the-afaissification error

rate, the estimated probabilities are adjusted by the following weights fol"the

case (Equation 4.1):
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_@rmi))
4 @+ mii)*)

i=1

w(i) (4.1)

Wherep¢m(i) ¢ n andn is the number of fitted classification models and) is

the number of models that mitassified case in the previousstep. Subsequent
trees are fitted to the residual of the previous (katignon 2007) This process
is repeated times andM models adjust thestimated probabilities. Figure 4.2

shows the flowchart for the BDT method.

Figure 4.2: Flowchart of BDT.

On the other handyagging or bootstrap aggregating is a different method for
combining DTs or other base classifiers. Similar to boosting, the base learning
algorithm is run repeatedly in a series of rounds. In each round, the base learner is
trained on what is often catlea "bootstrap replicate" of the original training set.
Suppose the training set consistsnoéxamples. Then a bootstrap replicate is a
new training set that also consistsrokxamples, and is formed by repeatedly
selecting uniformly at random and witleplacement of m examples from the
original training set (see Figure 4.3). This means that the same example may

appear multiple times in the bootstrap replicate, or it may not appear at all.
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