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Abstract

Extensive research has shown advanced technology as a promising component to-

wards improving the safety of pedestrians in an urban road environment. In GB,

in 2017, evidence from a national database on road data (i.e., STATS 19) summed

1305 road fatalities, with pedestrian fatalities representing c.a. 25.7% of the total

road fatalities. Datamining, the technique adopted in this study, is a process used to

convert raw data into useful information. Fewer studies, however, have investigated

a systematic approach adopting datamining techniques (e.g., ML) to assess its level

of quality and consistency. Therefore, the applicability of datamining to reveal undis-

covered pedestrian road-crash casualty patterns more efficiently was further explored.

This work uses ML to examine casualty statistics during a one-year period in GB.

The investigation includes data regarding pedestrian attributes, the road environment

and its physical infrastructure. A key advantage of ML over conventional statistics

is that with minimal human intervention, advance warnings are given independently

when exposed to new data. The adopted technique here, explores discrete classifica-

tion rules. From a range of classification algorithms and for the road data given, the

FCM was applied for its proven degree of objectivity and response sensitivity. To this

end, the results anticipate pedestrian road-crash casualties mainly for elderly male

pedestrians during the day with fine weather, with permanent speed limits set at 30

mph, particularly when neither general nor pedestrian facilities are made available.

New pedestrian safety measures may be recommended as in, appropriate publicity,

introducing variable speed limits, and further research focusing on developing non-

existing pedestrian safety models on a number of pedestrian physical facilities (e.g.,

footbridge, pelican).

Keywords: Discrete Classification, Machine-Learning, Data-Learning Algorithms,

Unsupervised-Learning, FCM, Knowledge Discovery, Pedestrian Safety
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1. Introduction

1.1. Overall Approach

Existing research recognises the urgent need to investigate road safety challenges

causing pedestrian casualties more in-depth. The past decade has seen increasingly

rapid advances in the field of datamining to improve pedestrian safety. Datamining,

the adopted approach in this study, is a process used to convert raw data into useful

information (Wu et al., 2008; Prato et al., 2008; Addakiri et al., 2010; Giummarra

et al., 2021. This research introduces a novel approach using datamining techniques

(i.e., Machine-Learning (ML)) to explore undiscovered patterns and test the appli-

cability of ML on a number of contributory factors that affect road-crash casualties

(Butsenko, 2022; De Ona et al., 2013).
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1.2. General Pedestrian Road Safety Assessment

There is a growing body of literature recognising the importance of pedestrian road

safety. According to the World Health Organization (WHO), a major hindrance

faced by road safety is that worldwide, every 23 seconds, a road user (e.g., pedes-

trian, cyclist, driver) dies. Looking just at pedestrians, the same happens every

101 seconds (WHO, 2018). WHO also states road safety as one of the greatest

development challenges in the world, since the related human tragedy seriously im-

pacts socioeconomical advancements (WHO, 2015; WHO, 2018). Worldwide and

per annum, over 1.24 million people die on the roads. Moreover, it is estimated that

between 2015 and 2030, 265 million people will be killed or seriously injured, sur-

passing Malaria, Acquired Immunodeficiency Syndrome (AIDS), tuberculosis, and

diarrhoea diseases (WHO, 2018). Furthermore, unless urgent actions are taken, the

number of people killed in road accidents per year is predicted to rise from 1.24 mil-

lion to 2 million (WHO, 2013). Datamining seems to play a key role in preventing

road accidents due to its ability to reveal unforeseen links from raw data (e.g., data

monitoring) (VfR, 2015; Lin et al., 2019; STATS20). A fundamental question faced

by many researchers is the proportional discrepancy in pedestrian safety from region

to region, given that the reasons underpinning road accidents might be if not the

same, at least similar [see Section 1.3]. Figure 1.1 illustrates the overall distribution

of road-crash fatalities by road user, contrasting the world with Europe according

to the Global Status Report on Road Safety (GSRRS) statistics (GSRRS, 2018).
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Figure 1.1.: Road-crash casualty by road user type: World vs. Europe.

Source: GSRRS, 2018

Figure 1.1 shows the GSRRS statistics (GSRRS, 2018). The results show respec-

tively the following road-crash fatality rates involving Vulnerable Road Users (VRU)

(i.e., Worldwide vs. Europe):

i. Cyclists: 8% (i.e., 3% vs. 5%).

ii. Motorised (2-3 wheeled vehicles): 39% (i.e., 28% vs. 11%).

iii. Pedestrians: 50% (i.e., 23% vs. 27%)

1.3. Pedestrian Safety Overview

Investigating pedestrian road-crash casualties is a growing concern for road safety lo-

cally, regionally, and worldwide (DfT, 2019; Organisation for Economic Co-operation

and Development (OECD), 2020). However, evidence indicates that road fatality

rates tend to differ by type of road user and also by region (DfT, 2019; Danmarks

Statistik (DST), 2020; OECD, 2020). For instance, of the road fatality rates (per

million inhabitants) in Member States of the European Union (EU) in 2018, the

lowest were represented by the UK (28), Denmark (30) and Ireland (31). By con-
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trast, the highest were represented by Romania (96), Bulgaria (88), Latvia (78),

and Croatia (77) (OECD, 2020). In addition to that, in 2019, the European Union

Statistics (EU STATS) shows that in the EU, out of the whole road-crash fatalities,

21% consisted of pedestrians and 12% of cyclists (EU STATS, 2019). Moreover, road

data from three distinct EU countries (i.e., GB, Denmark, and Romania) shows sig-

nificant differences. The pedestrians vs. cyclists road fatality rates per country were

as follows:

i. GB: 470 in total (27%) pedestrians vs. (6%) cyclists (DfT, 2019).

ii. Denmark: 30 in total (15%) vs. 31 (16%) (DST, 2020).

iii. Romania: data from 2019 not found. In 2018, 37% vs. 9% (OECD, 2020).

In 2019, the key statistics database of EU countries reported that Romania had

one of the highest fatalities in road accidents in all of Europe (Eurostat, 2019). Along

with this, recent research work conducted by Sârbescu et al. (2014) and Hamann

et al.(2015), indicated that in Romania the main causes of road-crashes were driver

related (e.g., speed driving) or due to pedestrian jaywalking (Hamann, et al., 2015).

Previous research concentrating on the costs of road-crashes has pointed to a lack

of relevant information. Thus, the improvement of a system to collect and examine

road data more exhaustively has been proposed (Drosu and Cofaru, 2016; Cadar

et al., 2017). Concerning GB pedestrian road-crash casualties, the central country

this study referred to, it shows a 25% decreasing tendency between 2005 and 2009.

By contrast, further analysis shows a 12% increasing tendency between 2009 and

2015 (DfT, 2017). Still, describing reasons underpinning the fluctuation rates on

pedestrian safety with a decade of data (i.e., 2005–2014) remains restricted (DfT,

2019). One of the reasons could be, among others, due to information corruption

through omission, overwriting, or even misperception (Noland et al., 2017; Li et
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al., 2017). Problems of this kind may be ongoing. To address this issue, advancing

cross-sectional studies to draw more conclusive results has been previously suggested

(Urie et al., 2016; Useche et al., 2021). Besides that, some research with specific

interventions to improve pedestrian accessibility was previously carried out (Jones

and Anciaes, 2018; Lin et al., 2019 ). However, there remains a paucity of evidence

on the pedestrian road-crash causal factors. This might likely be improved by, for

example, correlating data from pedestrian general attributes (Uzan and Wagstaff

2017; Hezaveh and Cherry, 2018), the road environment (Sullivan and Flannagan,

2002 ; Naik et al., 2016; Malin et al., 2020) and the physical road infrastructure

(Pardillo Mayora and Jurado Piña, 2009; Zegeer and Bushel, 2012; Gross et al.,

2013; Vijayawargiya and Rokade 2017). Moreover, the adoption of modelling has

proven its use to examine road data more efficiently (Stone et al., 2002; Nilsson 2004;

Wedagama and Dissanayake, 2010; Zegeer et al., 2012; Aziz et al., 2013; Kaplan and

Prato, 2012; Papadimitriou et al., 2019). Even so, the use of systematic methods to

assist in reducing pedestrian road-crashes, remains unclear. To this end, the thesis

adopts a systematic investigation to determine the extent to which a pedestrian

safety modelling approach can more objectively assess pedestrian road-crash casualty

trends. This will be shown in Chapters 7 and 8. Here, it is also of importance to

mention that analysing data regarding drivers, cyclists, or motorcyclists is out of

the scope of this study.

1.3.1. Pedestrian Road Fatalities in the UK

In the last decade, in Europe, pedestrian road-crash casualty rates have decreased by

ca. 22% (Eurostat, 2019). On the other hand, the UK shows a decreasing tendency

of ca. 3% (DfT, 2020). However, to date, the reasons for the existing gap between

the two regions have not been fully clarified. One could argue that comparably, the
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subject complexity could increase based on the number of fatality rates by region

(DfT, 2020; OECD, 2020). More particularly in the UK, looking at the Great Britain

(GB) pedestrian road-crash casualties, which essentially regards the analysed data

in this study, between 2005 and 2009, a marked decreasing tendency of 27% was

noticed. In contrast, between 2009 and 2015, a slight increasing tendency of 4% was

noticed (DfT, 2017). However, exceptionally from 2013 to 2014, a steep increasing

tendency of 12% was noticed (DfT, 2015). Figure 1.2, illustrates a general overview

of the mortality of pedestrians hit by vehicles in the entire UK.

Figure 1.2.: UK pedestrian road-crash casualty overview

Source: Shaw et al., 2008
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Figure 1.2 presents a general overview of UK pedestrian road-crash mortality dis-

tribution rates. However, depending on the pedestrian behaviour, the road elements,

and the respective region, the nature of road-crashes is expected to differ (Stefanova,

2015). One critical drawback is, failing to understand pedestrian road-crash patterns

(e.g., distribution, rates, and variation), as this may increase road-crash casualty

causation. Another critical aspect is when the nature of these causes remains un-

clear. However, the number of systematic investigations on pedestrian safety using

datamining is limited. Therefore, this study assesses the applicability of modelling

to systematically examine road-crash data combining pedestrian general attributes,

the road environment, and the road infrastructure.

1.3.2. Datamining Techniques

Essentially, datamining is a process available to databases used to convert raw data

from multiple rows and columns of data into useful information (Butsenko, 2021).

In the context of road safety, although not systematically, an extensive variety of

datamining techniques have been previously applied (Sohn and Shin, 2001; Chang

and Wang, 2006; Silva et al., 2020). Moreover, these techniques have successfully

helped reveal patterns from road accident databases (De Oña López et al., 2013;

Martin et al., 2014). ML is the datamining technique chosen in this study. This

is because, when compared with traditional statistical techniques, it demonstrates

more flexibility. An example is its ability to indicate patterns with a lower depen-

dency on assumptions (Gu et al., 2017; Gutierrez-Osorio and Pedraza, 2020).
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1.4. Problem Definition and Originality

A number of factors affecting pedestrian safety have been explored in several studies.

Among others, these included pedestrian general attributes, the road environment,

and the road infrastructure (Salmon et al., 2016). However, previous studies demon-

strate limitations in showing the contribution of systems towards pedestrian safety

(Pilkington and Kinr, 2005). This is because examining a wider range of pedes-

trian attributes and road attributes with a singular analysis may play a vital role

in improving pedestrian safety (Urie et al., 2016; Jones and Anciaes, 2018; Lin et

al., 2019 ; Useche et al., 2021). Regarding pedestrian general attributes in a specific

area (e.g., kindergarten, schools), Zhu et al. (2021) present inconsistencies regarding

the proportion of young pedestrians in relation to their road-crash risk propensity.

As regards the road environment, Clarke et al. (2006) claim the time of day im-

pacts both the severity and the number of road-crashes. Additionally, a recent data

analysis shows road-crash rates with rainy weather increasing up to 71% (Khan et

al., 2020). With respect to the road infrastructure, a previous study carried out in

Sweden indicates the condition of the road to at least mitigate 59% of the fatal road-

crash rates (Stigson et al., 2008). Additionally, the International Road Assessment

Programme (iRAP) ranks 5 star roads as the safest in contrast with 1 star roads as

the most risky (iRAP, 2021). Still, more than 50% world’s roads are ranked as 1 or

2 stars (iRAP, 2015). As regards the improvement of systems to reduce pedestrian

road-crashes, recent studies have used advanced data analysis systems (e.g., pre-

dictive modelling) (Deb et al., 2017). As a result, modelling rapidly became a key

instrument in examining road data, for its lower dependency on historical data and

also for minimising human intervention (Gu et al., 2017; Li et al., 2021) [Section

1.3]. However, in-depth data analysis that examines pedestrian general attributes

in a road environment has not been addressed in much detail. One critical draw-

back of combining several attributes, when using either similar or different features
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on a single analysis, is associated with the model expiry (PRACT, 2016). This is

because, it may contribute to the increase in important decisions being made intu-

itively, rather than evidence based (e.g., rich data stored in databases) (Han and

Kamber, 2012). Three other possible limitations of a data-driven method are, high

dependency on historical data, a lack of standardised data sources, and human in-

tervention (Deb et al., 2017, Assi et al., 2020). These factors, seem to significantly

weaken the relevance of the conclusions (Salmon et al., 2016; Nashad et al., 2016;

Takahashi al., 2020). Therefore, to assist policy-making, engineering planning, and

implementation, defining an adaptive data-driven procedure to constitute and im-

plement a standard, a specification, or a regulation might become crucial (WHO,

2015).
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1.5. Aim

The aim of this study is to improve pedestrian road safety, by assessing the appli-

cability of an advanced data-driven method to systematically examine road-crash

casualty causation involving pedestrians.

1.5.1. Objectives

i. To identify features that affect pedestrian road-crash casualties in relation to

pedestrian general attributes, road environment, and road infrastructure.

ii. To use data from STATS 19 and explore ML algorithms to describe and project

safety trends for pedestrians.

iii. To define a knowledge discovery approach for a safer pedestrian road environ-

ment.

iv. To test the applicability of the above methodology using data from GB and

from different regions.

v. To review the literature related to road safety worldwide.

vi. To provide recommendations on road safety based on the data analysis and

validate the findings with expert opinion.
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1.5.2. Thesis Layout

The thesis details a data-driven study conducted during this Ph.D. For this reason,

the thesis structure is composed of 11 themed chapters.

Chapter 1 introduces the fundamental elements to develop the overall investigation

purpose.

Chapter 2 presents the background work, that includes exploring the applicability

of relevant data tools and techniques to examine road data, and also concluding

existing gaps.

Chapter 3 sets out the adopted methodology for this study.

Chapter 4 investigates previously applied predictive models, and gives focus to

pedestrian attributes affecting pedestrian safety.

Chapter 5 assesses previously applied predictive models, and focuses on road ele-

ments impacting on pedestrian safety.

Chapter 6 explores the process of examining road data.

Chapters 7 details data-learning algorithms: supervised-learning supervised-learning,

and unsupervised-learning.

Chapter 8 rationalises the effects of the applied unsupervised-learning algorithms

on preassessed road data.

Chapter 9 tests the sensitivity response of the applied data learning algorithm,

discusses the reliability of the results, and suggests possible measures to improve

pedestrian safety.

Chapter 10 discusses the findings of the applied unsupervised-learning algorithms,

and proposes improvements to examine road safety information.

Chapter 11 summarises the findings and presents some pedestrian safety recom-

mendations, including practical applicability and future work.
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2. Literature Review

2.1. Introduction

This chapter reviews the worldwide literature on existing pedestrian road-crash mod-

els to improve road safety. The significance of examining a number of contributory

factors to pedestrian road-crash casualties is central to this study. This chapter

is structured in six sections. Section 2.1 introduces the overall structure of the

chapter. Section 2.2 distinguishes between two types of pedestrian safety mod-

els: traditional and predictive. Section 2.3 describes some of the influential factors

on pedestrian safety as pedestrian attributes. Section 2.4 expands knowledge on

physical infrastructure factors affecting pedestrian safety in an urban road envi-

ronment. Section 2.5 explains the applicability of two types of pedestrian safety

models previously applied to pedestrian road-crash data: supervised-learning, and

unsupervised-learning. Section 2.6 summarises the findings and identifies pedestrian

safety limitations, pointing to further research.
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2.1.1. Overall Approach

Previous research has established that road data can help prevent road crashes

(Noland et al., 2017). Moreover, Cahill (2010) and Zangenehpour et al. (2015) have

previously suggested investigating further cross-sectional methods to improve pedes-

trian safety. However, much of the research seems unable to encompass exploring

undiscovered patterns in more detail. In this study, ML was adopted to identify

previously undiscovered links between pedestrian general attributes (Nemire et al.,

2016; Earl et al., 2018; Hezaveh and Cherry, 2018; Feliciani et al., 2020) and road

elements (Elvik. et al., 2009; Godavarthy and Russell, 2016; Noland et al., 2017;

Oviedo-Trespalacios et al., 2017). Moreover, to discover new knowledge regarding

their effects on pedestrian safety. This research sought to demonstrate how advanced

data analysis, such as descriptive modelling, can be used to extract knowledge from

a dataset. The data analysis gave focus to the application of ML using computa-

tional models without focusing on developing new models, let alone programming

them.

2.2. Road-Crash Pedestrian Safety Models

Beshah and Hill (2010) hold the view that appropriate measures can prevent pedes-

trian road-crash casualties. Moreover, recent advances using datamining methods

have proven their applicability to reduce road-crashes [see Chapter 7]. However, it

is important to note that the relevance of existing data-driven methods seems to

quite likely expire (Kaplan and Prato, 2012, PRACT, 2016, Meyer, 2021). Fore-

casting (i.e., classical) and predictive models (i.e., ML) are used to make predictions

on future events (Torbic et al., 2010; Feliciani et al., 2017). Their differences are

mainly dependent on the use of specific applications, methods, models, and on their
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level of accuracy in the predictions. Moreover, the accuracy of predictive modelling

constitutes an important assessment measure, particularly when facing uncertainty

(e.g., pedestrian behaviour) and wider-scaled road environments (e.g., city, coun-

try). This is because it can lead to provisioning erroneous information (Abdar et

al., 2021, Maryam et al., 2023). This section presents two types of methods: classi-

cal and ML. The term classical data analysis refers to a number of models used to

analyse factors affecting pedestrian safety through traditional statistical methods.

Two examples are the mathematical model deployed by Nilsson (Nilsson, 2004) and

the negative binomial regression for intersections (Torbic et al., 2010). This will

be further explored in Chapters 4 and 5. The ML data analysis adopted in this

study incorporates algorithms to jointly examine pedestrian safety causal factors

and describe undiscovered safety trends. This will be expanded in Chapters 6 and

7.

2.2.1. Traditional Pedestrian Safety Models Assessment

A considerable number of models have been previously incorporated within the "Pre-

dicting Road Accidents - a Transferable methodology across Europe (PRACT)"

database to analyse factors affecting pedestrian safety (PRACT, 2016). Gener-

ally, this type of study explores unforeseen pedestrian road-crash trends based on

analysing the impact of elements such as pedestrian general attributes (i.e., gender,

age group), the road environment (e.g., weather, speed limits, lighting) and the road

infrastructure (e.g., road type, pedestrian facilities). However, fewer studies suggest

a systematic association between these elements. Regarding pedestrian general at-

tributes, in the USA, between 2005 and 2009, data on gender and age group from

the National Automotive Sampling System "General Estimates System (GES)" was

used (Kaplan and Prato, 2012). One drawback is the limited data of 1% on road
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accidents for composing prediction samples. This becomes a key issue for scalability

purposes (Trueck and Rachev, 2009). Another study carried out in 2015 in Italy,

regarded a predictive simulation comparing the behaviour between the young and

the elderly in a road environment. However, the simulation did not assess their

movement by gender (Zeng et al., 2014; Gorrini et al., 2018). Regarding the road

environment, an example is the integer autoregressive model, which was adopted

to examine the influence of the weather in Athens, Greece (Yannis and Karlaftis,

2010). This analysis has neither dealt with incorporating various models nor with

the lack of independence from historical data. A further explanation of models to

examine speed limits and lighting will be expanded in Chapter 5. On the road in-

frastructure, at an intersection, when compared with more recent models (Prato et

al., 2012), the negative binomial regression model also requires large data sets (e.g.,

years, number of locations) (Lyon and Persaud, 2002; Torbic et al., 2010). Addition-

ally, further research on pedestrian safety at signalised intersections was suggested

(Zegeer et al., 2005). On pedestrian physical facilities, a mathematical formula was

used to examine the effects of their absence and presence (iRAP, 2018; Gitelman et

al., 2012). Similar to the road environment, models regarding other types of road

infrastructure will be expanded in Chapter 5. Despite the progress made to date to

improve pedestrian safety, the literature review identified existing research gaps as

follows:

i. Human attributes: According to Oström and Eriksson (2001), in a road envi-

ronment, pedestrians initiating collisions have been mostly descriptive (e.g.,

time and place) and epidemiological (i.e., factors medically diagnosed that de-

termine road-crashes as a disorder) rather than exploratory (i.e., knowledge

discovery driven). For instance, a pedestrian classified by gender and age group

that is permanently impaired (e.g., cognitive, physical) indicates a significant

share of unpredictability (Guth et al. 2012; Castillo-Manzano et al., 2017;
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Uzan and Wagstaff, 2017). ML can be adopted to simulate unforeseen move-

ments (e.g., jaywalking) of pedestrians with a level of impairment in relation

to existing pedestrian physical facilities (Feliciani et al., 2017). However, an

enhanced approach that accounts for this issue has not been explored to date.

This research explores ML to overcome the limitations of existing methods by

gender and age group. Subsequently, the newly discovered knowledge can play

a critical role in assisting with recommending relevant physical infrastructure

that accounts for pedestrian attributes such as gender and age group (e.g.,

children, elderly).

ii. Road environment factors: Poor weather is perceived as a barrier to physical

activity, and it may become an issue, especially for impaired pedestrians (The-

ofilatos et al., 2014). One critical issue is the low accuracy of models in terms

of weather forecasting (Naik et al., 2016). ML can be adapted to assist in the

implementation of physical infrastructure that accounts for the weather influ-

ence (e.g., rainfall, snow) (Ryser and Halseth, 2019). Regarding speed limits,

in São Paulo, Brazil, a study from 2016 shows variable speed limits leading

to diverging road-crashes to alternative routes (Ang et al., 2020). One criti-

cal limitation of this examination is the degree of imprecision of speed limits

impacting road-crashes (Granà et al., 2010; Bichicchi et al., 2017). ML can as-

sist in projecting speed limit measurements to rate the level of safety by route

(Peng et al., 2022). With respect to lighting, it seems to significantly increase

pedestrian safety, especially at night (Fotios and Gibbons, 2018). One issue is

the significant amount of unknown illumination at night (ca. 25.5%). ML can

be adopted to implement adaptive street lighting (Tripathy et al., 2017). Fur-

thermore, to date, ML applications have not clearly dealt with assessing the

models’ accuracy after combining multiple factors affecting pedestrian safety

(e.g., weather, speed limits, and lighting) on a single examination. This re-
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search assesses the accuracy rates of an ML algorithm associated with multiple

factors (e.g., weather, speed limits, and lighting) with the view to providing

relevant pedestrian safety recommendations.

iii. Road infrastructure: Differences based on the type of intersections (e.g., unsignalised,

signalised, and roundabouts) and depending on their layout (e.g., geometric

design, traffic signage) directly impact on road-crashes (Obeng and Rokonuz-

zaman, 2013). ML can support defining more relevant road layouts through

simulation environments (Feliciani et al., 2017; Onelcin and Alver, 2017). How-

ever, an enhanced approach to examine road-crashes in relation to the infras-

tructure layout has not been made to date. This research explored further the

applicability of ML to address current setting constraints.

v. Data quality: Lack of data consistency or data completion (e.g., human fail-

ure) may disqualify the validity of projecting interactions between different

elements in a road environment (Nashad et al., 2016; Schmidt et al., 2021).

Moreover, an enhanced approach using ML to minimize the historical data

dependency has not been made to date. In contrast with previously adopted

models (Torbic et al., 2010), a key advantage of incorporating ML, lies in its

capacity to define patterns with a reduced reliance on historical data (Prato

et al., 2012). This research specifically applied ML to data collected from a

single year, aiming to demonstrate a reduction in historical data dependencies.

Therefore, the ML approach seems to enhance the current needs of pedestrian

safety research by means of:

i. Knowledge discovery methods that have been applied to examine unforeseen

pedestrian movement.
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ii. Development of pedestrian safety models that can adequately describe the influ-

ence of more than one factor associated with the road environment.

iii. Development of models that can satisfactorily describe the influence of data

quality in spatially diverse datasets.

2.2.2. Conventional Approach

Figure 2.1 illustrates a classical data analysis concept to analyse pedestrian road-

crash casualty data [see Section 2.2].

Figure 2.1.: Classical data analysis

The conventional analysis displayed in Figure 2.1 includes the following four

stages: pre-definition of the elements, data analysis, reporting, and forecasting (DfT,

2017). About the elements pre-definition, a number of elements (e.g., human, road

environment, and road infrastructure) are suggested (Urie et al., 2016; Jones and

Anciaes, 2018; Lin et al., 2019; Useche et al., 2021). Traditionally, prior to initiat-

ing a classical analysis (e.g., forecasting through human calculation), the data goes

through a cleansing process (e.g., data filter) (DfT, 2017). As regards reporting, the

results are expected to be incorporated into a computational datamining tool. These
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findings are expected to clarify pedestrian road-crash casualty causation trends in re-

lation to the selected elements, such as pedestrian attributes (e.g., impairment level

due to alcohol or drugs consumption, and road elements (e.g., speed limits, single

carriageway, footbridge) (DfT, 2017). Forecasting refers to traditional statistical

models (e.g., logistic regression, binary regression) to project future events. Two

identified major issues that might likely affect the quality of the analysis, are the

high dependency on past events and human intervention. Regarding the high depen-

dency from data, typically this type of analysis utilises large sets of historical data

(DfT, 2017; OECD, 2020; Sabrina, 2020). Since this nature of data also depends on

human intervention (e.g., misspelled records, new terminologies introduction), data

inaccuracies or incompleteness are expected (Noland et al., 2017) [see Chapter 2]. A

consequence of discarding defects when forecasting data could be the disqualification

of the findings, for the region under investigation and when attempting to transfer a

common approach to different regions (Imprialou and Quddus, 2019; Noland et al.,

2017; Feliciani et al., 2020; Giummarra et al. 2021). Therefore, to investigate pedes-

trian road-crash in GB with a lower dependency of data, a pre-eminent data-driven

method is proposed.

2.2.3. Machine-Learning for Pedestrian Safety Prevention

ML has been developed to learn and define undiscovered patterns of any nature

of data (Trueck and Rachev, 2009; Witten et al., 2011; Addakiri et al., 2019).

Essentially, ML distinguishes between two different types of learning techniques:

supervised and unsupervised. The supervised-learning maps data added in a com-

putational datamining tool, i.e., data feed, to a result based on an example of a

data feed, data result pairs (Sanz-Casado et al., 2019; Assi et al. 2020). The

unsupervised-learning seeks out undetected patterns, with a more reduced amount
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of data feed, and also with a minimised human intervention (Feliciani et al., 2020;

Giummarra et al. 2021). Compared with traditional modelling techniques, ML algo-

rithms applied to pedestrian safety have become popular because of their flexibility

to be used by humans (KNIME, 2021). Moreover, ML models have been used to

identify trends by integrating a wider range of contributing factors (e.g., pedestrian

attributes, pedestrian facilities). Subsequently, the provision of firmer recommen-

dations towards pedestrian safety becoming more objective and also more accurate

(Max and Johnson, 2013; Akash et al., 2014; PRACT, 2016). Turning to ML applied

to pedestrian safety, the results from a study carried out during an 11-year period

(2006–2016) in Colorado, USA, presents the extreme Gradient Boosting (XGBoost)

model to reach up to 89% in accuracy. The XGBoost was used to classify three

different levels of severity in terms of pedestrian road-crash data for the elderly.

However, to more accurately interpret the data, the XGBoost required to include

the Shapley Additive Explanations (SHAP) technique (Guo et al., 2019; Li et al.

2020). Another study carried out in the USA, during a 6-year period (1995–2000)

to examine the speed limits influence on road-crashes applied a hybrid Decision

Tree Artificial Neural Network (DTANN) model. For fatal injuries, the results show

DTANN training and testing performance of 91.53% and 90% respectively. How-

ever, disappointingly, most of the data records on speed limits (i.e., 67.68%), were

unknown. Therefore, it is believed that a plausible measure of improvement could

include accessing a greater amount of data (Chong et al., 2004).

2.2.4. Valuation of the Models Applicability

Recent studies using datamining indicated significant advancements towards pedes-

trian safety. This will be presented later in Chapter 7. However, initial observations

indicate links between pedestrians and the infrastructure to remain unperceived [see
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Sections 2.2.1, 2.2.3]. In addition to that, the applicability of the currently used

data-learning algorithms may likely become outdated (PRACT, 2016). Moreover,

fewer models prove to adopt common variables to examine distinct types of road-

crashes [see Chapter 1; Section 2.2.3]. This indicates that the findings cannot be

extrapolated to all road-crashes. Subsequently, in an attempt to provide a recom-

mendation or implement a policy, challenges might quite likely arise. Furthermore,

it is of equal importance to highlight that, to enhance the applicability of ML to

explore undiscovered pedestrian safety patterns, data quality plays a dominant role.

Therefore, contributory factors such as pedestrian attributes, the infrastructure,

and the quality of the data are fundamental to the current discussions on pedestrian

safety. This will be expanded in Chapters 4], 5], and 6. Even though this study does

not directly engage with additional factors other than pedestrian general attributes

(e.g., drivers, riders) and all road elements (e.g., special conditions on site, carriage-

way hazards), a more comprehensive approach could be explored. The exploitation

of these factors is out of the scope of this study.

2.3. The Influence of Human Factors on

Pedestrian Safety

A pedestrian while commuting may not strictly follow rules, especially those di-

agnosed with cognitive impairment (Nhac-Vu et al., 2014; Cordellieri et al., 2019;

Jagnoor and Peden, 2020; Giummarra et al., 2021). Additionally, factors such as

perception and distraction were considered highly influential (Bungum et al., 2005;

De Oxley et al., 2005; Schuurman et al., 2009; Jones and Anciaes, 2017). For exam-

ple, in some cases, pedestrians may decide on a route based on what they consider

sensible and necessary to arrive at their desired destination. Evidence from the USA
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between 1995 and 1998 shows 63% of pedestrian road-crashes occur when crossing

the road (da Silva et al., 2003). The authors also state that, illegally crossing the

street may be the main reason for a pedestrian road-crash to happen. In addition

to that, previous research studies indicate pedestrians distracted by telephone con-

versations or other activities (e.g., eating, listening to music) are at greater risk

when crossing the street (NHTSA, 2009; WHO, 2018). Gariazzo et al. (2018) re-

ported road-crashes resulting in fatalities when a pedestrian was talking on a mobile

phone or using an I-pod (Mwakalonge et al., 2015). Pedestrian safety intervention

programs have been previously suggested (De Oxley et al., 2005; Schuurman et al.,

2009; Jones and Anciaes, 2017).

2.3.1. Pedestrian General Attributes

The pedestrians scored the highest rank on road-crash exposure [see Section 2.3].

A number of pedestrian general attributes affecting pedestrian road-crash casualties

are illustrated in Figure 2.2.

Figure 2.2 displays the pedestrian general attributes categories: gender and age

group. As regards gender, it is classified as females and males With respect to the

age group, it is classified as follows: children (0–15 years old), young adolescents

(15–24 years old), adults (25–59 years old), and elderly (60+ years old). Apparently,

human error highly affects the propensity of pedestrian road-crashes (Ma et al., 2010;

Zheng et al., 2019). For example, on risk responsiveness, results from a previous

study conducted by Zheng et al. (2017), show personality traits associated with

risk perception and acceptance leading to specific behaviours. Figure 2.2 shows the

nature of pedestrian general attributes further observed through case studies: risk

perception, distraction, and impairment (Allen and Singh, 2011; Dultz and Frangos,

2013; Ayers et al., 2016; Zhang et al., 2019).
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Figure 2.2.: Explored pedestrian general attributes

Pedestrian Risk Perception

A theoretical distinction between cognitive judgment (e.g., risk perception) and the

risk-related worry (e.g., concern about the risk consequences) has been previously

proposed (Sjöberg, 2006; Cordellieri et al., 2019). Regarding the lack of cognitive

judgement, specific interventions to improve accessibility such as adding or improv-

ing ramps have been previously recommended (Jones and Anciaes, 2018). However,

the authors draw attention to a potential pedestrian safety challenge: the dynamics

of distinguishing between risk perception and worry (Cordellieri et al., 2019). There-

fore, preventive measures as provision of safe road environments and development of

behavioural and training packages have also been proposed (De Oxley et al., 2005;

Schuurman et al., 2009).

23



Chapter 2 2.3. The Influence of Human Factors on Pedestrian Safety

Pedestrian Distraction

Pedestrians are likely at a greater risk when crossing the street mainly due to distrac-

tion by telephone conversations or other activities (e.g., eating, listening to music)

(Bungum et al., 2005; Syazwan et al., 2016). In addition to that, mobile phone

conversations seem to induce cognitive distraction (Tornros and Boiling, 2005; Hou

et al., 2020). Interestingly, the same authors propose to introduce warnings about

driving through games, to anticipate road-crashes involving both pedestrians and

drivers (Ayers et al., 2016). It is important to note that these findings should be

interpreted cautiously and not simply extended to the general population (Hatfield

and Murphy, 2007). Nevertheless, authorised laws to restrict hand-held devices for

telephone conversations or texting have proved to contribute to reduce pedestrian

road-crashes (Huang et al., 2010).

Pedestrian Impairment

Various research studies demonstrate pedestrian road-crashes involving road users

under the influence of chemical substances hold a significant share in fatalities

(Demetriades et al., 2004; Castillo-Manzano et al., 2017). According to Elliott et

al. (2009) and Treno et al. (2014), there are two main types of chemical substances

seriously affecting pedestrian safety. Concerning the consumption of drugs, Mura

et al. (2006) agree by claiming these (e.g., cannabis plant) to seriously influence

pedestrian road accidents. Regarding the consumption of alcohol, evidence from

a case study indicates that pedestrians highly intoxicated by alcohol (i.e., Blood

Alcohol Content (BAC) 0.07–0.10%) seem to have impaired judgement and to be

under performing physically when crossing the road (Clayton and Colgan, 2001). In

addition to that, the pedestrians tend to expose themselves to more severe injuries

(Dultz and Frangos, 2013). Another case study carried out in Tennessee, between
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2011 and 2016, identified that 7% of the road-crashes involved pedestrians walking

under the influence of alcohol (Hezaveh and Cherry, 2018). Turning now to a more

permanent nature of impairment, two main types of disability will be further de-

scribed: physical and cognitive. With respect to physical disability, the results from

a study conducted by Guth et al. (2012) in a residential area of Tampa, Florida,

USA, reveal the blind (or nearly blind) to more frequently be at risk when crossing

the street, especially in a high traffic volume setting. In this location, the draw-

back to redesign crosswalks adapted to the general population of blind users was

the restriction on the number of participants (19 in total: ten blind or nearly; nine

normal vision) (Uzan and Wagstaff, 2017). About cognitive disability, Earl et al.

(2018) explored the behaviour of pedestrians with and without a cognitive impair-

ment when getting close to pedestrian facilities (e.g., zebra crossing). The results

categorise two groups: confident users and users who “know what -they- are doing

but drivers might not”. One key limitation was to diagnose the degree of impair-

ment of participants (e.g., ethical, practical). In overall, in terms of the impairment

both the cognitive (e.g., drugs, alcohol, dementia) (Elliott et al., 2009; Treno et al.,

2014; Earl et al., 2018; Hezaveh and Cherry, 2018) and the physical (Guth et al.

2012; Uzan and Wagstaff, 2018) share a common weakness: these cannot objectively

measure the danger impact of the different impairment levels.
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Table 2.3.1, synthesises the findings from distinct observational studies regarding

pedestrian road crossing behaviours.

Table 2.1.: Pedestrian walking speeds: observational behaviour
Observed behaviours Results References
Surroundings awareness Yes(%)

Risk Perception (Bungum et al., 2005)

Waited for a walk signal 58.2

Entered walk after yellow light 24.6

Distraction (Bungum et al., 2005)

Eating, Drinking, Smoking 15.1

Headphones, Mobile phone 5.7
Impairment influence Findings
Walking speed of shorter term
disabled pedestrians:
Alcohol, drugs Data not found
Walking speed of longer term
disabled pedestrians:
Physical 0.87m/s (Awaludin et al., 2021)
Cognitive Data not found
Studies on the effects on walking
due to cognitive impairment as: (Oxley et al., 2005)
Dementia 1 out of 1
Medical conditions 10 out of 10

As per Table 2.3.1, the observational study conducted between 1998 and 2000, by

Bungum et al. (2005) in Las Vegas, Nevada, USA, measures the pedestrians percep-

tion and their distraction levels when crossing an intersection near to a university.

From this study it was found that 20% of the pedestrians were distracted as they

crossed the street. Subsequently, inexpensive education training targeted at pedes-

trians near college campuses was recommended. However, disappointingly, data on

walking speeds for pedestrians with different cognitive disabilities was not found.

Moreover, some other studies state limitations to measuring the impact on road

crashes when taking into account pedestrians with different cognitive levels (Treno

et al., 2014; Hezaveh and Cherry, 2018). Nevertheless, even though the summarised
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results indicate pedestrians to most likely be cautious when crossing the road, a

limited body of literature on pedestrian cognitive behaviour was found (Oxley et

al., 2005; Jomnonkwao et al., 2021). Subsequently, extrapolating the applicability

of the aforementioned factors to different realities (e.g., human cognition, pedestrian

location) or temporary circumstances (e.g., rush hour, pedestrians under alcohol in-

fluence), could become a crucial challenge when attempting to examine pedestrian

safety trends.

2.3.2. Gender

Road-crash casualties are more prevalent with males than females. Moreover, it has

been previously found that female pedestrians tend to be more cautious than male

(Zhu et al., 2012; Rankavat and Tiwari, 2016; Onieva-García et al., 2016). Females

are apparently less likely exposed to danger on the roads (Onieva-García et al. 2016;

Useche et al., 2019). However, unforeseen events might supersede the trends. A

previously conducted study showed an unexpected traffic intensity increase resulting

in a steep rise in female pedestrians crossing red light traffic signs (Ren et al., 2011).

Regarding the consumption of alcohol in relation to pedestrian road-crashes, these

tend to rise when the in-taken of ethyl alcohol increases. In addition to that, on

the levels of alcohol intake, males were prevalent over females (Hezaveh and Cherry,

2018; Lasota et al., 2019). Moreover, it has been found that males are nearly twice

as much at risk as females (Useche et al., 2019). One reason could be that male

pedestrians tend to be less sensitive to traffic safety (e.g., faster walking) (Holland

and Hill, 2007). Another reason could be their behaviour under the influence alcohol,

which increases pedestrian road-crashes significantly (Hezaveh and Cherry, 2018). In

overall, the results (i.e., males/females) are respectively represented by the following

rates:
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i.Canada: 55%/45% (PDR, 2010).

ii.Europe: 64%/36% (TSFS, 2018).

iii.UK: 56%/24%/ (DfT, 2020).

A study carried out in Karachi, Pakistan, shows males to more likely than females

be prone to jump off, get on, and run to catch a moving bus (WHO, 2003). An-

other study in the USA, between 2008 and 2009, also shows males being exposed

to higher road-crash casualty rates (Zhu et al., 2012). In general, various studies

showed similar results, with the difference that exposure rates for females fluctuated

(Onieva-García et al., 2016). Table 2.2 shows pedestrian walking speeds by gender.

Table 2.2.: Walking speeds by gender
Walking speed by Gender Mean(m/s)/SD Skewness

Kurtosis

Single Carriageway

Female 0.71481.42/0.30 -0.1422

Male 1.00861.52/0.28 1.4912

Double carriageway

Female 0.95121.45/0.23 1.8067

Male 0.50001.47/0.24 -0.6700

Source: (Montufar et al., 2012; Chandra and Bharti, 2013)

The results in Table 2.2 show significant differences in walking speeds depending

on the type of facilities (i.e., single carriageway, double carriageway). On average,

the walking speed is higher for the male when crossing single carriageways. In-

terestingly, on double carriageways the walking speed increases for the female and

decreases for the male (Wilson and Grayson 1980; Montufar et al., 2012). In this
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case, the female demonstrated a higher degree of risk perception (Rankavat and

Tiwari, 2016; Onieva-García et al., 2016) and also to expose themselves less to risk

(NHTSA, 2010; Zhu et al., 2012). Moreover, the results show a positive skewness

for both single carriageways (i.e., right skewness), meaning the majority of the data

are concentrated towards the lower average walking speeds. Furthermore, it shows a

positive excess kurtosis for males on the single carriageway and females on a double

carriageway. This indicates a higher unpredictability to measure walking speeds,

since that compared to a normal distribution, there is a higher probability of ex-

treme walking speeds. In addition to that, it shows a negative excess kurtosis for

females on the single carriageway and males on a double carriageway. Compared to

a normal distribution, this indicates a probability of walking speeds on the lower side

(Cooper, 2022). However, one critical constraint presented above, is the difference

between normal and crossing walking speeds being strictly categorised by gender.

2.3.3. Age Groups

Various research studies indicate a direct relation between age, perception, and

cognition abilities on road-crash rates (Oxley et al. 1996; DeLucia et al., 2003;

Helmers et al., 2004). Compared with the young adolescents, evidence proves that

the elderly make slower traffic judgements (Oxley et al., 1996; Tung et al., 2008;

Tournier et al., 2016; Feliciani et al., 2020). Alongside, data collected from Europe

shows the elderly, especially for those aged above 80 years old, to form the largest

group in pedestrian road-crash fatalities, ranging from 42% up to 52% (TSF, 2018).

Similarly, in the UK, the number of pedestrian road-crash fatalities for those aged 60

and over scored 42% (DfT, 2015). The NHTSA has reported that the elderly have

an increased risk of road-crash casualties. This is perhaps because of their increased

fragility, slower movement, and declines in anticipating behaviour and perception
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(NHTSA, 2015). Moreover, their death risk due to a road-crash at 60 km/h is

high (ca., 90%) whereas adults and children present a surviving probability above

70% (Ashton and Mackay, 1979; Davis, 2001). By contrast, in Cyprus, pedestrian

road-crash fatalities for pedestrians aged 65 and more scored the highest road-crash

casualties in Europe, reaching 71% (Traffic Safety Fact Sheet, 2018). The second

largest age group exposed to road-crash rates are children (Dellinger, 2002; Tay,

2003). According to Graham and Glaister (2003), child pedestrian road-crashes

often occur in more deprived areas in which they appear to be less supervised by

adults.

Table 2.3, illustrates some of the findings by age group of a study that was carried

out in Izmir, Turkey, on pedestrian walking speeds1.

Table 2.3.: Walking speeds by age group
Walking speed by Age Group Walking/15th percentile (m/s) Crossing

15th percentile

Children: 1-14 years old Data not found N/A

Young: 15-24 years old 1.611.36/1.10 1.33

Adults: 25-59 years old Data not found N/A

Elderly: 60+ years old 1.361.14/0.88 1.08

Source: (Onelcin et al., 2017; Chandra and Bharti, 2013)

As can be observed in Table 2.3, the results from the pedestrian walking speeds

from six signalized intersections show, compared with the elderly the walking speed

rates are higher for the younger when crossing the road (Onelcin et al., 2017). De-

tailed data on walking speeds involving children and adults were not found. Similar

to Table 2.2, a key constraint of the above is the difference between normal crossing
1the percentile (15th) represents the value below which 15% of the scored walking speeds fall in.

This means and 85% of the scored walking speeds are higher than the presented walking speeds
(Javaid et al., 2022)
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walking speeds, being strictly categorised by the age group. NHTSA has reported

45% of road-crash fatalities to non-vehicle-occupant involving children aged with

up to 14 years old to happen outside of active traffic (i.e., parking lots, driveways,

and private property) as a result of reversing vehicles (TSF, 2009). Generally, road-

crashes take place on public roads. Yet, this study indicates partial responsibility on

private property, where some of the non-reported cases to NHTSA, were concluded

as possible accidents in private property (e.g., parking lot) (NHTSA, 2014, Noland

et al., 2017). One example is, children’s of short stature may limit their ability to see

moving vehicles and impede their vision by parked cars or other obstacles (Ampofo-

Boateng and Thomson, 1991; Rouse and Schwebel., 2019). Additionally, the small

stature of children places them at greater risk for serious and fatal head injuries due

to the alignment of car bumpers (Agran et al., 1989; Viano and Parenteau, 2021).

In 2017, in Birmingham, USA, an observational study in the parking lots of six fam-

ily/community recreational centers of 124 children aged between 2 and 10 years old,

was carried out. The results showed that 67% of the child pedestrians aged between

2 and 10 years old were unsupervised (Rouse and Schwebel, 2019). Another study

in New Jersey, USA, which has the highest share of pedestrian deaths, concluded

that road-data results are unreliable and inconsistent. Therefore, the provision of

preventive measures might apply (Graham and Glaister, 2002; De Oxley et al., 2005;

Schuurman et al., 2009; Jones and Anciaes, 2017).
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Age Groups: Young Adolescents vs. Elderly

This section refers to children and elderly pedestrians as the most vulnerable in a

road environment. Through predictive simulation, the behavior of the young and

the elderly pedestrians was contrasted (Weng et al., 2006; Feliciani et al., 2020). A

simplified diagram is presented in Figure 2.3.

Figure 2.3.: Predictive simulator: young adolescents vs. elderly

Source: (Feliciani et al., 2020)

The illustrated diagram in Figure 2.3 represents the predictive simulation, which

takes into account different pedestrian walking speeds and also allows for reducing

walking speed fluctuations. First, the pedestrian movement compares probabilistic

rules with real movement speeds with a pre-defined threshold value (Feliciani et al.,

2017). The threshold value is defined according to probabilistic rules (Feliciani et

al., 2017; (Feliciani et al., 2020). Additionally, it includes different reported crossing

actions such as approaching, appraising and crossing. The pedestrian movement

value below the threshold, activates the movement of the pedestrian. Otherwise,

the pedestrian movement value above the threshold, forces the pedestrian to stop.

However, with this predictive simulator, it not to be possible to accurately model

quick changes regarding the walking speeds (Gorrini et al., 2018). Another disad-

vantage of this predictive simulator, was for not accounting the shortcuts often made

by pedestrians when crossing the road (Feliciani et al., 2020). To support this type

of special requirements, gathering field evidence have been previously recommended
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(Feliciani et al., 2017). A more detailed examination on a number of previously

applied pedestrian safety models by gender and age group are later presented in

Chapter 4.

2.4. The Role of Road Infrastructure on

Pedestrian Safety

Road infrastructure plays a vital role in pedestrian safety. GSRRS (2018) reported

the UK with 0.665 pedestrian road-crash fatalities per 100,000 inhabitants in 2015.

In the same report, in terms of road safety performance, Sweden was recognised as

a world leader. In 2016, out of their road-crash fatalities per 100,000 inhabitants,

0.435 involved pedestrians. Moreover, between 1990 and 2015, the number of road

traffic deaths in Sweden steeply dropped by 66% (STA, 2015). Comparably, in the

UK, between 1991 and 2015, the number of road traffic deaths considerably dropped

by 37,8 % (DfT, 2015). By contrast, Liberia, with 52.03 per 100,000 inhabitants, has

been represented as one of the countries with the highest road-crash rates worldwide.

Detailed road-crash data from Liberia with categorised road user locations (e.g.,

pedestrians, cyclists) was not found (GSRRS, 2018). With respect to infrastructure

(e.g., road geometry, road condition), a study conducted in Sweden proved road

infrastructure to reduce at least 59% of fatal road-crashes (Stigson et al., 2008).

That said, generally pedestrian road-crashes occur when crossing the road, especially

when pedestrian facilities are not made available (Bungum et al.,2005).
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An illustration of the main types of road elements explored is illustrated in Figure

2.4.

Figure 2.4.: Road elements

Figure 2.4 presents road features that, according to STATS19 include weather,

speed limits, lighting an hazards (DfT, 2020). Regarding road infrastructure, Elvik

et al. (2009) point out a number of infrastructural elements (e.g., geometrical de-

sign, pedestrian facilities) significantly affect pedestrian safety (Stigson et al., 2008,

and Yannis and Karlaftis, 2010) [see Section 2.4]. This chapter includes exploring

different types of road intersections (e.g., unsignalised, signalised) as well as differ-

ent types of pedestrian physical facilities (e.g., zebra, pelican, private driveway) that

may impact pedestrian safety.
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2.4.1. Road Environment

Provisioning an appropriate road environment seems highly challenging, especially

when attempting to anticipate pedestrian road-crash casualties (Theofilatos et al.,

2017; Fotios and Gibbons, 2018; Malin et al. 2020). A more detailed description on

some factors such as weather, speed limits and lighting condition, that likely affect

pedestrian safety is presented next.

2.4.2. Weather

The weather condition has been previously recognised as a major road environmen-

tal factor contributing to pedestrian road-crashes (Kim et al., 2010). One of the

reasons could be due to adverse weather conditions that cause road friction and

visibility and therefore increase the risk of accidents (Theofilatos et al., 2017). An-

other reason could be that poor visibility and low pavement friction seem to increase

pedestrian road-crash risk due to rainfall frequency and intensity (Mohamed et al.,

2013; Theofilatos and Yannis, 2014). Moreover, side pavement ramps in the winter

have been previously reported as hazardous for pedestrians (Mohamed et al., 2013;

Theofilatos et al., 2017). According to Yannis and Karlaftis, (2010), in Athens,

Greece, a study using 21 years of daily count data, demonstrated that increases in

rainfall showed a decreasing tendency of road-crash fatalities. Interestingly, in 2017,

the GB road data show most road-crashes with fine weather (84.3%) followed by

raining (7.7%) (DfT, 2018). Chan et al. (2006) hold the view that physical ac-

tivity levels can decrease in contrast to the increase in rain and snowfall (Togo et

al., 2006). Turning into a study conducted by Ryser and Halseth (2019), in Prince

George, British Columbia, Canada, the climate influence over the road design prin-

ciples, for the city redevelopment in the winter season was explored. As a result, a
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review of 18 studies claims a lack of pedestrian accessibility due to poor design and

undermined maintenance of pedestrian physical facilities (Owen et al., 2004; Ryser

and Halseth, 2008). However, disappointingly, the pedestrian physical facilities ac-

counting for weather conditions seem to remain limited and occasionally neglected

(Wennberg et al., 2009; Giles-Corti et al., 2011; Klenk et al., 2011). Since it is

almost certain that weather forecasting might not always be accurately assessed or

reported, the provision of previously recommended multi-season pedestrian facilities

(e.g., side pavement ramps to access sidewalks and puddles at street crossings) is

likely applicable in the future (Li et al., 2013; Naik et al., 2016).

2.4.3. Speed Limits

Regarding speed limits, previous research studies have proven that decreasing speed

limits can significantly reduce pedestrian road-crashes (Nilsson, 2004; Elvik et al.,

2009). For instance, various research studies suggest permanent speed limits set at

40 km/h to be safer for the pedestrians (Elvik et al., 2009; Martin and Wu, 2018).

Pasanen (1992) claims that compared with speed limits at 30 km/h, speed limits

at 50 km/h may lead to up to eight times more pedestrian road-crash casualties.

Furthermore, a more in-depth analysis regarding pedestrian street crossing speeds

and awareness at an intersection, shows the significance of speed limits and proposed

to define safety margins (Onelcin and Alver, 2017). However, from this study, it

was not possible to accurately measure the behaviour of the pedestrians (Feliciani

et al., 2017; Onelcin and Alver, 2017). GB road data from 2017 collected from

STATS19, shows most road-crashes at 48.3 km/h (63%) followed by 96.9 km/h

(10.1%). Likewise, between 2014 and 2017, in Finland, the results from a road-crash

data-driven study highlighted pedestrian fatality rates mostly in zones with speed

limits at 50km/h (22%), and at 70 km/h (35%) (Malin et al., 2020). In 2016, in São
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Paulo, Brazil, a study to examine the introduction of variable speed limits at various

signalised and non-signalised intersections, was carried out. Interestingly, the results

show that reducing speed limits at signalised intersections influenced the residents’

route-travel choices, which were noticed to diverge from treated intersections to

alternative routes (Ang et al., 2020). A fundamental issue here, can be delimiting

and defining boundaries for implementing traffic calming treatments at the most

relevant locations (Granà et al., 2010; Bichicchi et al., 2017). Therefore, advancing

alternative systems to help improve the implementation of traffic calming measures

more accurately has been previously proposed (Nilsson, 2004; Kangas et al., 2015).

2.4.4. Lighting

There is an imminent need to further investigate the effects of lighting on pedestrian

road-crash in an urban road environment (Sullivan and Flannagan, 2002). Gener-

ally, road lighting systems support pedestrians to avoid accidents through enabling

them noticing hazards. Also, to make it possible for them to recognise other road

users while giving them a sense of security, especially at night where pedestrians

were found up to seven times more exposed to danger than during daytime (Fotios

and Castleton, 2016; Fotios and Gibbons, 2018). According to Bently and Haslam

(2001), road lighting is an essential aid to detecting obstacles on the side pavement

in public roads. This is because it might result in reducing falls, which is significant

in terms of the severity of the cases resulting in fatalities. The lighting level on the

roads, are in general described on a range of 5 possible locations where an accident

occurred and led to a pedestrian fatality (Fotios and Gibbons, 2016; Fotios and

Gibbons, 2018). A study to measure the ability to detect peripheral obstacles under

variations of light (i.e., illuminance), for example the illuminance conditions ratio

between the vision of and eye under nightlight (i.e., scotopic) and the eye under nor-
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mal daylight (photopic) was carried out (Fotios et al., 2016). The results show that,

higher illuminance ratios increase the probability of detecting obstacles. Moreover,

the lighting for other visual needs of pedestrians to reassure their cognitive judge-

ments proved to be necessary (Uttley et al., 2015; Fotios et al., 2016). One example

is that, from 1996 to 2008, the results from a study carried out in Greece show that

from 358,485 road-crashes recorded by the police, fewer pedestrian road-crashes oc-

curred on lit roads than on unlit roads during the night, proving that lit roads at

night have a greater potential for reducing pedestrian road-crash fatalities (Yannis

et al., 2013). Another study over a 4-year period (1999–2002) in Minnesota, USA,

shows 22,058 road crashes at 6464 intersections. Additionally, the results specified

that both at night, and during the day, illuminated (i.e., lit) intersections share 12%

of less road-crash rates than non-illuminated (i.e., unlit) intersections (Bullough et

al., 2013). In 2017, the UK road data showed most road-crashes at daylight (44.2%)

followed by at night lit (36.6.%) and night unlit (14.9%) (DfT, 2018). However, dis-

appointingly there was also a significant amount of unknown illumination conditions

at night (ca. 25.5%).

2.4.5. All Roads

Evidence from previous studies shows pedestrian road-crashes to happen more often

when pedestrians are located at signalised intersections in urban areas (Feliciani et

al., 2017; Onelcin and Alver, 2017; Gorrini et al., 2018). Additionally, Keegan and

O’Mahony (2003) reported that 35% of the pedestrians illegally entered a signalised

crossing. A study on pedestrian road-crashes at crossing facilities in New South

Wales and Victoria, Australia, found that illegal pedestrian movements featured in

32–44% of pedestrian crashes at signalised intersections and 45% at pedestrian op-

erated signals (i.e., not at a signalised intersection) (Senserrick et al., 2012). Over
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an 11-year period (1996–2006) between 8 a.m. and 6 p.m. on weekdays, at in-

tersections and on the roads approaching them: 77 crashes (41.8%) were recorded

when the pedestrians were crossing legally; 64 crashes (34.8%) when the pedestrian

crossed within 20 m of the signalised crossing; and 43 crashes (23.4%) when the

pedestrian entered the crossing traffic light zone at either the intermittent (i.e.,

amber) or steady (i.e., red) traffic light. However, over 58% of illegal pedestrian

movements were not recorded (Austroads, 2018). In 2017, UK road-crashes ranked

the highest scores at intersections, particularly in urban environments (DfT, 2017).

Additionally, the STATS19 road data show most road-crashes occurring when the

physical infrastructure is not made available (54.5%), followed by at junctions (e.g.,

T, staggered intersections) (23.7 %) (DfT, 2017). By contrast, the roundabouts rep-

resented the lowest road-crash rates (Wisch et al., 2019; Wu et al., 2019; DfT, 2019).

More specifically, Turner et al., 2012 and Lluri and Golgota (2019), draw attention

to the potential of replacing a three-arm or four-arm intersection by a roundabout,

leading to a reduction of up to 30% of road-crashes. This is because, roundabouts

seem to provide more satisfactory pedestrian safety levels when operating at low

traffic volumes and speeds. Another reason is that, evidence from an automatic

emergency breaking testing system created in Europe, identified 18% of the fatal-

ities at a junction (e.g., T staggered) in number of European cities (Wisch et al.,

2019). These findings suggest the advancement of road infrastructure, by developing

a series of pedestrian road-crash models for different types of intersections (Lee et

al., 2005).
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Road Intersections

Most countries in Europe differentiate the road intersection layouts. However, in

terms of geometry and layout, their comparability seems limited (Wisch et al., 2019).

Figure 2.5 illustrates different types of road intersection layouts under analysis.

Figure 2.5.: Road intersection types

The road intersections illustrated in Figure 2.5 are described as unsignalised, sig-

nalised, staggered junctions, and roundabouts. According to Prasetijo and Ahmad

(2012), unsignalised intersections are designed to regulate a low volume of traffic flow

in an heterogeneous traffic condition. Often, they are used as a popular method to

help reduce dangerous jaywalk, in cases where urban physical infrastructure is not

provided. Both the low costs of their installation and the technical requirements,

turn them into a flexible solution to improve pedestrian mobility in urban areas

(Gorrini et al., 2018). Compared with unsignalised intersections, signalised intersec-

tions are more expensive as they make use of traffic lights with three light crossing
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phases for pedestrians (Feliciani et al., 2017; Onelcin and Alver, 2017). Still, they

are usually preferred particularly in dangerous areas (e.g., low visibility) or in high

traffic volume zones (Feliciani et al., 2020). One key limitation, is the underesti-

mation of the pedestrians’ crossing speeds within the given time. In Izmir, Turkey,

data from a study conducted in 2013 at six signalised intersections revealed the

walking speeds of 334 pedestrians when crossing a 25-meter intersection. Interest-

ingly, the age did not reflect a significant effect on the walking speeds (Onelcin et al.,

2017). A key limitation was anticipating pedestrian crossings (e.g., walking speeds

due to a level impairment). This is critical when attempting to more objectively

implement pedestrian safety measures [see Sections 2.3, 2.3.1]. Regarding T or stag-

gered junctions, according to Li et al. (2012) these have represented the highest

road-crash levels, due to poor sight distance conditions on multiple conflict points.

Also, in 2017, GB pedestrian road-crashes scored the highest rates at intersections

particularly in urban road environments (DfT, 2019). In contrast, with respect to

roundabouts, in various countries and frequently, these have demonstrated signifi-

cant safety advantages over other types of intersections (e.g., three-arm or four-arm

non-signalised junctions). O’Cinneide and Troutbek, (1998), Hydén and Várhelyi

(2000), and also Vijayawargiya and Rokade (2017), point out that roundabouts and

mini-roundabouts used in urban areas can reduce conflict points between traffic

flows and moderate driving speeds (Vignali et al., 2020). The authors also claim

that, replacing a three- or four-arm intersection by a roundabout seems to lead to a

reduction of up to 30% of pedestrian road crashes. However, disappointingly studies

related to roundabout safety have generally overlooked the pedestrians safety by giv-

ing more focus to the drivers (Cohen et al., 2013; Gross et al., 2013). Nevertheless,

installing guardrails across roundabouts as a further countermeasure has been pre-

viously suggested to achieve a greater efficiency (Gross et al., 2013; Vijayawargiya

and Rokade 2017).
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Pedestrian Physical Facilities

Recent research studies have identified the absence of pedestrian physical facilities

as a major factor impacting on pedestrian safety, especially at illegal street cross-

ings (Bungum et al., 2005; Bauer et al., 2016). Pedestrian physical facilities, are

developed so that road users (e.g., drivers, cyclists, pedestrians) can negotiate a

shared space (e.g., change a lane, cross a road) within a road environment (Lluri

and Golgota 2019; Wisch et al., 2019). However, pedestrians have been found cross-

ing pedestrian facilities at the red traffic light (Li et al., 2005). One advancement

in pedestrian facilities is the concept of shared spaces based on greater segregation

between the facilities for different types of road users, has been developed as a more

pedestrian-friendly road infrastructure than conventional street layouts (Kaparias et

al. 2012; Lee and Kim, 2019). Furthermore, recent advancements on forgiving roads

have remarkably improved pedestrian safety (Cohen et al., 2013; Gross et al., 2013;

Godavarthy and Russell, 2016; Vijayawargiya and Rokade, 2017). Forgiving roads

are essentially designed to offer resilience to human errors so that the consequences

of traffic accidents are mitigated (O’Hern et al., 2019; Tsigdinos et al., 2022). One

example is by taking into account crossing and walking speeds, as demonstrated

in Section 2.4.5. This has been confirmed by Sarkar et al. (2011), Sasidharan et

al. (2014) and Wu et al. (2019). To support advancements of forgiving roads, in

addition to infrastructural measures (Bichicchi et al. 2017; Malkhamah et al., 2005;

Oviedo-Trespalacios et al., 2017; Costa et al., 2018; iRAP, 2021), data-driven initia-

tives have been previously proposed (Malkhamah et al., 2005; Cohen et al., 2013;

Gross et al., 2013; Godavarthy and Russell, 2016; Vijayawargiya and Rokade 2017;

DfT, 2017). In addition to that, combining the use of different types of technologies

over the road infrastructure has also been proposed (Godavarthy and Russell, 2016).

Interestingly, to ensure a more systematic approach, complementary methods have

also been suggested (Cahill, 2010; Wisdom and Creswell, 2013). As an example, the
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adoption of preventive measures such as educational programs and outreach activi-

ties have been put forward (Tay, 2003; McMillan et al., 2005; Urie et al., 2016; Lin

et al., 2019). Turning into GB, road data show most road-crashes happening when

pedestrian physical facilities were absent (67.6%), followed by pedestrians located

at a pelican or similar (14.1%) (DfT, 2018). Figure 2.6 illustrates different types of

pedestrian physical facilities that were previously implemented (iRAP, 2021; DfT,

2020).

Figure 2.6.: Pedestrian physical facilities

The types of pedestrian physical facilities further investigated in this study are

the following: zebra, pedestrian light controlled crossing (pelican), refuge, subway

or footbridge, and private property.

i. Zebra: used to give priority to pedestrians. In this case, drivers are obliged

to stop when someone has indicated their intent to cross by waiting by the

crossing.
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ii. Pelican: where the flow of traffic is controlled by lights.

iii. Central refuge: typically used when a street is very wide. It is a small section of

pavement, surrounded by asphalt or other road materials, where pedestrians

can stop before finishing crossing a road.

iv. Footbridge or subway: these two types of physical facilities are designed to allow

pedestrians to reach the other side of the road in safety. The footbridge is a

bridge designed solely for pedestrians whereas the subway is and underpass

for pedestrians beneath a road.

v. Private driveway: private road for local access to one or a small group of people.

Usually owned and maintained by an individual or a small group of people.

The different types of pedestrian physical facilities presented above, have been

previously explored in Section 2.4.5. According to Bichicchi et al. (2017), zebra

crossings are the best perceived elements by all the drivers. One example is data

collected from several studies across different Indian cities, showing pedestrian road-

crash casualties ranking up to 40%, particularly where pedestrian physical facilities

(e.g., zebra, footway) were not present. Moreover, it also indicated the presence

of zebra crossings, reducing road-crashes remarkably (Huang et al., 2000; Mohan

et al., 2016). However, on the contrary, in Singapore 22% of all pedestrian fatal

accidents occurred at signalised and designated pedestrian crossing facilities, which

seems rather intricate (Koh et al., 2014). Chen et al. (2009) point out that high

volumes of pedestrian crossing also increase the pedestrian road-crash risk. Regard-

ing the pelican facilities, these are mostly used to extend the clearance period while

pedestrians are still on the crossing. Moreover, Malkhamah et al. (2005) propose

the adoption of pelican crossings for implementing automated pedestrian road-crash

detection. A key limitation of the pelican is its inability to capture the behaviour
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of pedestrians when involved in a road-crash. Concerning the central refuge, Zegeer

and Bushel (2012) claimed island or median refuge to reduce pedestrian road-crashes

by circa 18%. However, according to Costa et al. (2018) and Yuan et al. (2011), the

island refuge shows limitations in terms of visibility. The authors proposed vertical

signs in front of the driver to ease their focus while driving. In Barranquilla, Colom-

bia, between 2014 and 2015, as a support area to cross over a highway, a study with

210 participants on a footbridge was carried out (Oviedo-Trespalacios et al., 2017).

Even though the results show most of the participants are aware of their increased

safety when crossing the footbridge (instead of the highway), only a third of the par-

ticipants responded to make use of the footbridge to cross the highway. One possible

reason could be related to the exposure to crime and violence (Oviedo-Trespalacios

et al., 2017). With respect to private property (e.g., parking lots, driveway), in

New Jersey, the USA, the results from a study on pedestrian road-crash casualty in

private property were concluded as unreliable and inconsistent. Still, these indicate

pedestrian road-crash mostly related with children (Noland et al., 2017) [see Section

2.3.3].

2.5. Learning Classification Algorithms applied to

Road Data

The datamining classification methods examined in this study, distinguish two main

types of data analysis: continuous and discrete. Generally, the continuous data

analysis includes any value from a given range (without any gap) (Zeger and Liang,

1986; Shirkhorshidi et al., 2015). A key disadvantage, is when selecting the most

applicable variables to carry out an analysis from a large variety of similar mea-

sures, it may lead to confusion. Additionally, the metrics may perform differently
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for datasets with diverse features (e.g., pedestrian behaviour, pedestrian physical

facilities) (Shirkhorshidi et al., 2015). Regarding the discrete data analysis, in prin-

ciple it makes use of a certain number of isolated values (Fiorentini and Losa, 2020).

To improve its accuracy, the exploitation of a wider range of different algorithms

as well as a more sophisticated calibration of the algorithms, have been previously

proposed (Max and Jonhson, 2013; Wang et al., 2019; Zheng et al., 2019). As the

data for this study refers to isolated values from distinct data sources, distinct types

of discrete ML algorithms will be further explored and described.

2.5.1. Supervised-learning Algorithms

Supervised-learning algorithms are used to classify data variables (e.g., pedestrian

attributes, pedestrian facilities). Also, labeled instances (e.g., gender = 0, 1; road-

crash fatality severity = 0, 1, 2) can be obtained. However, typically this type of

model demonstrates high dependency on historical events as well as data quality

(Soilán et al., 2018). A key limitation of this method is its inability to accurately

differentiate road users (e.g., pedestrians and cyclists). However, depending on the

type of road user, the overall accuracy rates (ca. 88%) were noticed to differ: 80% for

pedestrians and 60.7% for cyclists (Zangenehpour et al., 2015). Another challenge is

the issue of converting the findings into information that can directly assist decision-

making undertaking relevant pedestrian safety measures (Serna et al., 2014; Soilán

et al., 2018) even when being study specific (i.e., applicable to a specific location).

2.5.2. Unsupervised-learning Algorithms

Unsupervised-learning algorithms are used in such a way that each class element

corresponds to a cluster (e.g., pedestrian age group). Each cluster is interpreted
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according to the categories of the most relevant variables (Ballesteros et al., 2004;

Kim et al., 2008; Prato et al., 2012). The greater advantage of implementing un-

supervised over supervised-learning algorithms is its ability to delineate patterns

independently with a lower dependency on past data as well as the number of ex-

amined variables (Cottrell and Rousset 1997; Prato et al., 2012). Additionally, in

the context of road crashes, it accounts for different risks related to different re-

gions based on regional use and activity patterns (Elias et al., 2010). Still, as a

complementary activity, conducting qualitative research (e.g., audits, surveys) with

a particular focus on road infrastructural countermeasures (e.g., narrow roads) has

been previously proposed (Cahill, 2010; Prato et al., 2012; Wisdom and Creswell,

2013). A more detailed examination on a number of previously applied pedestrian

safety models by weather, speed limits, lighting, road intersections and pedestrian

physical facilities, are expanded in Chapter 5.

2.5.3. ML Algorithms: Supervised vs. Unsupervised

The described ML algorithms (i.e., supervised, unsupervised), present the supervised-

learning ML technique with a high dependency on historical events (Soilan et al.,

2018; Sanz-Casado et al., 2019; Assi et al., 2020). By contrast, the unsupervised-

learning ML technique displays a lower dependency from past data. In addition

to that, it enables to account different risks related to distinct regions based on

local patterns (Elias et al., 2010; Prato et al., 2012; Feliciani et al., 2020; Gium-

marra et al., 2021). Since the present study was designed to adopt ML to examine

new patterns using a lower number of historical data (i.e., data from 2017), the

unsupervised-learning ML may be the most appropriate to conduct the proposed

analysis. However, another important finding is that, for both supervised and un-

supervised algorithms, the lack of data quality seems to remain crucial to enable
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replicating real world environments (Imprialou and Quddus, 2019). Nevertheless,

prior studies have noted the importance of pedestrian safety modelling (PRACT,

2016). However, less was found in the literature on the question of adopting mod-

els that can jointly examine multiple risk factors leading to road crash-casualties.

This means that to date each predictive model (e.g., Negative Binomial Regression;

Integer Autoregressive Model) addresses a single risk factor separately (Yannis and

Karlaftis, 2010; Zegeer et al., 2020). This will be later on shown in Chapters 4 and

5. On the contrary, in this study unsupervised-learning will be explored to simulta-

neously allow for examining multiple risk factors (Feliciani et al., 2020; Giummarra

et al., 2021). This will be demonstrated in Chapter 7.

2.5.4. Road Attributes Definition: Data Collection

Advancements on examining data impacting on pedestrian safety (i.e., pedestrian

attributes and road elements), have been previously performed (Jagnoor and Pe-

den, 2020; Earl et al., 2018; Oxley et al., 2005; Nemire et al., 2016; Cahill, 2010;

Papadimitriou et al., 2015; Wisdom and Creswell 2013). Still, to provide relevant

recommendations, data quality, validity and applicability, is fundamental (Bungum

et al., 2005; Oxley et al., 2005; Cahill 2010; Saunier, 2013; Nemire et al., 2016; Earl

et al., 2018). This study focuses on examining road data as a preventive measure

(i.e., pre-crash)(Haddon, 1970; DfT, 2019). The STATS19 database has been ad-

vanced by the Department for Transport (DfT) in the UK, and it is made available

to provide an overall measure of road safety. The data can be used to help identify

traffic safety problems and to provide an objective basis to, evaluate the effectiveness

of pedestrian safety measures while improving road safety programmes (DfT, 2019).

Therefore, to examine road fatality records involving pedestrians, three main cate-

gories were investigated more in depth: pedestrian general attributes (e.g., gender,
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age group), the road environment (e.g., lighting, speed limits), and the road infras-

tructure (e.g., road type, pedestrian physical facilities) (Sections 2.3 2.4). Moreover,

one crucial aspect regarded exploring data with a model is a lower level of de-

pendency on historical events and data quality [see Sections 2.2.1 and 2.2.3]. The

methodology will be explained in Chapter 3, and its applicability will be further

explored in Chapters 6 and 7, experimented in Chapter 8 and further tested in

Chapter 9.

2.6. Summary and Identification of the Knowledge

Gaps

This chapter provides insights into the effects of incorporating discrete learning

classification algorithms to systematically examine pedestrian road-crash casualties.

This new study adopted data-learning algorithms that provide a pioneering exami-

nation of pedestrian attributes and road elements that affect pedestrian safety. Since

to date, the reasons for the occurrence of pedestrian road-crash casualties seem to

not be explicitly clarified, this project provided an important opportunity to advance

the understanding of a fundamental aspect to serve pedestrians in a road environ-

ment. Returning briefly to the pedestrian general attributes, while commuting, the

level of impairment of the pedestrians may directly influence their awareness of their

own vulnerability to be able to protect themselves appropriately (GRSP, 2008) [see

Section 2.3]. Mayou and Bryant (2003) drew attention to the noted causes of the

diversity of road fatalities, due to among others, psychological factors across various

vulnerable groups. Therefore, it was felt important to exemplify the impact of a

data-driven predictive simulation contrasting the movement of young and elderly

pedestrians (Bohannon, 1977; Tay, 2003). One drawback of the simulator was that
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it failed to anticipate shortcut routes likely taken by pedestrians when crossing the

road [see Section 2.3.3]. Turning into the road elements, recommendations to ex-

plore both environmental (e.g., weather, climate, speed limits) and infrastructural

(e.g., geometric, traffic, physical facilities), have been previously suggested (Kim

et al., 2008; Obeng and Rokonuzzaman, 2013; Shaheed et al., 2013; Fotios and

Gibbons, 2016; Fotios and Gibbons, 2018). Turning into data-learning algorithms,

these have proven their ability to examine pedestrian road-crashes more efficiently

(Ballesteros et al., 2004; Kim et al., 2008; Elias et al., 2010; Prato et al., 2012; Li

et al., 2020). Moreover, provisioning modelling (e.g., ML) road design (e.g., geome-

try) and implementation (e.g., lighting) have demonstrated their vital capabilities to

improve pedestrian safety (Bullough et al., 2013; Fotios and Gibbons, 2016; Fotios

and Gibbons, 2018). Regarding modelling, existing measures could be enhanced

through adopting more sophisticated methods (Nilsson, 2010; Fotios and Gibbons,

2016; Fotios and Gibbons, 2018). Furthermore, unsupervised data-learning algo-

rithms require a lower dependency both on human intervention and on historical

data, they have the potential to expand their applicability to other regions based

on local patterns. This research adopts unsupervised data-learning algorithms to

systematically analyse GB pedestrian road-crash casualty causation from STATS19

(DfT, 2017; Imprialou and Quddus, 2019; DfT, 2018; DfT, 2019). Moreover, rather

than examining historical data, this study seeks to test the applicability of ML on

spatial pedestrian road-crash data which will help to analyse data from two specific

regions (e.g., GB, and London), with a view to explore road-crash casualties from

different regions, with a similar approach (Zhaid et al., 2020; Infante et al., 2023).

This will be demonstrated later in Chapters 8, and 9. Together, these findings

may contribute to a better understanding of the importance of advancing preven-

tive measures for pedestrian safety that have not been considered to date. However,

this study is unable to encompass all the elements affecting pedestrian safety. An

example is the inability to measure the levels of cognitive impairment and physical
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disability. Another reason could be the failure to account for adverse weather con-

ditions in conjunction with the absence of pedestrian facilities. On the latter note,

the gathered evidence suggests that pedestrian infrastructure plays a crucial role in

ensuring pedestrian safety.
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3. Methodology

3.1. Introduction

The following sections will elaborate on the proposed methodology. Section 3.1 in-

troduces the overall approach of the chapter. Section 3.2 introduces the proposed

ML method to examine road data. It includes defining pedestrian attributes and

road infrastructure elements, examining the actual data (e.g., attributes), and test-

ing ML algorithms applicability and sensitivity response. Section 3.3 presents the

ML approach including the data analysis process that was carried out. Section 3.4

describes the procedure to evaluate the adopted prototype to examine road data.

Section 3.5 discusses the findings.

3.1.1. Overall Approach

There is a growing body of literature that recognises the contribution of data-driven

analysis to prevent pedestrian road-crashes in urban road environments (Pilkington

and Kinr, 2005; Deb et al., 2017) [see Chapters 2, 4, and 5]. Still, reasons under-

pinning pedestrian road-crash casualty causation are still unclear (Adminaite et al.,

2015; Papadimitriou et al., 2019; Twisk, et al. 2015; Zhang et al., 2019; DfT, 2019;
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OECD, 2020; WHO, 2020) [see Section 1.2]. Furthermore, to date, no single ap-

proach has clearly demonstrated direct implications from influential factors such as

pedestrian attributes and road elements. One possibility could be the data inconsis-

tency restraining the discovery of co-relational links among the investigated factors.

This has been acknowledged as a critical disadvantage to validating any type of

data-driven approach, particularly when attempting to expand new knowledge from

purely data-driven sources (Nashad et al., 2016; Hariyono, 2017; Feliciani, 2020;

DfT, 2020). Recent evidence suggests that ML has demonstrated its capability to

supersede traditional data analysis techniques (e.g., forecasting) to examine road

data (Sasidharan et al., 2014; Gao, 2017) [see Chapter 2]. One greater advantage of

ML over conventional analysis is that, regardless of its nature, type or background,

various studies have proven existing ML algorithms to more objectively identify pat-

terns (e.g., data science, biological science, medical science, meteorology) (Trueck

and Rachev, 2009; Bonga et al., 2020; Elaziz et al., 2020; Stirnberg et al., 2020).

Another advantage shown from previous studies, is that when investigating road

data, compared with other models such as the K-Nearest Neighbour (KNN) with an

accuracy of up to 97.3%, ML proved to have the ability to reach up to 99% of accu-

racy. Additionally, when compared with traditional methods, for large data samples

a higher accuracy by 1.8% was reached (Kaplan and Prato, 2012; Zhaid et al., 2020).

However, it is important to note that the data interpretation in this study will be

study specific (i.e., GB pedestrian road-crash casualty data). The chosen approach

has considered two main aspects: road data availability from STATS19, and ML

road data analysis. With respect to data availability, the Department for Transport

(DfT) collects road data to produce statistics on the level of traffic (e.g., peak-rush

hours) and accidents (e.g., non/serious injuries) (DfT, 2019). On the question of us-

ing ML to analyse road data, ML algorithms have proven their potential to delineate

road-crash trends more efficiently. The first research question of this study regards

defining features that influence road crashes. The adopted method independently
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examines data about pedestrians and road elements (Sasidharan et al., 2014; Wu et

al., 2019; Cohen and Dalyot, 2020). In addition to that, to establish ML algorithms

applicability in this study, the following procedure was carried out:

i. Defining elements (e.g., pedestrian attributes, road elements) that seem to influ-

ence the safety of the pedestrians based on the literature review findings.

ii. Extracting data from public databases (e.g., STATS19) followed by cleansing

and analysing the respective data.

iii. Data learning, data modelling, data verification and data validation.

iv. Data interpreting, and data contrasting with the findings with different evalu-

ation metrics from the literature review.

The literature suggests adopting ML techniques to improve pedestrian safety (Fe-

liciani et al., 2020; Giummarra et al., 2021) [see Section 2.2]. However, the ap-

plicability of previously experimented ML methods may no longer be valid due to

the uncertainty of the future, as for example, technology advancements (Trueck and

Rachev, 2009; Noland et al., 2017; Ryserand Halseth, 2019; Zhaid et al., 2020) [see

Section 2.6]. Two other major concerns are data inconsistency and the model vali-

dation process. Regarding the data inconsistency, lack of credible information from

public data sources and traditional data extraction methods is expected. One exam-

ple is the human intervention (e.g., a police officer recording pedestrian road-crashes

incorrectly if distracted). About the model validation process, the data processing

(e.g., cleansing) and the model assessment are two equally important elements, since

their erroneous results (e.g., overestimated, underestimated) might disqualify the va-

lidity of the outcome findings. The newly proposed ML method has been chosen for

the following two key reasons:
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i. The method seems to overcome existing limitations of data sources in terms of

data reliability and robustness (e.g., STATS19).

ii. Accordingly, this enables the method to anticipate patterns with minimal human

intervention from both small- and large-scale datasets.

Compared with conventional data analysis, ML may supersede in terms of ac-

curacy. Therefore, the proposal of this study is to incorporate ML models and

investigate, in a specified period, factors affecting pedestrian safety (i.e., pedestrian

attributes and road elements) in a road environment.

3.2. Methodology

Figure 3.1 presents the adopted methodology to conduct this study.

Figure 3.1.: Adopted methodology
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Figure 3.1 displays the adopted methodology, which is divided into three main

stages: background work on road-crash data, ML spatial data analysis, and evalu-

ation. The literature review was carried out with regard to examining road-crash

casualty trends. Additionally, it included a thorough investigation of a range of

existing pedestrian safety ML models. The findings indicated potential influences

of the different models or features adopted. The ML data analysis included data

gathering, assessment, and verification. The ML data analysis defined pertinent el-

ements (e.g., pedestrian attributes, road elements) to be analysed. To achieve that,

road data from public data sources (e.g., STATS19) was collected. Thereafter, the

selected pre-defined elements, later on described in Chapters 4 and 5, were converted

into a computational format (i.e., data feed) (KNIME, 2021) [see Chapter 7]. The

pre-defined elements are from now on referred to as attributes. These attributes

were used to identify relationships between the pedestrian general attributes, the

road environment, and the road infrastructure. Once the attributes were gathered,

it was possible to perform the ML data analysis. Lastly, the evaluation stage was

performed to compare the findings from the literature review with the findings of

the experiments and validate these with expert opinion to conclude trends. It con-

sisted of three functions: model assessment, knowledge discovery, and conclusions.

Regarding the model assessment, their accuracy was validated and verified using

different metric measures, such as Spearman’s rho and Receiver Operating Charac-

teristic (ROC) (Kwon et al., 2015; De Winter et al., 2016; Silva et al., 2020). These

will be explained later on in Section 6.3. In addition to that, the introduction of

new features through the adoption of strict co-relational rules applied to the road

data used in this study was proposed. Regarding knowledge discovery, after con-

trasting the newly discovered knowledge with the literature review, the trends were

rationalised. Thereafter, the relevant findings of this exercise are expected to be

incorporated as a remedial measure or used as a recommendation (e.g., new feature,

road management improvement).
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3.2.1. Data Analysis

As presented in Section 2.2.2, a data analysis comprises four stages: data input,

data processing, reporting, and data output (Noland et al., 2017; DfT, 2019). In

this section, each of the stages of the spatial data analysis will be explained.

3.2.2. Spatial Analysis

A spatial analysis using a computational data tool was carried out. The examination

entailed applying ML modules to one year of data (i.e., 2017). The findings were

then compared with actual data from the year ahead (i.e., 2018) (Hiebl et al., 2016;

FSV, 2019a). In terms of the ML algorithm accuracy rates (i.e., 97.03%), the results

from the undertaken examination (i.e., spatial data analysis) surpass the minimum

standard expectations (i.e., 70%) [see Section 8.3]. Additionally, for each of the

examined factors, the undertaken data analysis establishes three distinct rules to

test the model response, respectively, at 80%, 75%, and 85% [see Section 9.3]. To

examine the accuracy of the system more in detail, the data from 2017 was evaluated

spatially on a sample of two regions (e.g., GB, and London) (FSV, 2019a). This

included examining in more detail GB road-crash data specifically for one year (e.g.,

2017) [see Chapters 2, 8, and 9]. Furthermore, to conclude more coherent results,

a traditional analysis to examine the data temporally (i.e., 2009–2019) was carried

out. This is for homogeneity and to not compromise consistency when discussing

the findings (Kann et al., 2012; Hiebl et al., 2016). For example, the findings of

the 10-year analysis point to 2017 as the year with the highest increase rate (5%)

of pedestrian road-crash casualties [see Chapter 10]. This is the reason why 2017

was chosen as the year to carry out the spatial analysis. It is important to highlight

that the application of ML modules to compare findings with actual data from the
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subsequent 10 years (i.e., 2020–2030) is beyond the scope of this study.

3.3. Machine-Learning Approach

The adopted ML approach in this study explores new knowledge using two ML

techniques: supervised-learning, unsupervised-learning. The discovered knowledge

will be compared with actual data extracted both from traditional statistical meth-

ods and findings from previous work (DfT, 2017; DfT, 2018). The prototype using

GB road data will be expanded in Chapter 8. In addition to that, the sensitivity

response of the prototype will be analysed in Chapter 9 and validated with expert

opinion in Chapter 10. Figure 3.2 displays the proposed ML approach to analyse

pedestrian road-crash casualty data in GB [see Section 2.2].

Figure 3.2.: ML data analysis: supervised vs. unsupervised

The ML approach adopted in this study illustrated in Figure 3.2, instead of extrap-

olating data through forecasting formulas from historical data, it incorporates ML
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algorithms to discover unforeseen patterns through inserting data (i.e., attributes,

data feed) into a computational datamining tool. Here, aspects of importance are

pre-defining and selecting elements by using rules and performing a data cleansing

process (e.g., data filter) [see Section 2.2]. This will be explained later in this chap-

ter. Once that is achieved, the ML data analysis can be introduced. This technique

adds two key details: ML algorithms and data verification. About the ML algo-

rithms, two different types of ML techniques were described. These are presented

in Section 2.2.3. In addition to that, regarding the data verification, it applies two

sub-modes: descriptor, and predictor. The descriptor trains the data to be fed to

the predictor so that it can validate the data fed to project results (Assi et al.,

2020). To understand how these sub-modes might influence the data, a series of

comparative simulations were carried out [see Chapters 8 and 9]. Nevertheless, de-

spite all the efforts, a key restriction of this approach might still be the choice of the

most pertinent ML algorithms to best interpret the available data. The proposed

methodology incorporating the ML data analysis is presented in the next section.

3.3.1. ML Data Analysis Process

The proposed ML data analysis process is illustrated in Figure 3.3.

Figure 3.3.: Proposed ML process

Figure 3.3 illustrates the key stages carried out to conduct this study. These are
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best treated under the following 4 headings:

i. Pre-defined elements: a more in-depth explanation can be found in Section 2.2.

ii. Attributes: the process of converting the pre-defined elements into a computa-

tional format [see Sections 2.2, and 3.2.1].

iii. ML data analysis: different ML algorithms were tested to analyse the data. In

relation to the data used, the accuracy and sensitivity response of the ML

algorithms were also measured [see Chapters 8, 9, Section 2.2]. More details

regarding the associated stages can be seen in Section 3.3.2.

vi. Data verification: the data will be trained and tested in two sub-modes for

the demonstrator (i.e., descriptor, predictor) and trained in one sub-mode

(i.e., descriptor) for the prototype. Additionally, the sensitivity response will

be tested on the descriptor mode [see Chapters 8, 9], and the predictor for

the demonstrator only [see Chapter 8]. The applicability of the model entails

contrasting the influence of the different rules (e.g., sub-modes, accuracy) with

actual data. The data was split into four different sample ratios (i.e., 50/50,

80/20, 85/15, 75/25). With a view to exploring which set would provide the

best possible extraction of new knowledge to contribute to this study, the

examination was carried out based on the four ratios above mentioned and

seven risk factors explored in this study (Lanera et al., 2019; Saha et al.,

2021)[see Chapters 2, and 8].

Risk Factors

In the context of this research study, a risk factor is described as any contribu-

tion that increases the probability of a road-crash fatality. In addition to that, it
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is statistically related to crash frequency and severity (Elvik et al., 2009). Subse-

quently, these risk factors can affect events before, during, and after a road-crash

period (WHO, 2018). In this study, risk factors were investigated with the view

to identifying patterns that may support the anticipation of pedestrian road-crash

fatalities (Elvik et al., 2009; WHO, 2015). It is also important to note that, even

though road-crash casualties result from a series of events affected by many risk fac-

tors within a traffic system, in this study, only a limited number of road attributes

were considered. Therefore, to assess pertinent information on pedestrian general

attributes resulting in casualties, the two following components are suggested:

i. To examine the definition of some specific elements in a road environment (e.g.,

pedestrian gender, pedestrian location, road condition, weather) [see Sections

2.1 and 2.2].

ii. To assess and validate more accurate modelling techniques (e.g., unsupervised-

learning) that can discover new knowledge through data [see Section 2.2].

3.3.2. Pedestrian Road-Crash Attributes

According to many in the field, pedestrian road data can be used to improve pedes-

trian safety [see Section 2.2]. The road data availability from the STATS19 database,

is developed and advanced by the Department for Transport (DfT) in the UK. Ad-

ditionally, it is made available to provide an overall measure of road safety. In the

context of preventing pedestrian road-crash casualty, three main categories were

identified: pedestrian general attributes, road environment and road infrastructure

(Haddon, 1970) [see Section 2.2]. These were also identified on the STATS19 form

1. In this study, some of the attributes that might be taken into consideration are

1Appendix A.1
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as follows:

i. Pedestrian general attributes (e.g., Gender, Age group).

ii. Road environment (e.g., Speed Limits, Weather Condition, Lighting Condition).

iii. Road infrastructure (e.g., Road Type, Pedestrian Physical facilities).

The selected attributes to be used in the computational datamining tool, can

be represented by their respective headers. For example, on pedestrian gender:

male, and female. These variables are designated as a subset of the attributes, i.e.,

metadata, which are used to summarise basic information and enable easier tracking

when working with specific attributes (Addakiri et al., 2019). This applies to search

for specific attributes, in the event of a pedestrian casualty in a particular location

(e.g., roundabout). Other attributes that can be represented by the computational

tool are described as follows: road type: in a carriageway crossing pedestrian facility;

in a carriageway crossing within zigzag lines at crossing approach; on footway or

verge; in a carriageway crossing elsewhere; on refugee, central island or central

reservation . A similar principle applies to trace any other type of attributes (e.g.,

weather, road condition) (DfT, 2017).

Machine-Learning: Data Analysis Stages

Various research studies acknowledged pedestrian safety as a dynamic and complex

topic (Naumann et al., 2019) [see Sections 2.1, 2.2]. The literature review findings

on pedestrian safety analysis indicated that, compared with traditional statistical

methods, the ML methods provide more objective results [see Chapter 2]. For this

reason, the latter was adopted.
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Figure 3.4.: ML data analysis diagram

Figure 3.4 represents the six stages carried out on the ML data analysis. A

descriptive overview is presented below:

Stage 1. Data Gathering : To collect pedestrian road-crash data from public sources

(e.g., STATS19) (DfT, 2017; DfT, 2018; DfT, 2019). To unify the collected

data into a single format (i.e., attributes), using a specific computational

datamining tool (KNIME, 2021) [see Chapters 3, 6].

Stage 2. Data Filtering : To limit the pedestrian road-crash casualty data to a

region within country (e.g., GB in the UK) or a city (e.g., Enfield in London).

To limit data to answer any exploratory research question (e.g., pedestrian

casualties in a road environment) (DfT, 2017).

Stage 3. Algorithm Selection : to select a data-learning algorithm (i.e., ML algo-

rithm) based on the pedestrian and road attributes under analysis.

Stage 4. Algorithm Assessment : to assess the data-learning algorithm accuracy,
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by comparing different data algorithms regarding their accuracy in relation to

different profiles of data (e.g., 1-year).

Stage 5. New Rules Validation: to verify validate the data-learning algorithm ap-

plicability considering different sub-modes (i.e., descriptor, predictor) into the

actual road dataset.

Stage 6. Implementation: experimental results were carried out: to test the data-

learning algorithm sensitivity response in relation to different profiles of data

(e.g., local, regional). To analyse the results that were be presented in a

mathematical and/or a graphical form. To contrast the findings from the

datamining analysis (e.g., pedestrian behaviour, road infrastructure) with the

literature review and validate these with expert opinion.

The above procedure was carried out using a computational datamining tool which

is usually designated as relational. In most cases, this type of structure allows one to

identify, group, and access data through organised tables, divided into meaningful

sub-tables (e.g., table identification) (Hong et al., 2020). A further explanation will

be described in Chapter 6.

3.3.3. Data quality: Filtering, Cleansing, Verification - The

Konstanz Information Miner (KNIME)

In raw databases as STATS19, the quality of the data can be affected by hardware

failures, repeated entries, and wrong values (Embrey, 2002). To improve data quality

the main steps undertaken were filtering, cleansing, and verification. Data filtering

addressed selecting relevant variables (i.e., road attributes) for the analysis, data

cleansing consisted of discarding undesired content from databases by removing the
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errors, support filling in the missing fields, and rectify inconsistencies (Embrey, 2002)

[see Section 3.3.2]. Additionally, data verification regarded exploring performance

metrics to extract results were split into train, and test modes (Buscema, 2013) [see

Section 2.5].

65



Chapter 3 3.3. Machine-Learning Approach

Data Filtering

Table 3.1 presents some of the selected variables for the examination procedure.

Table 3.1.: Variables selection from STATS19

Attributes Included Excluded
Accident Index X
Number of Fatalities X
Casualty Class X
Casualty Severity X
Car Passenger X
Bus or Coach Passenger X
Pedestrian Location X
Casualty Gender X
Age Group of Casualty X
Speed Limits X
Road Type ([00.] No Junction (20 m); [ 01.]
Roundabout; [02.] Mini-Roundabout; [ 03.] Stag-
gered Junction; [ 05.] Slip Road; [ 06.] Crossroads;
[07.] Other Junction; [ 08.] Private Drive; [09.]
Other Junction)

X

Pedestrian Facilities ([ 0.] No Crossing Facility (50
m); [ 1.] Zebra; [ 4.] Pelican or Similar; [ 5.] Ped
Phase at traffic signal junction ; [ 7.] Footbridge
or Subway; [ 8.] Central Refuge)

X

Table 3.1 exemplifies the selection both the included and excluded variables from

STATS19 to KNIME for the examination (KNIME, 2021) [see Section 6.2.1]. Since

this research only focuses on pedestrians in a road environment, the variables re-

garding the pedestrian’s location (e.g., Pedestrian_Location) and the severity of

the accidents (Casualty_Class) are relevant. For instance, to examine the elderly

age group, data only involving people with 60 years old or above can be selected.

Regarding the physical infrastructure, the road type and the pedestrian physical

facilities were included. However, even though the information is extracted from

the same source, the numbering system between the road type and the pedestrian

physical facilities differ (e.g., from 01 to 1). Out of the scope of this study are vari-
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ables that relate to other type of road users (e.g., Car_ passenger, Bus or Coach_

passenger).

Data Cleansing

Figure 3.5 illustrates an example of the pedestrian profile data cleansing procedure.

Figure 3.5.: Variables content cleansing: gender, age group

Figure 3.5 illustrates the undertaken procedure to discard undesired content from

the selected variables. Some of the examples of the Nodes included in the analysis

are as follows:

Node 3: Males and females (i.e., 1 and 2). All the other variable records (e.g.,

gender: -1) are discarded.

Node 6: On the age groups, unknown data (i.e., age group: unknown)

Figure 3.6, illustrates an additional example of the data cleansing procedure on

the road infrastructure which includes discarding undesired content from the selected

variables (e.g., road type, pedestrian physical facilities) from STATS19.
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Figure 3.6.: Variables content cleansing: road type, pedestrian physical facilities

Figure 3.6 highlights the content records cleansing on Node 8 (i.e., road type) and

Node nine (i.e., pedestrian physical facilities). On Node eight, all the other records

regarding road type records (e.g., -01, 04) are discarded. About Node nine, other

records on pedestrian physical facilities (e.g., -1, 3, 6) are discarded. In addition

to that, a similar procedure was repeated on the remaining nodes. This means

that, with respect to pedestrian general attributes, an analysis on Nodes three (i.e.,

gender), four (i.e., Casualty Class), five (i.e., severity) and six (i.e., age group) were

also cleared and predefined. Surprisingly, it was noticed that between the road type

and pedestrian physical facilities, the numbering system differs (e.g., 01 vs. 1). On

a wider scale, it is important to point out that this type of inconsistency may lead

to undesired errors when forming conclusions.
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Data Verification

Figure 3.7 shows the data verification procedure.

Figure 3.7.: Data verification: training, testing (KNIME, 2021)

Figure 3.7 illustrates data verification procedure in a set of performance metrics

initially split into two datasets: train and test [see Section 2.5]. The training dataset,

i.e., descriptor, to build the model (e.g., 80%), the test dataset, i.e., predictor, to

validate the model (20%) correctness (Lanera et al., 2021; Saha et al., 2020). To get

reproducible results upon re-execution, the type of data partition was performed

using a random seed where different models were tested and compared using a

common set of data split (Fiorentini and Losa, 2020; KNIME, 2021). Moreover, the

response sensitivity evaluation of the selected algorithm was tested using different

partition scenarios (e.g., train: 70%, and test: 30%). These will be introduced in

Section 6.3.3 and explored in Chapter 9.

3.4. Evaluation

The evaluation process consists of 3 main functions: model assessment, newly discov-

ered knowledge, and conclusions. In general terms, this means that from comparing
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the results of the evaluation process with the literature review, as the new knowledge

discovered might likely be applied to similar road environments (Hoy et al., 2015)

[see Section 2.5; Chapter 9].

3.4.1. Model Assessment

The accuracy and objectivity of the ML models are respectively validated and veri-

fied using scoring metrics. In addition to that, the suitability of the data under study

and the capability of the computational datamining tool are assessed. As part of the

model assessment, the verification and validation of distinct ML algorithms (e.g.,

supervised, and unsupervised) was examined in more detail using different sets of

data [see Chapter 7]. First, the accuracy of the selected model was performed (Ab-

dar et al., 2021 , Maryam et al., 2023) [see Section 2.1.1]. After, the model validated

through the adoption of a ranking method (e.g., co-relational statistics) (Sarraf and

McGuire, 2020) [see Section 2.5]. About the model verification, upon defining their

modes and their sets of rules, both their accuracy and sensitivity response were

tested [see Chapters 8, 9].

3.4.2. System Implementation: Experimental Results

The analysed attributes regarded a number of pedestrian general attributes (e.g.,

gender, level of impairment) and also infrastructure elements (e.g., speed limits,

physical facilities) [see Chapters 4 and 5]. Regarding predictive modelling, a num-

ber of supervised and unsupervised ML algorithms were explored in Chapter 7. The

prototype investigated the applicability of an ML algorithm to discover unknown

trends, such as links resulting from integrating distinct pedestrian road-crash ele-

ments. The prototype will be demonstrated in Chapter 8 and its sensitivity testing
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response, will be presented in Chapter 9. To extract knowledge from a compu-

tational datamining tool, multiple experimental simulations were carried out. In

addition to that, the prototyping highlighted comparing results between knowledge

extracted from the computational datamining tool and information from additional

sources [see Section 2.5, Chapter 8]. For its validation, it is highly important to

note that the findings might be strictly applicable to the road-crash data under this

study (e.g., year, region) [see Chapter 10].

3.4.3. Knowledge Discovery

An illustration of the knowledge discovery process is presented in Figure 3.8.

Figure 3.8.: Knowledge discovery

The data under study in Figure 3.8 was analysed as follows:

i. Road data from existing public databases.

ii. ML road data analysis.

iii. Comparative analysis between ML road data, previous research work, and expert
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opinion.

Moreover, the data discovery was developed under the Knowledge Discovery Database

(KDD) principles. Generally, the KDD concept is associated with discovering use-

ful knowledge through data (Shapiro, 2020). The ML data analysis is applied to

KDD to explore and assess existing pedestrian safety gaps regarding unknown data

links and patterns to date. Moreover, it is believed that different ML methods (e.g.,

unsupervised-learning) can be proposed to improve pedestrian safety. One exam-

ple involves the incorporation of new datasets, enhancing the models’ validity by

improving accuracy (Bastien et al., 2020). In terms of data verification, different

sub-modes and rules of the ML technique may assist in identifying information re-

quiring further attention that is unknown to date (Elton, 2018). Subsequently, a

discussion on the results ensued, contrasting the experimental findings with those

identified in the literature review and the expert opinion [see Chapters 2, 8, 9, and

10].

3.5. Observations

Recent advancements in the field of pedestrian safety highlight the challenges posed

by disregarding known causes of pedestrian road-crash casualty causation in an ur-

ban road environment (Stigson et al., 2008; Elvik et al., 2009; Cordellieri et al.,

2019; Nhac-Vu et al., 2014; WHO, 2018; Ang et al., 2020; DfT, 2020; Jagnoorand

Peden, 2020; Giummarra et al., 2021). Moreover, to date there has been limited con-

sensus on standardising modelling approaches (e.g., descriptive, predictive) towards

pedestrian safety challenges. Since an urgent need to address this issue remains,

to overcome traditional forecasting techniques, a discrete classification applying ML

algorithms was examined (Yannis et al., 2013; Feliciani et al., 2020; Giummarra et
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al., 2021) [see Section 2.2]. The chapter presented the adopted ML methodology to

investigate attributes causing pedestrian fatalities in an urban road environment,

spatially (i.e., 2017 road data from GB and London) and temporally (i.e., 2009-

2019). The undertaken approach, proved to reveal undiscovered patterns with a

lower dependency on historical data, and on human intervention. Thus, a more

independent method known as ’self-learning’ (Elton, 2018; Xiupeng, 2019; Bastien

et al., 2020). However, due to the small size of the dataset, it was not possible

to precisely determine the relationship between the current road data (i.e., 2017)

and the subsequent data (i.e., ahead in time) [see Section 8.2]. The accuracy was

calculated using two metrics: margin of error (MOE) and standard score (z-score)

(Tanur, 2011; Sakai et al., 2015; Uddin et al., 2023). Another key issue may be that

the results lack relevance due to restricting the analysis to the data under study. A

distinctive advantage of this method is its potential for expansion, especially when

relating data from different regions [see Section 7.2.4]. It is therefore likely that such

an approach will bring an opportunity to more proactively support road engineers in

discerning the influence of pedestrians on a given road infrastructure while steering

further research on pedestrian safety [see Section 2.6]. The next chapter examines

GB pedestrian road-crash casualty data by adopting engineering logic to investigate

a selection of pedestrian general attributes.
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Casualties

4.1. Introduction

This chapter describes how pedestrian attributes can impact on pedestrian safety,

in an urban road environment. The main purpose is to prove the applicability of

predictive modelling to identify patterns from examining pedestrian attributes. The

chapter is organised in three sections. Section 4.1 introduces the overall structure of

the chapter. Section 4.2 examines a number of existing predictive road-crash models

and their applicability according to STATS19 through engineering logic. It presents

a summary of the discovered knowledge from the investigated methods, and it also

describes their relevance (e.g., advantages, limitations). Section 4.3 discusses the

findings.
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4.1.1. Overall Approach

Worldwide and in Europe the pedestrian road-crash trends differ per country (WHO,

2018; EU STATS, 2019; DST, 2020) [see Section 1.2]. Traditionally, statistical anal-

ysis are suggested to be performed in cross-sectional studies (Cahill, 2010; Wisdom

and Creswell, 2013) [see Section 2.2]. However, over a longer period using purely

data-driven information it might not be feasible to identify patterns (e.g., outdated

model) (Urie et al., 2016; Useche et al., 2019). This seems to be highly critical. In

addition to that, an underlying degree of weakness remains which is clearly specify-

ing reasons contributing to pedestrian road-crash casualty causation. A few of the

shortcomings could be due to some of the information being omitted, overwritten,

overlooked, or even misperceived (Chen and Fan, 2019). The mentioned shortcom-

ings could be a likely reason for a much-debated question on pedestrian general

attributes affecting pedestrian safety. It has been previously reported that, to draw

more conclusive results, patterns, and trends on pedestrian safety more research is

needed (Wisdom and Creswell, 2013; DfT, 2018; Useche et al., 2019). An example

is Cahill (2010) suggesting the incorporation of mixed research methods (i.e., quali-

tative and quantitative) as an instrument to advance a more systematic integration

to examine pedestrian safety (Wisdom and Creswell, 2013). Therefore, in this study

a mixed research method was adopted (Gonzalez-González et al., 2021; Raifman et

al., 2021) [see Sections 2.2, 2.6]. With respect to the examined pedestrian general

attributes in Chapter 2, this section presents a few previously used pedestrian safety

models by gender and age group. Additionally, their limitations in terms capabilities

will be described.
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4.2. Pedestrian Predictive Modelling

Frequent changes in a complex traffic road environment including population groups,

time periods, and also geographic regions seem to lead to road-crashes [see Section

2.3]. Predictive models have demonstrated to make an efficient interpretation with

an effect to discern quick changes. Moreover, compared with traditional models

which are reliant on statistical models (e.g., forecasting), predictive models which

rely on ML models have demonstrated their ability to project road-crashes more

accurately and also more objectively (up to 99%) [see Section 2.2]. In this section,

these will be explored based on a set of criteria from STATS19 as the gender (i.e.,

female, male) and the age groups (i.e., children: 0-15 years old; young adolescents:

15-24 years old; adults: 25-59 years old; elderly: 60+ years old) (DfT, 2019; OECD,

2020) [see Sections 2.2.1 and 2.3.1].

4.2.1. Gender: Females, Males

To predict the gender of the pedestrians in the event of a road-crash casualty, the

ordered logit model,

P (Y i = 1|X i) = F (X iβ) (4.1)

Source: (Trueck and Rachev, 2009)

Wherein the accident severity codes according to STATS19 are given on a scale

as follows: i equal to one is a fatal accident, equal to two is an accident with serious

injury, and equal to three is an accident with a slight injury (DfT, 2017). The model

selection emerges for its a binary classification: female, male (Trueck and Rachev,
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2009). P is the gender probability that Y(0=female; 1=male) [see Section 2.2]. X

represents the gender predictor variable. F(.) the continuous random variable lo-

gistic distribution of the model and β describes the relationship between the gender

prediction variable and the prediction response (Allen and Singh, 2011). One key

affecting issue is the dependability from data set recognition and the reliance on

police crash reports considering evidence from different data sources. Scalability is

another crucial limitation. For example, discrepancies noted between the data sam-

ple (i.e., 2756) where fatalities reached 1.8% of accuracy, and the weighted sample

(i.e., 326, 452) where fatalities rates reached 0.2% of accuracy) (Kaplan and Prato,

2012).

4.2.2. Age Group: Children

To predict the children (0-15) pedestrian fatalities in the event of a road-crash

casualty, the negative binomial model,

ln(λi) = BXj + ϵ, (4.2)

Source: (Graham et al., 2005)

In which the wards of England are spatial units with an average area of 14 km2.

i,j are the distances from ward i to ward j. λi is the expected number of children

pedestrian fatalities per ward, and Xj a vector of regressors (Graham et al., 2005

). β is the estimated coefficient with the expected number of children pedestrian

fatalities per period from a unit change in an independent variable Xj (Graham et

al., 2005; STATS19). One crucial issue is that the model does not clarify variation

in child or adult fatalities. To achieve such, a highly detailed data analysis of very
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small and restricted samples is required. Therefore, the results from this model are

usually recommended as complimentary (White et al., 2000).

4.2.3. Age Group: Young Adolescents

To predict the young adolescents (15-24) pedestrian fatalities in the event of a road-

crash casualty the logit model,

Logit(P (Y = 1|xi...., xk)) = B0 +Bi.X i + ...+Bn.Xn (4.3)

Source: (Trueck and Rachev, 2009, pp. 22)

Where P is the probability of an accident to occur or not: [0; 1]. B0, B1,...,Bn

which are the model constant variables (i.e., the occurrence of the accident) the

parameter estimates for the independent variables, X represents the independent

variable (e.g., age of the pedestrians) and i is the set of the severity of the accidents

(i = 1, 2,........., n), and
(
LogitP

)
is the the natural logarithm ranges from negative

infinity to positive infinity. One key issue is the validation in the use of default

models (Trueck and Rachev, 2009; Wedagama and Dissanayake, 2020). Using a

single factor seems to be insufficient to predict the occurrence and severity of road

crashes. A key challenge might be to identify the optimal number and type factors

to be modelled (Mohanty and Samal, 2019).

4.2.4. Age Group: Adults

To predict adult (25-59) pedestrian fatalities in the event of a road-crash casualty,

the multinominal model,
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P in =
exp(βiXn)∑
j exp(βjXn)

(4.4)

Source: (Chen and Fan, 2019)

Where Pin is the probability of pedestrian βi is the probability of crash n with

injury level i, Xn is a vector of explanatory variables that determine the severity.

The accident severity codes according to STATS19 are given on a scale as follows:

i equal to one is a fatal accident, equal to two is an accident with serious injury,

and equal to three is an accident with a slight injury (DfT, 2017). βi, represents

a vector of estimable coefficients for the injury outcome. One issue affecting the

model, is its high dependency on the variables. Over time this might likely affect

the quality of the model (e.g data fluctuation, data loss). Thus, the validity of the

model predictions in terms of accuracy and transferability is likely to be affected

(Chen and Fan, 2019).

4.2.5. Age Group: Elderly

To predict the elderly (60+) pedestrian fatalities in the event of a road-crash casu-

alty, the logistic regression model,

P (Y = 1|X) =
exp(b0 +

∑n
i=1 bixi)

1 + exp(b0 +
∑n

i=1 bixi)
(4.5)

Source: (Sanz-Casado et al., 2019)

Where P(Y=1| X) is the probability that Y takes the value one. The dependent

variables are classified as: ’0=severe injury accident group (accidents that list se-

riously injured individuals but no deaths)’ and ’1=fatal accident group (accidents
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with at least one fatality)’. X is the set of n co-variables (e.g., gender, age group,

impairment level) from Xi to Xn that are part of the model. b0 is the model constant

or independent term. b1 is the coefficient of the co-variates. This predictive model

was applied to a final sample consisting of 225 accidents, considering 27 variables.

One main disadvantage was the data sample restriction. Therefore, exploring al-

ternative methods (e.g., Poisson regression) to examine other human factors and

additional tuning parameters was suggested (Sanz-Casado et al., 2019). However, it

is important to note the risk of overfitting models both in terms of data reliability

and accuracy (Niebuhr et al., 2019).

4.2.6. Knowledge Discovery: Pedestrian General Attributes

Table 4.1 illustrates a summary of the examined predictive models by gender and

age group.

Table 4.1.: Predictive pedestrian models summary

Pedestrian Attributes ReferencesPredictive Models

Gender

Female, Male (Kaplanand Prato, 2012)
Ordered logit: see 4.2.1

Age Groups

Children (Graham et al., 2005)
Negative binomial: see 4.2.2

Young Adolescents (Wedagamaand Dissanayake, 2010)
Logistic regression: see 4.2.3

Adults (Chenand Fan, 2019)
Multinominal logit: see 4.2.4

Elderly (Sanz-Casado et al., 2019)
Binary logistic: see 4.2.5

Table 4.1 summarises the examined predictive models by gender (i.e., binary logit)

and age group (negative binomial; logistic regression; multinominal logit; predictive
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simulator). About their key noted limitations, the binary logit failed to recognise

data (e.g., police road data) (Niebuhr et al., 2019). This suggests potential measure-

ment errors leading to data discrepancies. The negative binomial showed that only

with detailed or restricted data samples it would be possible to distinguish the age

groups which is limiting for schools with a larger number of students with a wider

range of age groups. This proved lack of validity regarding scalability. Therefore, the

results from negative binomial are usually recommended as complimentary (White

et al., 2000). The logistic regression proved a validation constraint to identify the

optimum variables (e.g., number of factors, type) when using default models (Sanz-

Casado et al., 2019). Similarly, the multinominal logit identified a high dependency

on the selected variables (Chen and Fan, 2019). More research to confirm if select-

ing variables through more complex rules is suggested (Niebuhr et al., 2019). As a

complementary method to increase reliability, the use of the binary logistic is sug-

gested (Sanz-Casado et al., 2019). Turning into ML method applied in this research,

differently from previous examined predictive models, it consists of using a singular

predictive modelling approach to extract knowledge from pedestrian attributes in

an urban road environment. Respectively by gender and age group as follows:

• Case studies on pedestrian risk perception, pedestrian distraction and pedes-

trian impairment.

• Descriptive modelling applied on pedestrian general attributes (DfT, 2018,

KNIME, 2021).

• Validation of the findings with expert opinion.

Subsequently, the description of patterns regarding undiscovered attributes influ-

encing pedestrian safety will be presented. This exercise is demonstrated in the form

of a prototype in Chapters 8 and 9.
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4.3. Observations

The investigation of previously applied pedestrian safety predictive models by gen-

der, age group, showed various limitations (e.g., lack of data recognition, scalability).

The adopted ML examines the same number of pedestrian attributes by means of

a singular analysis. This will be demonstrated in Section 8.3. However, it’s im-

portant to note that human error can be a fundamentally influential factor on the

examination of pedestrian road-crash casualty [see Sections 2.3, and 2.3.1]. Regard-

ing pedestrian road-crash casualty by gender and age group, the literature review

indicated the female, elderly, and children as the most exposed pedestrian to road

casualties [see Sections 4.2.1, 4.2.2, and 4.2.5]. Moreover, about measuring differ-

ent levels of pedestrian impairment, the investigated case studies reveal limitations

in terms of risk awareness [see Sections 4.2.1, and 4.2.2]. As regards qualitative

research on the different pedestrian cognitive disabilities, a limited body of litera-

ture was found (Uzan and Wagstaff, 2017; Earl et al., 2018; Hezaveh and Cherry,

2018) [see Section 2.3]. In this study, the adopted mixed-method (i.e., qualitative:

case studies and expert opinion, and quantitative: pedestrian safety models) points

to a number of limitations [see Sections 2.6, and 4.2.6]. For instance, the investi-

gated case studies could have been more comprehensive if they had incorporated

predictive datamining analysis to explore the level of impairment of the pedestrians

(Robbins, 2023; Tabone and De Winter, 2023). This approach is out of the scope

of this study. About the quantitative research, the restriction on the number of

participants and their location per case study, seems to be a critical disadvantage

for scalability purposes [see Sections 2.2, 2.6, and 2.3.1]. Moreover, examining pre-

dictive models confirmed a number of limitations: the high dependency on historical

data, selection of default models and variables, and also the models expiry date [see

Sections 2.2, 2.6, and 4.2.6]. One example was the predictive simulator being limited

to prognose shortcuts wherein young and elderly pedestrians could likely be posi-
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tioned [see Chapter 2]. Therefore, to expand the new knowledge acquired from this

study, further research on predictive mixed methods to investigate the pedestrian

general attributes influence on pedestrian safety is suggested (Oxley et al., 2005;

Nemire et al., 2016; Earl et al., 2018; Tabone and De Winter, 2023). Overall, the

findings revealed the validity of scrutinising information regarding pedestrian gen-

eral attributes. However, this chapter is limited to examine the pedestrian general

attributes that affect pedestrian safety (Hatfield and Murphy, 2007; Twisk et al.,

2015). A number previously applied predictive models only accounting road ele-

ments that affect pedestrian safety, will be described in greater detail in the next

chapter.
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5.1. Introduction

This chapter shows the influence of the road infrastructure on pedestrian safety.

The purpose of this chapter is to prove the applicability of previously applied pre-

dictive modelling to identify patterns from examining road attributes, in an urban

road environment. The chapter is organised in three main sections. Section 5.1

introduces the overall approach of the chapter. Section 5.2 investigates, through

engineering logic, a number of existing road predictive models, while demonstrating

their relevance in an urban road environment. Section 5.3 discusses the findings.

5.1.1. Overall Approach

The World Road Association (WRA) (2015) points to road infrastructure as a signif-

icantly influential factor on fatal pedestrian road-crash causation. Previous research

studies have suggested the improvement of the road infrastructure performance (e.g.,

road lighting systems, road classification) as it helped reduce road-crashes notably

(Elvik et al., 2009) which subsequently, reduced the costs of road-crashes (Adminaite

et al., 2015; VfR, 2015). Multiplicative factors, also known as Crash Modification
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Factors (CMF) have been used to reflect the expected changes in pedestrian safety

performance (Elvik et al., 2009; Chen and Persaud, 2013). In Europe, the most re-

cent Accident Prediction Models (APMs) and crash modification factors (CMF) are

available in a public database. In 2016, the total number summed 273 APM’s and

889 CMF’s respectively (PRACT, 2016). According to Papadimitriou et al., 2015,

understanding relations between the road infrastructure and measurable CMF im-

proved pedestrian safety (CMF Clearinghouse, 2013; iRAP, 2020; Austroads, 2018).

In the same vein, the absence of pedestrian facilities has been considered as a major

road-crash influential factor, especially at illegal street crossings (Bungum et al.,

2005). Turning to GB roads, in 2017, the collected data show pedestrians reaching

470 fatalities in total where they account the road infrastructure as follows:

. Road infrastructure (i.e., road type): intersections 27.87 %; roundabouts 3.62 %

(DfT, 2019) [see Section 2.4.5].

However, the current analysis on GB road data from 2017 does not show results

regarding the influence of other factors such as the weather, speed limits and pedes-

trian physical facilities (DfT, 2017; DfT, 2018) [see Section 2.4]. Moreover, Section

2.6 and Chapter 4 point to the expiration validity dates of the predictive models

as a crucial constraint. This chapter explores the applicability of existing predic-

tive models using STATS19 road data to discover information from existing road

elements influencing on pedestrian safety (Cahill, 2010; DfT, 2020).
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5.2. Road Infrastructure Predictive Modelling

The road environment and its layout prove to considerably influence the safety of

the pedestrians (Cameron and Nilsson 2004; Yannis and Karlaftis, 2010; Yannis et

al., 2013, Kangas et al., 2015) [see Section 2.4.5]. To demonstrate the relevance of

existing predictive models in GB, the set criteria is based on STATS19 and include

weather; speed limits; lighting; T or staggered junction; roundabout; private drive

entrance; pedestrian facilities: no physical facilities within 50 m, zebra, footway,

central refuge (DfT, 2017; OECD, 2020).

5.2.1. Weather

To predict road-crash casualty based on weather (e.g., fine, raining, snowing, fog),

the integer autoregressive model,

yt = at ◦ yt-1 + ϵt, t = 1...T (5.1)

Source: (Yannis and Karlaftis, 2010)

Where ϵt is a Poisson time sequence with E (ϵt) = λ>0 and independent of t-1.

Each component either ‘survives’ with probability a or not (1 - a). The function

introduced by Van Harn and Steutel (1977), is given by a ◦y
∑y

i=1 ui

Where u is a sequence of binary random variables. A limitation of this model is

the number of variables taken into account for the analysis: vehicle accidents, vehicle

fatalities, pedestrian accidents and pedestrian fatalities, were the type of pedestrian
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facility is not represented. Additionally, it requires a large set of historical data: 21

years of daily count data (Yannis and Karlaftis, 2010).

5.2.2. Speed Limits

To predict the road-crash casualty based on speed limits, a mathematical model,

(
Killedpedestriansafter
Killedpedesdriansbefore

)
=

(
Meanspeedafter
Meanspeedbefore

)4

+

+

(
Meanspeedafter
Meanspeedbefore

)8

×
(
Numberoffatalitiestotal −Numberoffatalcrashestotal

)
(5.2)

Source: (Nilsson, 2004; Nilsson, 2010)

Nilsson (2004) has developed a polynomial mathematical model using several

variables that contrast the relationship between changes in mean traffic speed, the

number of crashes and killed pedestrians. An example is that, if assumed that 265

pedestrians fatal crashes occur in a year, and a total of 300 people are killed as a

result from those crashes, at a ratio of 0.9 (i.e., mean speed after to mean speed

before), the predicted pedestrian fatal crashes (PPFC),

PPFC = 0.94 × 265 = 0.656× 265 ≈ 174 (5.3)

A decrease on the number of fatal crashes by more than 34% is projected. With

respect to the predicted pedestrian fatalities (PPF),
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PPF = (0.94 × 265) + (0.98 × (300− 265)) ≈ 174 + 15 = 289 (5.4)

A 37% decrease in the number of pedestrian fatalities resulting from road crashes

is projected. The results on this cumulative model with fitting exponents that apply

to killed pedestrians (i.e., PPF), is higher than the exponents that apply to crashes

(i.e., PPFC) (Nilsson, 2010). One key limitation is the use of the model when there

is a need to represent more than three dimensions. This applies if, for example, a

raised intersection is required to be represented as a countermeasure (King et al.,

2003). To overcome this shortcoming, manual work was performed.

5.2.3. Lighting

To predict pedestrian fatalities based on road lighting, the Mean Absolute Percent-

age Error (MAPE),

MAPE = 1
N

∑N
t=1

∣∣∣∣∣At−F t
F t

∣∣∣∣∣ (5.5)

Source: (Marino et al., 2017)

where At is the actual traffic value, Ft is the forecast traffic value and N is the

number of observations. To determine the traffic a week ahead and evaluate the

data reliability, statistical methods (e.g., regressions and neural networks based on

algorithms) have been adopted. MAPE is used as a calculation to predict the

accuracy of these various statistical models, through comparison and to improve
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the public lighting system in an urban road environment. Regarding the applied

training technique, the MAPE data was split into two sets of data: train 75%

(about 4800 records) and test 25% (about 1600 records). The study was tested

for 12 months in a local street named Strinella, in L’Aquila, Italy (Marino et al.,

2017). The model accuracy improvement might likely require to both incorporate

more sophisticated statistical models and to train the data over a longer period.

5.2.4. Intersections

To predict pedestrian fatalities at an intersection the negative binomial regression

model,

NPed = exp(β1ADT + β2PedV ol + β3X3 + ....+ βnXn) (5.6)

Source: (Torbic et al., 2010)

where β0toβn are the coefficients to be estimated, NPed is the expected number of

pedestrian crashes, ADT is the average daily traffic (i.e., vehicular volume), PedVol

is the average daily pedestrian volume, and X3, Xn are other site characteristics, as

proportion of the total volume that is left turn, number of lanes, speed limit, presence

or absence of a crosswalk, and presence or absence of a median. Therefore, through

the results of this model, information on the island refuge could also be obtained.

However, on account of low pedestrian road-crash frequency, a large sample of sites

with many years of data is needed. Lyon and Persaud (2002), applied the model in

122 intersections in the three-leg intersections and compiled 11 years of data at the

locations. Torbic et al. (2010) collected data from 2,000 locations.
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5.2.5. Roundabouts

To predict pedestrian fatalities at a roundabout a regression model,

C = (4.56Peds+ 2.00V PH − 3.00Dist).10-4 (5.7)

Source: (Stone et al., 2002)

Where C is the predicted annual pedestrian-vehicle crashes, Peds is the pedestrian

flow on one leg of the intersection in the peak hour, VPH is the conflicting vehicle

flow in the peak hour, Dist is the maximum street crossing distance. On the latter,

the first three factors showed the highest correlation to pedestrian road-crash. This

model has been tested at the Hillsborough-Horne intersection, in Raleigh, USA.

Nevertheless, the scarcity of pedestrian road-crash data at roundabouts has been

considered critical. Therefore, alternating approaches to assess pedestrian safety at

roundabouts as among others, carrying out case study analysis, statistical analysis,

and simulation analysis has been previously suggested (Stone et al., 2002; Cahill et

al., 2010).

5.2.6. Pedestrian Facilities: Zebra

To predict pedestrian road-crash at zebra crossing the ordered binary logit model,

U i = ai+ βi1X1 + βi2X2 + βi3X3 + βi4X4 + ....+ βinXn (5.8)

Source: (Al Bargi and Daniel, 2020)

Wherein Ui is the utility of choosing alternative facilities, i is the alternative (i.e.,
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use/not use); n is the number of independent variables, a is a constant, b are the

coefficients. The probability of choosing alternative i,

P (i) =
1

1 + exp(Ui)
(5.9)

Source:(Al Bargi and Daniel, 2020)

The utility of alternative i must be transformed into a probability in order to

predict whether a particular alternative will be chosen or not. The findings of the

experiment indicated that the option of using the pedestrian crossings was influenced

by more than one variable (Al Bargi and Daniel, 2020). However, interestingly none

of the identified ones were related to the design of the road infrastructure.

5.2.7. Pedestrian facilities: Present vs. Absent

According to iRAP (2015), the Number of Predicted Accidents per year (PNAY),

ENAY × CMF = PNAY (5.10)

Wherein ENAY is the number of accidents experienced per year, CMF are the

crash modification factors (i.e., pedestrian crossing a road in an urban road envi-

ronment with no facility), PNAY is the predicted number of accidents per year.

Assuming that,

i. ENAY is equal to 200 and CMF is equal to 6.7 (i.e., no facility), then PNAY is

equal to 1340.
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ii. ENAY is equal to 200, and CMF is equal to 0.4 (i.e., grade separated facility),

then PNAY is equal to 80.

The result of the first calculation indicates that as result of not implementing the

countermeasure (i.e., no pedestrian facility), 1340 accidents a year are predicted.

By contrast, the second calculation indicates that because of implementing a coun-

termeasure (i.e., grade separated facility), 80 accidents a year are predicted (iRAP,

2015; Turner et al., 2017).

5.2.8. Knowledge Discovery: Road Infrastructure

Table 5.1 illustrates a summary of the examined road infrastructure predictive mod-

els.

Table 5.1.: Road infrastructure predictive models summary

Infrastructure ReferencesPredictive Models Description
Road Environment

Weather (Yannis and Karlaftis, 2010)
Integer autoregressive model: see 5.2.1

Speed Limits (Nilson 2004; Nilson 2010)
Mathematical chain ratio see: 5.2.2

Lighting (Marino et al., 2017)
MAPE see: 5.2.3

Road Infrastructure

Intersection (Zegeer et al., 2020)
Negative Binomial Regression see: 5.2.4

Roundabouts (Stone et al., 2002)
Regression see: 5.2.5

Zebra (Al Bargi and Daniel, 2020)
Ordered binary logit see: 5.2.6

Pedestrian Facilities: present vs. absent (Turner et al., 2009)
CMF see: 5.2.7
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Table 5.1 summary shows that predictive models for the pelican, footbridge and

private property were not found. Regarding the key issues on the integer autore-

gressive model and ordered binary logit, these are restricted to the number of the

variables. To improve the accuracy of these models, an enhanced approach includ-

ing additional or more relevant variables was suggested (Yannis and Karlaftis, 2010;

Al Bargi and Daniel, 2020). About the mathematical chain ratio demonstrated

limitations in presenting images in three dimensions. A crucial issue is human inter-

vention, as it can lead to increasing errors (e.g., misspelling) (Nilsson, 2010). Both

the MAPE and Regression models are limited to the location of experimentation.

To increase reliability in different regions, the adoption of these methods as com-

plementary might be appropriate. (Stone et al., 2002; Cahill et al., 2010; Marino

et al., 2017). With respect to the negative binomial regression, none of the iden-

tified variables were related to the design of the road infrastructure. In addition,

large sample of sites with many years of data are required (Lyon and Persaud, 2002;

Torbic et al., 2010). Turning into ML method applied in this research, similar to

the approach presented in Section 4.2.6, a singular predictive modelling approach

to extract combined knowledge from road environment infrastructure is as follows:

• Case studies on weather whether, speed limits, lighting, intersections and

pedestrian physical facilities.

• Descriptive modelling applied on the road environment and road infrastructure

characteristics (DfT, 2018, KNIME, 2021).

• Validation of findings with expert opinion.

Subsequently, the description of patterns regarding undiscovered road attributes

influencing pedestrian safety will be presented. This exercise is demonstrated as a

prototype in Chapters 8 and 9.
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5.3. Observations

The results in this chapter recognises road elements as significant influential factors

to improve pedestrian safety (iRAP, 2021; Stigson et al., 2009) [see Section 2.4].

Therefore, looking to a few environmental and infrastructural features to identify

the most relevant road elements affecting pedestrian safety is crucial. Similar to

Chapter 4, the findings from the explored environmental (i.e., weather, speed limits,

lighting), infrastructural factors (i.e., road intersections, pedestrian physical facili-

ties) and also the predictive models, identified various limitations (e.g., restricted to

the number of variables, variables unrelated with the design of the road) [see Chapter

5]. With respect to road environment, in terms of weather, the implementation of

physical facilities lacks accounting the weather influence (e.g., rainfall) [see Section

2.4.2]. Regarding speed limits, variable speed limits and traffic calming treatments

(e.g., gates, raised intersections, raised crosswalks) reduces pedestrian road-crashes

[see Section 2.4.3]. On lighting, higher illuminance increases the probability of de-

tecting obstacles, reassures the pedestrians cognitive judgements. Turning now to

the road infrastructure, the results indicated the presence of pedestrian facilities as a

primary factor to reduce pedestrian road-crashes [see Section 2.4.4]. However, unfor-

tunately on some of the pedestrian physical facilities such as the pelican, footbridge

and private property, predictive models were not found. The advantage of adopting

ML in this study is for its ability to explore the unforeseen links between human,

environmental and infrastructural attributes on a singular analysis. Moreover, for

the pedestrian physical facilities where no predictive models have been deployed

to date, these can also be included in the analysis. This will be demonstrated in

Section 8.3. However, similar to previously deployed pedestrian predictive models

confirmed to have some limitations: high dependency on historical data, and selec-

tion of relevant variables (Papadimitriou et al., 2019) [see Sections 2.3.1, 2.6, 4.2.6

and 5.1.1]. Regarding data reliability and model validity, the incorporation of pre-
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dictive methods can likely face challenges (e.g., accuracy, and expiry date, specified

location) (Cahill, 2010; Zangenehpour et al., 2015). Moreover, a shortcoming of the

investigated methods is the level of uncertainty on the applicability, and scalability

to other regions, owing to lack of data quality (e.g., data discrepancies). Further-

more, it has been thought that the validity of the investigated models could have

offered a more comprehensive exploratory approach. This is because more reliable

results might be obtained through combining qualitative (e.g., case studies) and

quantitative research (e.g., surveys on road surface condition, pedestrian facilities).

Subsequently, more convincing conclusions could have been drawn [see Section 2.4.5].

Therefore, in this study a comparison between findings of the predictive modelling

and qualitative studies was carried out (Bungum et al., 2005; Oxley et al., 2005;

Earl et al. 2018; Nemire et al., 2016; Jagnoor, 2020) [see Section 2.6]. Nevertheless,

this chapter is limited to road elements that affect pedestrian safety (Hatfield and

Murphy, 2007; Twisk et al., 2015) [see Section 2.3]. The next chapter will present a

predictive modelling approach, which combines data regarding pedestrian attributes

and road elements to examine pedestrian road-crash casualties.
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6. The Analysis Process: Data

Exploration

6.1. Introduction

This chapter introduces a systematic approach to investigating the applicability of

predictive models on actual road data. The proposal delineates the significance

of ML data analysis for discovering new knowledge using a datamining tool called

KNIME. This tool enables the integration of various components including ML al-

gorithms, for data examination. Additionally, it enables performing verification and

validation techniques. The objective of this data analysis is to demonstrate the

existing advantages of the adopted method which integrates data from STATS19

about pedestrian attributes and road elements, respectively expanded in Chapters

4 and 5 (DfT, 2017). The data analysis was deployed to explore previously undis-

covered patterns or links affecting pedestrian safety [see Section 2.4]. This chapter

is organised in five main sections. Section 6.1 shows the overall structure of the

chapter. Section 6.2 details the data process analysis which entails the following

two items:

i. The definition of road features from STATS19.
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ii. The association,filtering and verification of road data using KNIME.

Section 6.3 presents the data model overview and clarifies its selection and assess-

ment procedures. Section 6.4 presents a typical examination of actual road data

from STATS19 using KNIME. Section 6.5 discusses the findings.

6.1.1. Overall Approach

Recent evidence indicates that lack of harmonised data sources, may be a critical

aspect interfering with the ability of predictive models to conclude more realistic

results (Deb et al., 2017, Assi et al., 2020). The importance and originality of

this study lies in its exploratory and interpretative nature, as the adopted ML

method consists of exploring STATS19 data regarding pedestrian attributes and

road elements. Additionally, prior to selecting the most relevant ML data algorithm,

the analysis follows a pre-defined data exploration procedure, including assessment

and validation. Its applicability will be demonstrated in Chapter 8.
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6.2. Data Exploration: Road-Crash Casualty in GB

As regards the data examination, the description of the road attributes provides a

basis for defining features from STATS19 and transferring these to KNIME. More-

over, the data association allows for linking the transferred features to KNIME and

converting them into a single dataset format. In this study, a spatial analysis us-

ing ML and a temporal analysis using traditional methods were carried out [see

Chapters 8, 10 and Section 3.2.2]. The proposed process to explore GB pedestrian

road-crash casualty data, is displayed in Figure 6.1.

Figure 6.1.: Road-crash data exploration process

Figure 6.1 illustrates the process of exploring data divided into 4 main stages:

attributes description, data association, data filtering, data verification (KNIME,

2021). The data has been curated (i.e., filtered and cleansed) using the com-

putational database KNIME [see Section 3.3.2]. In this process, seven attributes

(i.e., variables considered useful for the analysis) were gathered. Moreover, to im-

prove data quality, the data filtering process discards both undesired variables (e.g.,

vehicle_reference) and their respective undesired content (e.g., gender: unknown,
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-1). Also, there are a number of discarded attributes from the STATS19 form (e.g.,

Pedestrian Crossing – Physical facilities: -1, 3, 6) (Appendix 11.9). Furthermore,

a data verification technique was applied. It is important to highlight that the de-

veloped model has been broadened to select the most relevant ML algorithm for

the data under study. A number of existing ML algorithms are further described in

Chapter 7.

6.2.1. Road Data Attributes: STATS19, KNIME

KNIME is written in Java and based on Eclipse and is compatible with being exe-

cuted on other software languages such as Java, Python, R, and Ruby. Additionally,

it supports an incremental compiler to provide additional functionalities, as follows:

Native connectors: SQLite, MS-Access, SQL Server, MySQL, Oracle, PostgreSQL,

and Vertica and H2.

Data Transformation: Filter, Converter, Splitter, Combiner, Joiner, and ROC.

Data Configuration: Add, and Remove.

Visualisation: Report Designer, .svg, and .png.

Import/Export: .doc, .ppt, .xls, .pdf, .svg, and .epf.
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Figure 6.2 illustrates the procedure for the transfer of road data from STATS19

to KNIME.

(a) Variables of the road at-
tributes (b) Road data attributes content

Figure 6.2.: STATS19 data from road attributes (KNIME, 2021)

Figure 6.2 shows the analysed road attributes from STATS19 as follows (DfT,

2017) [see Chapter 2]:

i. Pedestrian general attributes (i.e., gender, age group).

ii. Road environment (i.e., weather, speed limits, lighting).

iii. Road infrastructure (i.e., road type, pedestrian physical facilities).

Regarding the data features, these were first extracted from STATS19 using acci-
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dents and casualties. The selected road data was defined by dependent and indepen-

dent variables. The dependent variables concerned the total pedestrian road-crash

casualties, whereas the independent variables regarded attributes such as pedestrian

profile, road environment, and road infrastructure. Figure 6.2a presents the depen-

dent variables that resulted from combining STATS19 information from both the

accidents file, and the casualties file. These variables are the metadata summarising

road-crash information to ease the track when working with specific attributes (e.g.,

age, gender) [see Section 3.3.2]. The content of the variables presented in Figure

6.2b can be either numeric (e.g., integer, double) or nominal (e.g., string). This

regards information from the metadata age (e.g., 17 years old), and gender (e.g., 2 -

female). Furthermore, based on a set of possibilities, the type of the road attributes

was pre-specified (e.g., integer) and named per category (e.g., year: 2017). In this

study, a combination of numeric and nominal attributes is presented as names or

labels. The data association process used in KNIME will be described in the next

section. In terms of pedestrian physical facilities, as a central road element in this

study, the following types were further described: zebra, pelican, central refuge,

footbridge or subway, private driveway [see Chapters 2, and 5].
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6.2.2. Data Association - KNIME

Figure 6.3 illustrates the data association procedure with KNIME.

Figure 6.3.: Data association (KNIME, 2021)

Figure 6.3 shows the data association process to merge two separated files using

distinct information (i.e., accidents and casualties) into a single format through a

common AccidentID (i.e., Accident_Index). It exemplifies the spatial data exami-

nation accordingly, referring to the total number of accidents: File Reader Accidents

2017 (i.e., fatal and non-fatal) and to the total number of accidents resulting in fa-

talities: File Reader Casualties 2017 (i.e., fatal) (DfT, 2017; KNIME, 2021). The

same approach applies to the data examined in two distinct regions: London and

GB. This is later presented in Chapter 8.
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6.3. Data Algorithm Description

Figure 10.1 displays the set-out stages to select the ML data algorithm.

Figure 6.4.: ML data-learning algorithm procedure

Figure 10.1 illustrates the three steps carried out to deploy the ML data algorithm:

selection, assessment, and new rules validation (KNIME, 2021) [see Section 3.3.2].

The first step regarded selecting the ML data algorithm (e.g., Decision-Tree, FCM).

The second one reflected assessing the ML data algorithm based on a set of metrics

of each of the selected models. The third step introduced new rules to assess the

model accuracy when using actual road data from STATS19 (DfT, 2017).
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6.3.1. Data Algorithm Selection

Various approaches have proven the suitability of the ML predictive algorithms to

examine pedestrian road-crash data. However, a crucial challenge lays on identifying

the most relevant and applicable ML algorithms for the data under examination.

Figure 6.5, illustrates a general overview of previously adopted ML algorithms on

pedestrian safety. Some of these algorithms will be later on further explored in

Chapter 7.

Figure 6.5.: ML predictive algorithms overview

Figure 6.5 presents a general overview of existing ML algorithms. Section 6.4

describes a traditional statistical data analysis using actual road data from STATS19

with KNIME. Chapter 8 presents the ML data analysis by applying the selected ML

algorithm on actual road data from STATS19 with KNIME.
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6.3.2. ML Data Algorithm Assessment: Quality Settings

To improve the quality of the findings when using data, on each of the selected

ML algorithms two types of verification metrics were applied: Spearman’s rho and

Receiver Operating Characteristic (ROC). Whereas Pearsons’ correlation is linear

between two variables and when a change in one variable is associated with a propor-

tional change in the other variable, the Spearman’s rho correlation is a monotonic

relationship between two variables (e.g., continuous, ordinal), where these tend to

change together but not necessarily at a constant rate (De Winter et al., 2016).

Spearman rho was used as a ranking method to assess correlations between the data

attributes (e.g., road type vs. road surface condition) (Sarraf and McGuire, 2020).

Generally, the accuracy metric is used to measure performance and quality of the

algorithms (Silva et al., 2020; Abdar et al., 2021; Maryam et al., 2023). In this

study, the ROC metric was used since it is more adequate to unevenly distributed

data (Kwon et al., 2015; Silva et al., 2020). The ROC was adopted to assess the

model in terms of its performance suitability and sensitivity response to the data

under study [see Section 3.2].

Spearman’s rho

The Spearman’s rho enables to rank the correlation between two different variables.

The statistical calculation given by,

P (i) = 1− 6
∑

d
2
i

n(n2 − 1
(6.1)

Source: (Corder et al., 2014)
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Where ρ is the Spearman’s rank correlation coefficient, di is the difference between

the two ranks of each observation and n is equal to the number of observations.

The Spearman’s rho ranking method was used to assess correlation between the

data attributes (e.g., road type vs. road surface condition). Figure 6.6 shows the

Spearman’s rho technique ranking results when using KNIME.

Figure 6.6.: Spearman’s rho (KNIME, 2021)

As can be seen in Figure 6.6, the Spearman’s rho technique enables scoring every

value of two nominal variables (e.g., pedestrian gender vs. pedestrian location).

From analysing co-relational scores on road attributes between the junction control

(e.g., automatic traffic signal, stop sign) and the junction detail (e.g., staggered

junction, roundabout), the highest score peaked 0.902 (i.e., positive coefficient). By

contrast, the lowest score reached -0,587 (i.e., negative coefficient). This resulted

from contrasting pedestrian crossing facilities (e.g., zebra, pelican) and the pedes-

trian location (e.g., crossing on pedestrian facility in a carriageway, island refuge).

The results indicate the automatic traffic signal at a staggered junction as highly

compatible to examine pedestrian road-crashes. In contrast, the results suggest

correlations between the pelican and the island refuge as least compatible to to ex-
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amine pedestrian road-crashes. Figure 6.8 details information on the Spearmans’ rho

curvature, by are contrasting the pedestrian physical facilities with the pedestrian

location.
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Moreover, after applying the Spearmans’ rho, Figure 6.8 illustrates a contrast of

two possible results (i.e., increase vs. decrease).

(a) Junction control vs.
Junction detail

(b) Pedestrian facilities vs.
Pedestrian location

Figure 6.8.: Spearman’s rho curve: increase vs. decrease

The Spearmans’ rho curve represented in Figure 6.8 increases in magnitude as

the variables x (i.e., coefficients between -0.4 to 1.0) and y (i.e., coefficients between

-0.4 to 1.0) become closer to being perfect monotone functions of each other. For

example, a correlation type 1, occurs when the two variables are monotonically

related. Even when their relation is non linear, i.e., nonparametric. When the

two variables are perfectly monotonically related, the Spearmans’ rho correlation

coefficient becomes 1. Also, the closer the variables x and y are to each other, the

more definitive data points appears [see Figure 6.8a]. On the other hand, in Figure

6.8b a correlation type 0 indicates no tendency for y to neither increase or decrease

when x increases, here the data mostly appears roughly elliptically distributed.
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Receiver Operating Characteristic(ROC)

Figure 6.9 illustrates the ROC curve.

Figure 6.9.: ROC curve (KNIME, 2021)

An illustration of the ROC curve in Figure 6.9 is presented with a graphical plot.

As a rule, it uses a random classifier which is the straight line from the origin (0.0,

0.0) to the top right corner (1.0, 1.0) presented diagram the black diagonal line (x,

y) described as a random line. In general, a line that score between 0.5 and 1 (where

1 is the worse score and 0.5 indicates the algorithm is as good as the base model).

On the other hand, for a line scoring below 0.5, it means the model performance

best than the the base model (i.e., random classifier), which means being of no use.

Moreover, the greater the area under the curve (i.e., x <0.5), the better the model

sensitivity response. The ROC metric classifies real and probability attributes. Real

attributes are classified as all possible values. The probability attributes classify the

probabilities of real records. To create a ROC metric the attributes are sorted first by

their class of probability, after for the positive class (i.e., rows sorted to front). Then,

the sorted rows are checked to confirm if the real attributes belong to the positive
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class. Ideally, all positive results have a line going up to 1.0 on the true positive rate

first. The results from the selected ML algorithm, score the highest on the urban

or rural region (i.e., 0.698) and the least to identify the police presence where the

accident occurred (i.e., 0.414). This means that with the selected ML algorithm,

the ROC curve shows the least suitability to describe road-crash by region. On the

other hand, it shows the best suitability to describe the police presence/absence in a

road-crash. To diagnose the ML algorithm response sensitivity, the dataset from the

descriptor and the predictor sub-modes can only be tested separately. Therefore,

multiple ROC curves were applied to verify several scenarios for both sub-modes.

6.3.3. Data Correlation: New Rules Validation

The new rules are proposed to verify the ML algorithm applicability into the road

dataset of this study considering the following parameters:

i. ML algorithm demonstrator: statistics 100%, descriptor 50%, predictor 50%.

ii. ML algorithm prototype: statistics 100%, descriptor 80%.

To assess the ML algorithm suitability when applied into the actual data from

two distinct locations, the ML algorithm verification demonstrator will explore road

data from GB, and London. Additionally, the ML algorithm prototype will verify

the applicability on the overall GB road data. This will be later demonstrated in

Chapter 8.
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6.4. ML Data Analysis Advantages

6.4.1. Data Analysis Overview: GB

According to the STATS19 database, in 2017, in total 470 pedestrian road-crash

fatality records were reported to the police (DfT, 2017). To assess road-crash ca-

sualties, KNIME explored actual data on pedestrian general attributes and road

elements. As regards pedestrian general attributes, Figure 6.10 summarises the

findings by gender.
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Figure 6.10.: Pedestrian road-crash by gender

The pedestrian attributes by gender in Figure 6.10, shows that males (67%) are

nearly twice as much at risk than females (34%).
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Figure 6.11, presents the findings by age group1.
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Figure 6.11.: Pedestrian road crashes by age group

As regards pedestrian attributes by age group, the elderly scored the highest

(37.1%) followed by adults (34%). Interestingly, the NRA scored marking rates

(25.3%). Additionally, a standalone dataset which is displayed below in Table 6.1

was also analysed.

1Children (0-14); Young adolescents (YA) (15-24); Adults (25-64), Elderly (65+); Non recorded
ages (NRA)
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Table 6.1.: Pedestrian road-crash: Standalone dataset

805 Dangerous action in carriageway (e.g., playing)
808 Careless, reckless or in a hurry
810 Disability or illness, mental or physical
803 Failed to judge vehicle’s path or speed
802 Failed to look properly
806 Impaired by alcohol
807 Impaired by drugs (illicit or medicinal)
809 Pedestrian wearing dark clothing at night
804 Wrong use of pedestrian crossing facility

As shown in Table 6.1, pedestrian general attributes are not quantified. This

may be due to data shortage. Still, the system proposes a hierarchic ranking. This

was the case since Dangerous action in carriageway was ranked as first by KN-

IME using Spearman’s rho [see Section 6.3.2]. Previous research also confirms most

road-crashes when pedestrians are randomly crossing the road. Moreover, Careless,

reckless or in a hurry was ranked second. This can be interpreted as a significant

point of unpredictability (e.g., distraction), which has been identified as another

main reason to road-crashes (STATS19) [see Chapters 2 and 4].
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Turning to the road environment, Figure 6.12 illustrates the findings by weather2.
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Figure 6.12.: Road-crashes by weather

Figure 6.12 shows the pedestrians at risk with remarkable rates when the weather

is dry (i.e., 84.3 %), followed by when is raining (i.e., 8.26%).

2Fine-high winds (FHW); Fine-no winds (FNW); Fog or mist (FM); Other (O); Raining-high
winds (RHW); Raining-no winds (RNW); Snowing-high winds (SHW); Snowing-no winds
(SNW); Unknown(U)
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Figure 6.13 shares the findings by speed limits3.
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Figure 6.13.: Road-crashes by speed limits

Figure 6.13 presents that the pedestrians at risk up to 68% for permanent speed

limits set at 30 mph (ca. 48.28km/h), respectively followed by 60 mph (ca. 96.56

km/h) with 8.61%, 40 mph (ca. 64.37 km/h) with 6.85% and 70 mph (ca. 112.65

km/h) with 5.6%.

31-20 mph, 21-30 mph, 31-40 mph, 41-50 mph, 51-60 mph, 61-70 mph, Motorway(M)
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Figure 6.14 illustrates the findings by lighting condition4.
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Figure 6.14.: Road-crashes by lighting condition

Regarding lighting, in Figure 6.14 data show the pedestrians at a higher risk

(52.5%) during the day, followed by at night with light (30.6%), and at night without

light (18.28%).

4Daylight (D); Dark no lighting (DNL); Dark unlit (DU); Dark lit (DL);Dark light unknown
(DLU)
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With regard to the road infrastructure influence on pedestrians, Figure 6.15 sum-

marises the findings by road type5.
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Figure 6.15.: Road-crash by road type

As can be seen in Figure 6.15, the pedestrians were at the highest risk when

there were no physical facilities available, at no junction within 20 meters (53%),

followed by when the pedestrians were located at a staggered junction (26.4%), and

afterwards followed when the pedestrians were located at crossroads (9.97%).

5No Junction (NJ); T staggered (TS); Roundabouts (R); Mini-roundabouts(MR); Slip road (SL);
Cross roads (CR); Private drive (PD) 7Multiple Junction (MJ); Other Junction (OJ)
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Figure 6.16 presents the findings by the type of pedestrian physical facilities 6.
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Figure 6.16.: Road-crash by pedestrian physical facilities

As per Figure 6.16, the absence of pedestrian physical facilities is significantly

risky (68%), followed by the pelican (14%), and the Pedestrian Phase (8.44%).
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6.4.2. Data verification Correlations

Regarding the spatial analysis carried out in 2017, GB, in total 470 pedestrian road-

crash fatalities were analysed [see Section 3.2.2]. This number replicated respectively

376 (i.e., 80%) of trained data and 94 (i.e., 20%) of tested data. Interestingly, by

contrast the standalone source in Table 6.1, traced in total 510 pedestrian road-

crash fatality records. Subsequently, the data verification of this dataset (i.e., 80%

vs. 20%) resulted in 408 of training in 102 of test data. One vital issue here is

the difference between the two data sources by 40 records. This could happen due

to, human intervention, and lacking on consistent database features or even on a

standardisation on the data gathering procedure. Subsequently, similar to Section

3.3.3, when formulating conclusions, it could lead to question the validity of the

undertaken analysis.

6.4.3. Lessons Learnt

For 2017, GB pedestrian road-crash data show that the results varied. Moreover,

the analysis does not clarify reasons causing this variation. Nevertheless, the evi-

dence from this section incite a number of scenarios wherein a pedestrian road-crash

casualty could likely happen. The explored method included investigating its ap-

plicability (e.g., assessment, verification) by using complex rules as a performance

measure [see Sections 6.2 and 6.3]. As a result, on the question of pedestrian general

attributes, the male remains nearly twice as much exposed to pedestrian road-crashes

than the female. Also, the elderly scored the next highest rates. Moreover, the non-

recorded age scored significantly noticeable rates. These findings were unexpected.

This because, when it comes to age-related accidents, the data analysis might dis-

qualify. Thus, in the event of an accident, it is recommended undertaking more
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proactive measures towards age tracking. With respect to the road environment,

road-crashes are mostly noticed with dry weather and with permanent speed limits

above 30 mph. Additionally, as regards lighting pedestrian road crashes mostly oc-

curred during the day followed by with street light present and lit. Concerning the

road infrastructure, the absence of physical facilities, especially pedestrian physical

facilities were identified as a key influential factor on road-crashes. Taken together,

these provide with relevant new insights. A prototype of this method will be demon-

strated in Chapter 8. However, the deployed system indicated two major drawbacks:

data inconsistency, lack of relational information. The lack of data consistency re-

stricts its applicability. Lacking relational information between road attributes, as

for examples describing road-crashes influenced by street light condition and pedes-

trian physical facilities as the pelican, might limit the interest of the method to

explore undiscovered knowledge. Therefore, improving both the assessment (e.g.,

road data, ML algorithms) and the data quality consistency creating standardised

databases (e.g., GB vs. UK) and quality checks may quite likely apply (Bushema

et al., 2013; Jagnoor, 2020).

6.5. Observations

As the undertaken analysis validates its applicability based on the capability of

KNIME, and also the data under study, this chapter indicates data quality as key [see

Section 6.4.1]. Moreover, the model may be affected from the noisy input data (e.g.,

misspelling errors, data discrepancies). Subsequently, reducing its reliability when

providing results. To mitigate this issue, it is important to consistently quantify the

accuracy of the system [see Section 6.3.2]. Nevertheless, KNIME demonstrated its

potential to provide objective information. Moreover, the adopted procedure merged

data from three distinct contributory factors to pedestrian road-crash, which to date
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fewer studies dealt with [see Chapter 2]. However, this analysis did not clearly point

to other causes affecting pedestrian safety. Moreover, the scope of this study was

limited explore the current features of the adopted ML algorithm. Nevertheless, as

future work expanding the number and quality of ML algorithms can support the

constitution of a standard or a specification (Nashad et al., 2016; Wang et al., 2019).

This will be later demonstrated in Chapters 8 and 9.
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7. Data Learning Algorithms

7.1. Introduction

This chapter investigates predictive analysis by exploring different ML algorithms

previously adopted to improve pedestrian safety. The ML algorithms can best be

treated under two main headings: supervised-learning, and unsupervised-learning.

Moreover, eligibility criteria to reveal undiscovered patterns, required investigat-

ing the impact regarding pedestrian attributes and road elements [see Chapters 4,

5]. The chapter is organised in four main sections. Section 7.1 shows the overall

structure of the chapter. Section 7.2 explores discovered knowledge from the ML

algorithms both conceptually and in the form of case studies. Section 7.3 explores

supervised and unsupervised predictive ML algorithms applied to road data. Section

7.4 discusses the findings.

7.1.1. Overall Approach

Although the applicability of predictive ML algorithms have improved pedestrian

safety, a systematic approach on how predictive ML algorithms can contribute is

still needed [see Chapter 2]. This chapter explores datamining applied to diverse
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sets of road data to extract knowledge from predictive ML algorithms. It in-

cludes both supervised-learning (Breiman et al.,1984; Zhang, 2019; Premebida et

al., 2009; Griselda and Joaquín, 2012; Hariyono and Jo, 2017; Soilán et al., 2018)

and unsupervised-learning (Yong et al., 2004; Gosh et al., 2013; Shirkhorshidi et al.,

2015; Gu et al., 2017). This is to enhance the implementation of relevant pedestrian

safety measures in an urban road environment. One known shortcoming of predic-

tive ML algorithms, their limited capabilities to be transfered to different geographic

regions (Serna et al., 2014; Soilán et al., 2018). Another drawback is measuring a

reliable accuracy when estimating uncertainty (Abdar et al., 2023; Maryam et al.,

2023; Uddin et al., 2023). Nevertheless, studies addressing this challenge have been

recently advanced (Gutierrez-Osorio and Pedraza, 2020). Therefore, in addition to

conducting further research work, more sophisticated algorithms and techniques for

data learning have been previously proposed (Jaber and Rehman, 2020).

7.2. Predictive ML Algorithms

Previous studies have demonstrated various advantages from adopting predictive

ML algorithms to explore pedestrian safety elements such as pedestrian general at-

tributes (e.g., gender, age group), the road environment (e.g., weather, speed limits,

lighting) and the road infrastructure (e.g., road type, pedestrian facilities) [see Sec-

tions 2.2.1, 2.2.3, 2.2.4]. Moreover, when compared with traditional data analysis,

predictive ML algorithms have proven to provide pedestrian safety recommenda-

tions, more objectively [see Section 2.2.3, Chapter 6]. Figure 7.1 illustrates the two

main groups of predictive ML algorithms further explored: supervised vs. unsuper-

vised.
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Figure 7.1.: ML algorithms: supervised vs. unsupervised

As per Figure 7.1 supervised-learning classifies road attributes (e.g., gender, age

group) and analyses the content of these variables [see Sections 2.5.1, 6.2]. However,

typically this type of algorithm demonstrates high dependency on historical events

(Burges, 1998; Soilán et al., 2018). In the case of unsupervised-learning algorithms,

each road attribute (e.g., gender, age group) corresponds to a cluster that is inter-

preted according to the combined categories of the most relevant factors (e.g., age

group, fatal road-crash = cluster 1, cluster 2, cluster 3) (Ballesteros et al., 2004;

Kim et al., 2008; Prato et al., 2012) [see Section 2.5.2]. The advantage here lays on

its ability to delineate data patterns independently both with a lower dependency

on past data as well as on the number of examined variables (Cottrell and Rousset

1997; Prato et al., 2012; Li et al., 2021). The "Naive Bayes" and “Decision-Tree

represented in Figure 6.5, are the supervised predictive ML algorithms explained.
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7.2.1. Naive Bayes

Naive Bayes incorporates a family of algorithms based only on a common principle

of Bayes classifiers (Silva et al., 2020). The technique uses models that assign class

labels, which are variables represented as vectors of feature values that are connected

to road elements such as pedestrians and weather. The class labels are drawn from

some finite set (Zhang, 2019; Premebida et al., 2009). For example, a pedestrian

may be considered classified as a category: gender (e.g., female), age group (e.g.,

5-25 years old), height (e.g., 1.65 m). A Naive Bayes classifier, considers each

of these features to independently contribute to the probability of determining the

pedestrian gender, regardless of any possible correlations between the other variables

(e.g., age group, height). One key disadvantage could be the overall accuracy of the

algorithms affected by the analysed variables and their associated content (Hariyono

and Jo, 2017). To become more accurate on predicting pedestrian general attributes

and render Naive Bayes algorithms, the extension of basic motion types and the

incorporation of scenes while reducing dependency from historical data, have been

previously proposed (Hariyono and Jo, 2017; Soilán et al., 2018) [see Section 2.5.1].

7.2.2. Decision Tree

Decision tree learning is a method commonly used in datamining (Wu et al., 2008).

Decision tree builds regression or classification models in the form of a tree structure.

Regression Decision Tree

Regression Decision Tree (RDT) is where the result can be considered a real number.

Classification and Regression Tree (CART) modelling was developed by Breiman et
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al. (1984), and it is technically known as binary recursive partitioning. As a binary

decision tree the parent nodes are always split into exactly two child nodes: 0, and

1. This is recursive because the process can be repeated by treating each child node

as a parent (Tesema et al., 2005) [see Section 2.5.1]. A few advantages identified

from CART models are (Tesema et al., 2005; Li et al., 2020):

i. Easy interpretation of the complex patterns associated with fatality severity.

ii. No requirements for a presumed relationship between the classified attributes

(e.g., gender, weather).

iii. Automatic detection of interactions between the attributes through the structure

of the tree.

Modelling procedures in the CART: tree building, tree pruning and optimal tree

selection (Breiman et al.,1984; Griselda and Joaquín, 2012; Wu et al., 2019). Even

though CART methods have successfully validated to model and analyse injury

severity (Prato et al., 2010; Griselda and Joaquín, 2012), capturing relevant data to

improve accuracy remains an issue (Tesema et al., 2005; Li et al., 2020).

Classification Decision Tree

With respect to Classification Decision Tree (CDT), when a dependent variable

is discrete, a classification tree is created [see Sections 2.5, 3.3.3]. The CDT it

distinguishes from Classification and Regression Tree (CART) for projecting events

from data variables belonging to a class, hierarchically. A study conducted by Serna

et al. (2014) used data from two cities: Ohio, USA, and Paris, France. The study

was about an automatic and robust CDT approach to detect, segment (i.e., isolated

as a single object) and to classify variables from urban road objects belonging to 3D
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point clouds. In Ohio, the CTD results detected 98% of the objects, segmented 78%

and of the adequately segmented objects, classified 82%. On the other hand, the

object segmentation in Paris experienced a 15% improvement. Thereby, providing

the applicability of CDT modelling (Wu et al., 2008; Serna and Marcotegui, 2014).

However, occluded regions, which in 3D means a regions that visible from one side

and not visible from the other side, indicated to affect the accuracy of the model

from detecting obstacles in real time, and from predicting obstacles ahead in time

(e.g., under-segmentation and over-segmentation) (Serna et al., 2014) [see Section

2.5.1]. Turning now to unsupervised ML algorithms, the K-Means Clustering, and

the Fuzzy-Clustering-Means (FCM) shown in Figure 6.5 are described next.

7.2.3. K-means Clustering

K-means clustering groups are several observations with common characteristics

(e.g., pedestrian behaviour, pedestrian physical facilities) where each observation

(e.g., pedestrian gender, zebra) belongs to the cluster with the nearest mean (i.e.,

cluster centroid) representing the prototype of the cluster (Mohamed et al., 2013).

A study conducted between 2002 and 2006, regarded classifying two unique datasets

based on pedestrian injury severity. The datasets were categorised into two regions:

New York City, USA, and Montreal, Canada. The analysis covered investigating,

the pedestrians, the vehicles, and the physical road infrastructure (e.g., geometric

design). The findings suggest reducing the exposure of pedestrians to heavy vehicles

in a road environment, by for example adding warning signs for the pedestrians in

areas with high truck traffic (Aziz et al., 2013). A critical disadvantage is the chal-

lenge of relating severity models which generally developed separately. In addition

to that, it is important to account that even among individuals in the same age

group, the level pedestrian injuries may differ (Milton et al., 2008). To assist this
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limitation, the deployment of a latent segmentation modelling has been previously

proposed (Eluru et al., 2012). According to Bhat et al. (1997), the latent segmen-

tation is based on the order logit distribution and classifies a very high probability

as “low risk” and a very low probability as “high risk”. Another issue found, was to

identify suitable metrics for variables (i.e., datasets) for a particular location when

deploying distance-based clustering algorithms. This is because, clustering variables

with similar values either in the same or distant clusters, can cause confusion when

attempting to connect similar variables. For these cases, limiting the number of

datasets (e.g., locations under analysis) have been proposed (Shirkhorshidi et al.,

2015).

7.2.4. Fuzzy C-Means

Bezdek (1981) introduced the Fuzzy-Clustering-Means (FCM). The Fuzzy C-Means

or FCM is widely applied in agricultural engineering, astronomy, chemistry, geology,

image analysis, medical diagnosis, shape analysis and target recognition for feature

analysis, and clustering classifier design (Yong et al., 2004). The FCM distinguishes

from the K-means since the data can be included in all existing clusters but with

varying roles (e.g., pedestrian gender, pedestrian physical fatality) in a range of val-

ues rather than being associated to a cluster centroid (e.g., gender, fatal road-crash

= cluster 1, cluster 2, cluster 3) (Gosh et al., 2013; Mohamed et al., 2013; Gu et

al., 2017). Moreover, a recent study carried out by Gutierrez-Osorio and Pedraza

(2020), shows the FCM model recognising the occurrence events at different times

and locations operating in real time. Furthermore, the results showed that beyond

projecting the future, the approach proposed its expansion to different regions in

real time. A study carried out by Li et al. (2021), in Changsha, China, is a good il-

lustration of the FCM applicability in real time. A Fuzzy Cellular Automata (FCA)
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model was used to evaluate pedestrian safety from conflicts under different pro-

portions of obedient road users (e.g., pedestrians, drivers) and traffic flows. More

particularly, the FCA was applied to simulate interactions between pedestrians and

vehicles at non-signalised mid-block crosswalks. To collect the data, digital cameras

were placed in the observation area (i.e., 4 hours of captured data per site). On

the data trajectories of the pedestrians walking speeds crossing in three levels were

classified: high, normal, and low. Moreover, a fuzzy inference system was incorpo-

rated to describe trends regarding the decision-making process of the drivers in front

of a zebra crossing. However, the system failed to measure pedestrian jaywalking

behaviour. This is perceived as a key issue as it could have made the road traffic

environment more realistic (Li et al., 2021) [see Section 2.5.2].

7.3. Predictive Pedestrian Safety Models: Lessons

Learnt

7.3.1. Supervised-Learning Models

In principle, ML algorithms are closely related to regression, classification and rank-

ing [Sections 2.5.1 and 6.3]. As explained in Chapters 4 and 5, to improve precision

and accuracy, different models (or rules) are applied depending on the attribute un-

der examination (e.g., age group, type of physical facility). For example, supervised

ML algorithms applied to road safety, i.e., supervised-learning models, are used to

classify road variables (e.g., gender = 1, 2; road-crash severity = 0, 1, 2) [see Sections

2.5.1 and 7.2]. Moreover, the support-vector machines (SVM) algorithm operates

like binary algorithms (Sanz-Casado et al., 2019; Assi et al. 2020). Also, the lin-

ear discriminant analysis operates like the logistic regression algorithms (Feliciani
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et al., 2020). To examine pedestrian road-crashes, supervised-learning algorithms

were applied under the following terms:

i. Pedestrian general attributes: according to many, severity injury varies ac-

cording to pedestrian age (Park and Bae, 2020). Therefore, applying different

ML algorithms for different age groups is as follows: Logit model for young

adolescents [see Section 4.2.3]. Multinominal logit for adults (i.e. neural net-

works) [see Section 4.2.4]. Logistic regression model for the elderly [see Section

4.2.5].

ii. Road environment: for weather, the integer autoregressive model was applied

[see Section 5.2.1]. For speed limits, a combination of mathematical formulas

was explored [see Sections 5.2.2, 5.2.7]. In the case of lighting, a combination

of neural network statistical methods was used [see Section 5.2.3].

iii. Road infrastructure: the negative binomial regression was used to examine

the influence of intersections in a road environment [see Section 5.2.4]. A

regression model was used to investigate the influence of roundabouts [see

Section 5.2.5)]. The ordered binary logit was used to analyse the zebra effects

[see Section 5.2.6].

7.3.2. Unsupervised-Learning Models

Unsupervised ML algorithms applied to road safety (i.e., unsupervised-learning mod-

els), are used to classify road variables (e.g., pedestrian age group fatal road-crash

= cluster 1, cluster 2, cluster 3) (Ballesteros et al., 2004; Kim et al., 2008; Prato et

al., 2012) [see Section 2.5.2, 7.2]. Regarding FCM algorithms, these seem to enable

describing pedestrian road-crashes in real time and ahead in time (Gutierrez-Osorio
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and Pedraza, 2020). However, no single FCM applied to investigate pedestrian

safety through combining road data on pedestrian general attributes (e.g., gender),

the road environment (e.g., speed limits) and the road infrastructure (e.g., zebra)

was found. One characteristic distinguishing the FCM, is the extension of its po-

tential to different regions and in real time (Aziz et al., 2013; Mohamed et al., 2013;

Gutierrez-Osorio and Pedraza, 2020).

7.3.3. Unsupervised ML to improve Pedestrian Safety

Regarding the existing pedestrian safety models, like supervised-learning, the unsupervised-

learning demonstrates the ability to analyse data with different models depending

on the nature of the attribute under examination. In addition to that, contrary

to supervised-learning, unsupervised-learning demonstrates a lower dependency of

data from the past. Moreover, the unsupervised-learning validates their ability to

describe pedestrian road-crashes in real time and ahead in time (Li et al., 2021). This

becomes essential as predicting the pedestrian attributes ahead in time, is highly

challenging [see Chapter 4]. Furthermore, in the context of projecting events ahead

in time, this study would have been more relevant, if the adopted ML algorithms

were more flexible to data with a lower degree of availability and certainty (i.e., data

about pedestrians with cognitive disabilities) [see Chapter 2].

7.4. Observations

Despite the extensive advancements on supervised ML models, the FCM indicated

to have a high potential to be applied cross-regionally. Moreover, compared with

supervised-learning, the FCM proves to require a lower amount of data to oper-
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ate. Furthermore, without being explicitly programmed for a specific purpose, this

data mining technique allows computers to learn, interpret and discover new knowl-

edge from both small and large sets of data (Aziz et al., 2013; Mohamed et al.,

2013; Gutierrez-Osorio and Pedraza, 2020). To improve the FCM precision and

accuracy, so that predictions can be trusted for in a real road environment (e.g.,

decision-making, pedestrians), prior to incorporating the model in real-time data,

pre-assessing data and comprehensively defining its features is vital. This is be-

cause, beyond data inconsistency or incompletion, cyber security may also inter-

vene. Therefore, the adoption of more sophisticated pedestrian safety models to

not only detect incomplete data, but to correct unforeseen failures is also suggested

[see Section 2.2]. This chapter examined several previously adopted ML predictive

models to examine pedestrian safety. The next chapter synthesises in the form of

a prototype, a data-driven analysis using the FCM to investigate influential factors

on pedestrian road-crash casualty causation.
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8.1. Introduction

To date a systematic investigation combining the pedestrian general attributes phe-

nomena with the road elements have not been dealt with much detail (De Oxley

et al., 2005; Bungum et al., 2005; Chen and Persaud, 2012; Treno et al., 2014;

Papadimitriou et al., 2015; Jones and Anciaes, 2017; Hezaveh and Cherry, 2018).

Moreover, the ability to accurately measure and assess different road attributes

jointly remains a challenge (Li et al., 2021) [see Chapters 4, 5; Section 7.2.4]. This

chapter explores the applicability of the Fuzzy-Clustering-Means (FCM), which is an

unsupervised ML algorithm (Gutierrez-Osorio and Pedraza, 2020; Li et al., 2021).

The FCM prototype was deployed to systematically investigate pedestrian general

attributes and the influence of road elements on pedestrian safety. This study relied

on spatial analysis using data from a single year [see Chapters 2, 6, and 7]. Ac-

cording to Chapters 4 and 5, most pedestrian predictive models focus on singular

factors affecting pedestrian safety. Moreover, such approaches have, however, failed

to address examining multiple road attributes in a singular analysis. Therefore, this

study is considered to offer relevant contributions to modeling development. This

is because the prototype proved its potential to simultaneously examine multiple

factors. This means that, should the model of choice have the capability to predict
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attributes ahead of time, it can more efficiently offer new knowledge on road-crash

trends. Since the prototype proved its applicability, further research on how to in-

tegrate the most applicable models in a single examination, particularly considering

that the nature of the data is distinct and that it varies, is highly recommended.

Moreover, such approaches, however, have failed to address examining multiple road

attributes on a singular analysis. Therefore, this is study considered to offer relevant

contributions to the modelling development. This is because, the prototype proved

its potential to simultaneously examine multiple factors. This means that, should

the model of choice have capabilities to predict attributes ahead in time, it can more

efficiently offer new knowledge on road-crash trends. Furthermore, as the prototype

proved is applicability, further research on how to integrate on a single examination

the most applicable models, particularly considering that the nature of the data is

distinct and that it varies, is highly recommended. A flow chart of the prototype

model deployed is shown in Figure 8.1.
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Figure 8.1.: Prototype model diagram

The choice of the FCM (i.e., prototype) presented in Figure 8.1 to examine the

road data, was for its demonstrated suitability as a pedestrian safety model on differ-

ent urban road environments (Aziz et al., 2013; Mohamed et al., 2013). In addition

to that, for is potential of being applicable to be used in real-time environments

(Li et al., 2021) [see Section 7.3.3]. A more detailed description on how the pro-

totype model works can be found in Appendices A.3.1 and A.3.2. The prototype

was deployed to systematically investigate the influence on pedestrian safety from

combining a few pedestrian general attributes and road elements. Some fundamen-

tal contributions of the modelling development which need to be addressed, are the
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consistency of discovered knowledge to improve pedestrian safety. This knowledge

can be acquired from combining different data such as the pedestrians and the road

infrastructure characteristics. In addition to that, compared to previous approaches,

it enables using less data (i.e., one year) while enabling the possibility of incorpo-

rating different algorithms in the same analysis (Yannis and Karlaftis, 2010; Torbic

et al., 2010) [see Section 3.2.2]. This chapter covers an in-depth examination on

the impact of pedestrian general attributes (i.e., gender, age group), the road en-

vironment (i.e., weather, speed limits, lighting) and the road infrastructure (i.e.,

intersection type, pedestrian facilities type) using the prototype to describe pedes-

trian safety patterns. To achieve such, a systematic descriptive analysis using the

above attributes was verified and validated. The chapter is organised in four main

sections. Section 8.1 shows the overall structure of the chapter. Section 8.2 presents

the data verification analysis procedure to assess the model applicability using the

FCM demonstrator on two distinct sets of data: GB and London. This was exper-

imented, to prove its suitability in different regions [see Chapters 3, 6]. In Section

8.3, the FCM algorithm is applied on GB road data to discover new knowledge.

Section 8.4 discusses the lessons learnt.

8.2. Data Analysis Verification

In general this study describes the main types of data analysis which are conventional

and ML [see Section 3.2.1]. The conventional analysis was used to deploy a temporal

analysis. This means gathering pedestrian road-crash casualty data during an 11-

year period (i.e., 2009-2019) (DfT, 2017; DfT, 2018; DfT, 2019). This approach will

be presented later on in Chapter 10. As regards ML analysis the adopted FCM was

applied on a spatial analysis respectivelly using data from London and GB (DfT,

2017). The ML algorithms are generally described in two modes: descriptor and
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predictor (Buscema, 2013) [see Section 2.5; Section 3.2.1]. The FCM applicability

was verified in Section 8.2.1 and further expanded in Section 8.3. Sections 8.2.1 and

8.2.2, explored data in the form of a demonstrator in two regions: GB and London.

This allowed for extracting knowledge using:

i. A sample of actual road data from 2017.

ii. The sub-mode descriptor to train the data.

iii. The sub-mode predictor to test the data [see Chapter 3].

Additionally, the same source of data (i.e., STATS19) was used to separately ex-

tract data from the two explored regions. For the ML data analysis, the statistical

data was manually incorporated on KNIME, and for illustration added to a visu-

alisation tool called Google Earth Education (KNIME; DfT, 2017; Google Earth

Education, 2021). The validation of the prototype applied the FCM sub-modes (i.e,

descriptor and predictor) to two distinct sets of data regarding pedestrian road-crash

casualties in 2017: GB and London [see Sections 8.2.2 and 8.2.4]. Additionally, the

results of the sub-modes using actual data from 2017 to project pedestrian road-

crash casualty trends, were compared with actual data from 2018.
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8.2.1. Data Statistics Verification: GB

PMSLo Figure 8.2.1 displays GB pedestrian road-crash casualties in the year of

2017, by road type 1.

Figure 8.2.: GB pedestrian road-crash casualties

Source: (DfT, 2017; Google Earth Education)

Figure 8.2.1 shows most accidents (i.e., 365) occurring when road physical facilities

are absent (i.e., 0 - No Junction).

10- No Junction(NJ); 1- T staggered(TS); 2- Roundabouts(R); 3- Mini-roundabouts(MR); 4-
Slip road(SL); 5-Cross roads(CR); 6- Private drive(PD); 7- Multiple Junction(MJ); 8- Other
Junction(OJ); 9- Other (O)
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8.2.2. FCM Verification Demonstrator: GB

The applicability of the FCM demonstrator was tested on actual GB road data from

2017 (DfT, 2017). The FCM verification demonstrator splits the data into two sub-

modes: descriptor and predictor. The descriptor is used to train 50% of data, and

the predictor is used to test 50% [see Section 6.3.3]. In relation to the accuracy, a

value greater than 70% indicates an acceptable prediction (Mendoza et al., 2023;

Noor et al., 2023). Table 8.1 shows the extracted knowledge from the FCM (i.e.,

descriptor, and predictor) regarding the total GB pedestrian road-crash casualties.

Table 8.1.: Data verification: road fatalities per accident
GB number of pedestrian fa-
talities: 470

Descriptor (50% of the
total data)/Accuracy
%

Predictor (50% of the
total data)/Accuracy
%

Data Trained: KNIME 235/ 97.03% 235/ 96.81%
1 69.18/N/A 73.29/N/A
2 15.07/N/A 20.22/N/A
3 7.19/N/A 2.17/N/A
4 1.37/N/A N/A/N/A
5 1.71/N/A 1.81/N/A
6 2.05/N/A N/A/N/A
7 N/A/N/A 2.53/N/A
10 3.42/N/A N/A/N/A

As presented in Table 8.1, the descriptor and the predictor sub-modes applied the

rules respectively. The FCM descriptor is represented by the data set on the right

side and the FCM predictor is represented by the dataset on the left side). Regarding

the accuracy other than the total number of fatalities (470), no information on the

number of fatalities per accident was found. Therefore, in comparison to actual data

from 2018 the accuracy was only possible to measure for the descriptor (97.03%)

and the predictor(98.81%) (Assi et al., 2020). In terms of the FCM descriptor,

GB road date indicates an overall 0.1% decrease in road fatalities (i.e., from 235 to

234.98). In addition to that, it indicates a 69.18% chance of one pedestrian fatality
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and a 1.71% chance of five fatalities. Moreover, interestingly the descriptor also

shows a 3.42% chance of up to 10 fatalities. The latter, seems rather intricate. The

system, however, was unable to describe the number of accidents that could result

in seven fatalities. Moreover, it does not present any information on the number

of accidents that could result in eight or nine fatalities. On the other hand, the

overall findings for the FCM predictor indicate a 0.2% increase in fatalities (from

235 to 235.53). Additionally, it indicates a result of one accident, a 73.29% chance

of one fatality and a 1.81% chance of five fatalities. In this case, contrary to the

FCM descriptor the FCM predictor does not present any data (i.e., N/A) on a

chance of up to four, six, and ten fatalities accordingly. Nonetheless, it indicates

a 2.53% chance of seven fatalities, whereas the FCM descriptor yielded no results

(i.e., N/A). The actual trends between 2017 and 2018 demonstrate a decreasing

tendency by 2.98% (from 470 to 456) (DfT, 2017; DfT, 2018). In overall the trends

align with the FCM descriptor and on the contrary are misaligned with predictor.

Also, in terms of data accuracy both the FCM descriptor and the FCM predictor

fail to precisely calculate the percentage of decreasing propensity between 2.5% and

3%. Moreover, regarding the number of fatalities per accident identified for 2017,

for 2018 no detailed information was found. This is a key issue that limits the

system accuracy validation: a 69,18% chance of one fatality, with no data from 2018

to be compared with (i.e., 69,18/N/A). One other issue found was the difference

in numbers of the total number of GB pedestrian fatalities by 34, between the

officially reported data (i.e., 456) and the examined database (i.e., 422) (DfT, 2017;

DfT, 2018; STATS19). These results suggest a more detailed examination which

will be carried out in Section 8.3. Nevertheless, the FCM transferable capabilities

to different regions, will be introduced on a similar verification analysis, for the

London region in Sections 8.2.3 and 8.2.4.
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8.2.3. Data Statistics Verification: London

Figure 8.3 shows the London Region pedestrian road-crash casualties in the year of

2017.

(a) Pedestrian road-crash
casualty rates in 2017:
London region

(b) London region pedestrian road-crash casualty rates in 2017
by local authority

Figure 8.3.: London Region pedestrian road-crash casualty rates in 2017
Source: (DfT, 2017; Google Earth Education)

Figure 8.3a summarises the total accident rates (i.e., 131) for the London Region

in 2017. Figure 8.3b classifies the London Region accident rates in 2017, by local

authority (STATS19) [see Appendix A.2]. In overall, in 2017, data show Enfield

with most road-crashes involving pedestrians (i.e., 10). These results are directly

aligned with the reported data from Transport from London (TfL, 2018).
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8.2.4. FCM Verification Demonstrator: London

Similar to Section 8.2.2, the FCM verification demonstrator was applied on actual

road data from 2017 for London (DfT, 2017). Table 8.2 illustrates the extracted

knowledge from the FCM on the total pedestrian road-crash casualties in London.

Table 8.2.: Road-crash casualty data verification: scenario vs. KNIME
London number
of pedestrian fa-
talities: 131

Descriptor (50% of the total
data)/ Accuracy %

Predictor (50% of the total
data)/ Accuracy %

Data Training:
KNIME

65.5/ 85.11% 65.5/ 85.24%

1 63.27/N/A 74.72/N/A
2 12.24/N/A 18.6/N/A
5 10.6/N/A 6.98/N/A
7 14.29/N/A N/A/N/A

As presented in Table 8.2 the FCM descriptor is represented as the first dataset

and the FCM predictor as the second dataset [see Section 6.3.3]. Regarding the

accuracy other than the total number of fatalities (131), no information on the

number of fatalities per accident was found. Therefore, in comparison to actual

data from 2018 the accuracy was only possible to compare the results with the

total number of records. In terms of accuracy, the descriptor reached 85.11% and

the predictor 85.24% (Assi et al., 2020). More in detail, in relation actual data on

pedestrian fatalities in 2018, for London the FCM descriptor indicates an overall

0.4% increase in road fatalities (i.e., from 65.5 to 65.8). It also shows a 63.27%

chance of one fatality, a 12.24% chance of two fatalities, a 10.6% chance of five

fatalities, and a 14.29% chance of seven fatalities. On the other hand, for the FCM

predictor, the overall findings indicate a 0.3% increase in fatalities (from 65.5 to

65.7). Additionally, the predictor shows a 74.72% chance of one fatality, an 18.6%

chance of two fatalities, a 6.98% chance of five fatalities. However, it does not show

any findings on a chance of up to seven fatalities (i.e., N/A). Moreover, it does not
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present any data on the number of accidents that could result in three, four and six

fatalities. Regarding the actual pedestrian fatality rates between 2017 and 2018 show

a 15.5% decrease (i.e., from 131 to 112) (TfL, 2018). Moreover, for the most risky

region of London for road-crash fatalities (i.e., Enfield) it shows a 20 % decreasing

tendency (from 10 to 8) (TfL, 2018). The findings in overall are contrary to both the

FCM descriptor and predictor overall results. Also, similar to the FCM verification

demonstrator in Section 8.2.1, the system fails to calculate road-crashes percentage

propensity. Moreover, for 2018 no evidence discerning the number of fatalities per

accident was found (TfL, 2018). Similar to Section 8.2.2, for the London region,

road data between the officially reported data (112) and the examined database

(57), shows a difference on total number of pedestrian fatalities by 55 (TfL, 2018).

In both the analysed regions this is rather critical to: describe results, validate the

findings, and project results ahead of time. As previously explained in Chapter 6,

these results seem to happen due to data inconsistency and lack of relevant relational

information and also undefined data harmonisation procedures [see Sections 3.3.3,

6.4.2, and 6.4.3]. In summary, the examination was adopted to verify the number of

pedestrian road-crash fatalities, by road type (i.e., for GB), and by local authority

(i.e., for London) as single elements. The FCM Demonstrator, applied both the

descriptor and the predictor sub-modes. However, the results from the predictor,

highly differ from reality [see Section 8.2]. Also, when examining the same dataset,

the descriptor failed to indicate results (i.e., N/A) in one out of 12 and the predictor

failed in four out of 12. The latter indicates to be a less consistent. Moreover,

the descriptor ranked the highest accuracy rate (97.3%). Therefore, in this study,

the FCM descriptor (i.e., train 80%) was applied to GB road-crash casualty data

from 2017 to carry out the systematic investigation. In addition to that, the results

were then contrasted with actual road data from 2018 (i.e., statistics) (DfT, 2018).

Furthermore, as some variations may be related to system sensitivity response, a

further explanation will be carried out later in Chapter 9. Nevertheless, the exercise
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indicated to be applicable to both GB and London regions [see Sections 8.2.2 and

8.2.4].

8.3. Knowledge Discovery: GB Pedestrian

Road-Crash Data

The knowledge discovery activity investigates a combined number of elements pre-

viously investigated in Chapters 4 and 5. More in detail, it combines exploring road

data on pedestrian general attributes by gender and age group, on road environment

by weather, speed limits and lighting, and on road infrastructure by road type and

pedestrian physical facilities. However, Section 8.2 indicates that when using the

FCM verification demonstrator on both the GB and London regions, the system

indicates a significant discrepancy between the projected data and the actual data.

Moreover, the data of the two sub-modes (i.e., trained and tested) in both Sections

8.2.2 and 8.2.4, proves that the information projected with failure is significantly

higher for the FCM predictor than for the FCM verification demonstrator. Subse-

quently, the prototype only examined the results of the FCM descriptor trained on

an 80% sample ratio of the actual GB road data from 2017 (i.e., statistics). Af-

terwards, the results were compared with GB road data from 2018 (i.e., statistics)

from the official sources (DfT, 2017; DfT, 2018). To measure the accuracy, unlike for

the FCM demonstrator, which was applied to a relatively small dataset in Sections

8.2.2 and 8.2.3, the performance was assessed using a standard metrics widely used

to evaluate the performance of ML models, called margin of error (MOE) (Tanur,

2011; Uddin et al., 2023). The MOE is a statistical measure used to verify the FCM

descriptor; its accuracy measures its reliability with sample data (i.e., 470 fatalities).

Essentially, it is the number of random sampled error in the results to reflect the
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number of uncertainty of the FCM descriptor. The larger the MOE, the less the

results described by the FCM descriptor (used to project data ahead in time) would

reflect the actual results. For the analysed dataset a MOE rate of ca. 3% suggests a

quite accurate system (James et al., 2015). The statistical calculation of the MOE

is given by,

MOE(γ) = Z(γ)×
√

σ2

n
(8.1)

where z-scores is denoted by Z(γ), the standard error is given by

√
σ2

n
, (8.2)

and n is the number of pedestrian casualties.

(Tanur et al., 2014)

In addition to MOE, the z-score was used as a performance metric. The z-score or

standard score, is the number of standard deviations above or below of the average

pedestrian casualties. According to some, a optimal z-score falls between -2.0 and

+2.0 (Sakai et al., 2015).
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8.3.1. Pedestrian General Attributes

Road-Crash by Gender: Statistics vs. Descriptor

Figure 8.4 compares the findings from 2017 statistics applied on the FCM descriptor

with actual data from 2018 on pedestrian general attributes by gender.
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Figure 8.4.: Road-crash by gender: statistics (2017, 2018) vs. descriptor

Table 8.3.: Road-crash by gender: descriptor vs. margin of error

Pedestrian fa-
talities: 470

Gender: % MOE: % Z-Score

Male/Female 66.01/ 33.99 0.88/3.09 0.17/ -0.30

As can be seen in Figure 8.4 and Table 8.3, for GB the descriptor shows a 66.01%

chance of fatality for males and a 33.99 % chance for females. Compared with the

statistics data from 2018, the descriptor indication aligns with results from the 2018

(DfT, 2017; DfT, 2018). The calculated MOE and the z-score metrics shown in

Table 8.3, are within an acceptable performance range [see Section 8.3].
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Road-Crash by Age Group: Statistics vs. Descriptor

Figure 8.6, compares the findings between the statistics from 2017 applied on the

FCM descriptor with actual data from 2018 on pedestrian general attributes by age

group2.
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Figure 8.5.: Road-crash by age group: statistics (2017, 2018) vs. descriptor

Table 8.4.: Road-crash by age group: descriptor vs. margin of error

Pedestrian fatali-
ties: 470

Age Groups: % MOE: % Z-Score

Children; Young 3.07; 2.19 9.50; 8.12 -2.69; -1.03
Adults; Elderly 32.47; 37.07 1.15; 5.12 -0.16; -0.56
Non recorded ages 25.22 10.84 -1.08

As shown in Figure 8.6 and Table 8.4 the descriptor shows a 37.07% chance

of fatality for elderly, a 32.47% chance of fatality for adults, a 3.07% chance of

fatality for children, a 2.19% chance of fatality for young adolescents. Compared

2Children (0-14); Young adolescents (YA) (15-24); Adults (25-64), Elderly (65+); Non recorded
ages (NRA)
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with the statistics data from 2018, a significant increasing tendency for children,

young adolescents, and adults is present. On the contrary, a decreasing tendency

for the elderly is noticed. Except for the adults, the descriptor indication aligns

with the statistics from 2018. As per Table 8.4, the calculated the MOE presents

an acceptable performance only for adults. For the z-score metrics it only presents

an acceptable performance for children [see Section 8.3]. However, the large number

of unrecorded age rates (approximately 25.22%) may significantly affect to measure

the metrics of performance (DfT, 2017; DfT, 2018).

149



Chapter 8 8.3. Knowledge Discovery: GB Pedestrian Road-Crash Data

8.3.2. Road Environment

Road-Crash by Weather: Statistics vs. Descriptor

Figure 8.8 compares the findings between statistics from 2017 applied on the FCM

descriptor with actual data from 2018 on road environment by weather3.
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Figure 8.6.: Road-crash by weather: statistics (2017, 2018) vs. descriptor

Table 8.5.: Road-crash by weather: descriptor vs. margin of error

Pedestrian fatalities: 470 Weather: % MOE: % Z-Score
FHW; FNW 0.6; 85.24 9.55; 2.49 -1.52; -0.28
FM; Other 0.52; 1.54 9.96; 9.92 -1.24; -1.25
RHW; RNW 1.7; 8.04 9,36; 6,23 -1,10; -0.74
SHW; SNW N/A; 0.7 10.75; 10.19 -1.28; -1.29
Unknown 1.66 9.64 -1.24

As can be seen in Figure 8.8 and Table 8.5 the descriptor indicates FHW with a
3Fine-high winds (FHW); Fine-no winds (FNW); Fog or mist (FM); Other (O); Raining-high

winds (RHW); Raining-no winds (RNW); Snowing-high winds (SHW); Snowing-no winds
(SNW); Unknown (U)
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0.66% chance of fatality, FNW with a 85.24% chance of fatality, FM with a 0.52%

chance of fatality, Other with a 1.54% chance of fatality, raining with a 1.7% chance

of RHW with a 8.04% chance of fatality, SHW with a 0.7% chance of fatality and

Unknown with a 1.66% chance of fatality. Compared with the statistics data from

2018, the descriptor indicates opposite results to the actual data (DfT, 2017; DfT,

2018). As per Table 8.5, the calculated the MOE presents the best performance rate

only for FNW, which is where the highest chance of fatality is noticed. The z-score

metrics presents an acceptable performance for all the types of weather [see Section

8.3].
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Road-Crash by Speed Limits: Statistics vs. Descriptor

Figure 8.7 compares the findings between statistics from 2017 applied on the FCM

descriptor with actual data from 2018 on road environment by the speed limits4.
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Figure 8.7.: Road-crash by speed limits: statistics (2017, 2018) vs. descriptor

Table 8.6.: Road-crash by speed limits: descriptor vs. margin of error

Pedestrian fatalities:
470

Speed Limits:
%

MOE: % Z-Score

20 mph; 30 mph 7,61; 69,12 10,15; 9,73 -2,24; -1,18
40 mph; 50 mph 5,34; 4,01 9,96; 10,06 -1,20; -1,19
60 mph; 70 mph 8,97; 4,94 9,87; 10,10 -1,21; -1,20
Motorway 0 10.38 -1.28

In Figure 8.7 and Table 8.6 the descriptor shows a 7.61% chance of fatality for

20 mph, a 69.12% chance of fatality for 30 mph, a 5.34% chance of fatality for 40

mph, a 4.01% chance of fatality for 50 mph, a 8.97% chance of fatality for 60 mph, a

4.97% chance of fatality for 70 mph (DfT, 2017; DfT, 2018; DfT, 2019). Compared
41-20 mph, 21-30 mph, 31-40 mph, 41-50 mph, 51-60 mph, 61-70 mph, Motorway (M)
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with the statistics data from 2018, except for the alignment with 20 mph and the 60

mph, the descriptor indicates opposite tendency results from the actual data (DfT,

2017; DfT, 2018). As per Table 8.6, the calculated the MOE does not present an

acceptable performance for any of the speed limits. The z-score metrics presents an

acceptable performance except for 20 mph [see Section 8.3].

Road-Crash Lighting: Statistics vs. Descriptor

Figure 8.8 compares the findings between statistics from 2017 applied on the FCM

descriptor with actual data from 2018 on road environment by the lighting condi-

tion5.
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Figure 8.8.: Road-crash by lighting: statistics (2017, 2018) vs. descriptor

Figure 8.8 and Table 8.6 detail the descriptor with a 50.22% chance of fatality at

daylight, a 29.61% chance of fatality at night with the lights unlit, a 17.54% chance
5Daylight (D); Dark no lighting (DNL); Dark unlit (DU); Dark lit (DL);Dark light unknown

(DLU)
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Table 8.7.: Road-crash by Lighting: descriptor vs. margin of error

Pedestrian fatalities: 470 Lighting: % MOE: % Z-Score
D; DNL 50,22; 17,54 8,76; 9,92 -9,52; -5,27
DU; DL 1,54; 29,61 10,19; 9,36 -4,76; -4,87
DLU 1,54 10.33 -5.30

of fatality at night with no lighting, a 1.54% chance of fatality at night with the lights

lit, a 1.1% chance of fatality at night with the lights unknown. Compared with the

statistics data from 2018, the descriptor indication aligns with the results on Dark

no lighting and Dark lit. On the contrary, the alignment at Daylight, Dark unlit,

and Dark light unknown disagrees with the actual data (DfT, 2017; DfT, 2018).

As shown in Table 8.7, neither the calculated the MOE nor the z-score present an

acceptable performance for any of the assessed lighting condition [see Section 8.3].
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8.3.3. Road Infrastructure

Road-Crash by Road Type: Statistics vs. Descriptor

Figure 8.9 compares the findings between statistics from 2017 applied on the FCM

descriptor with actual data from 2018 on road infrastructure by road type6.

NJ TS R MR SL CR PD MJ OJ
0

20

40

60

80

100

Road type

P
er

ce
nt

ag
e

%

statistics 2017
descriptor

statistics 2018
MOE

Figure 8.9.: Road-crash by road type: statistics (2017, 2018) vs. descriptor

Table 8.8.: Road-crash by road type: descriptor vs. margin of error

Pedestrian fatalities: 470 Road Type: % MOE: % Z-Score
No junction; T staggered 52,32; 27,99 9,32; 9,87 -2,38; -1,41
Roundabouts; Mini-Roundabouts 1,31; 1,69 10,24; 10,75 -1,37; -1,44
Slip road; Crossroads 1,43; 9,29 10,29; 10,24 -1,22; -1,22
Private drive; More than 4 arms 1,84; 0,68 10,42; 10,61 -1,24; -1,28
Other Junction 3.46 10.19 -1.23

6No junction (NJ); T staggered (TS); Roundabouts (R); Mini-roundabouts (MR); Slip road (SL);
Cross roads (CR); Private drive (PD); Multiple Junction (MJ); Other Junction (OJ)
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Figure 8.9 details the descriptor with a 52.32% chance of fatality at NJ, a 27.99%

chance of fatality at TS, a 9.29% chance of fatality at CR, a 3.46% chance of fatality

at OJ, a 1.84% chance of fatality at PD, a 1.69% chance of fatality at MR, a 1.43%

chance of fatality at SL, a 1.31% chance of fatality at roundabouts, a 0.68% chance of

fatality at MJ (DfT, 2017; DfT, 2018; DfT, 2019). Compared with the statistics data

for 2018, except for alignment at other junctions, the descriptor indicates opposite

tendency results from the actual data (DfT, 2017; DfT, 2018). In Table 8.8, the

calculated MOE does not present any metric with an acceptable performance for

any road type. The z-score metrics present an acceptable performance except for at

no junction [see Section 8.3].
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Road-Crash by Pedestrian facilities: Statistics vs. Descriptor

Figure 8.10, displays the findings between the statistics from 2017 and the FCM

descriptor on road infrastructure by type of pedestrian facilities7.
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Figure 8.10.: Road-Crash by Pedestrian facilities: statistics (2017) vs. descriptor

In Figure 8.10 the descriptor details a 67.92% chance of fatality at no pedestrian

facilities, a 11.81% chance of fatality at pelican, a 10.17% chance of fatality pedes-

trian phase, a 6.1% chance of fatality at central refuge, a 3.77% chance of fatality

at zebra, a 0.23 % chance of fatality at footbridge or subway. However, statistics

from 2018 were not found. Compared with the statistics data from 2017, a slight

decreasing tendency at no physical facilities is described. Also, a slight increasing

tendency at the remaining pedestrian facilities type (DfT, 2017; DfT, 2018).

7Unknown (U); None crossing within 50 m (NC); Zebra (ZE); Pelican (PE); Pedestrian Phase
(PPH); Footbridge or subway (FS); Central refuge (CR)
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8.4. Lessons Learnt

In this study the FCM demonstrator was verified in the descriptor, and predictor

sub-modes. An acceptable accuracy rate should score above 70% [see Section 8.2.2].

The FCM demonstrator scored 85.11% as the minimum for the London dataset, and

97.03% as the maximum for the GB dataset. Especially the London dataset, the

results showed discrepancies between the predictions and the actual data. Therefore,

the FCM prototype used the best accuracy rate, i.e., the descriptor sub-mode to

explore GB road data. In addition to that, to assess each of the examined datasets

in relation to actual data, additional metrics (i.e., MOE, z-score) were applied [see

Section 8.3]. Figure 8.11 summarises the findings of the FCM prototype regarding

the accuracy rates compared with statistical data from 2018.

Gender (Lowest Accuracy Female: 5.82%)

Age Group (Lowest Accuracy Non recorded age: 25.22%)

Weather (Lowest Accuracy - Fine no winds: 42.45%)

Speed Limits (Lowest Accuracy - 30 mph: 42.69%)

Lighting(Lowest Accuracy Daylight: 13.33%)

Road Type (Lowest Accuracy At no Junction: 25.27%))

Pedestrian Physical Facilities (Lowest Accuracy - n/A)

Figure 8.11.: The seven examined influential factors affecting pedestrian safety
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Accuracy by

Gender and Age Group

Weather, Speed Limits and Lighting

Road Type and Pedestrian Physical Facilities

The illustrated scenario in Figure 8.11 indicates that the prototype describes the

gender with the highest level of accuracy (i.e., female: 5.82%). The calculated MOE

and z-score agree [see Sections 8.3 and 8.3.1]. The results on the gender described

a tendency to a chance of fatality decreasing both for males and increasing for

females. These results align with statistics from 2018 which becomes rather encour-

aging. With respect to the age group, except for the adults, the results described a

slight increasing tendency to a chance of fatality. These findings mostly align with

the statistics from 2018. However, it is important to highlight the large percentage

(ca. 25.22%) of NRA as a key issue. This is because, the NRA were described with

a slight increasing tendency when the non-recorded age rates for 2018 data were not

found. These findings seem critical. Therefore, a further investigation is proposed

as the lack of data might not only affect the results by age group, but the entire

validity of the analysis [see Section 8.2.2]. In terms of road environment, it indicates

the lowest level of accuracy for speed limits (i.e., 30 mph: 42.69%) and the weather

(i.e., fine no winds: 42.45%). About the performance metrics for the speed limits the

MOE agrees whereas the Z-score disagrees [see Sections 8.3 and 8.3.2]. On the other

hand, for the weather both the calculated MOE and z-score agree [see Sections 8.3

and 8.3.2]. As regards weather, it described a tendency to a chance of fatality mostly

to happen with fine dry weather. Here, the results indicated an opposite tendency to

the statistics from 2018, hence sharing fewer promising results. Regarding the speed

limits, the results described a tendency to a chance of fatality indicate to mostly

happen at 30 mph. Except for the alignment for 20 mph and the 60 mph, the re-
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sults indicated opposite tendency results from the statistics from 2018. Concerning

lighting, the results described a tendency of a chance of fatality to mostly happen

at daylight. The lighting condition results mostly indicates alignment for a chance

of a fatality at night. Regarding the road infrastructure, these described a tendency

to a chance of fatality mostly where physical facilities were not present (i.e., No

Junction). Interestingly, except for the alignment at other junctions, the descriptor

indicates opposite tendency results from the actual data. Concerning pedestrian

physical facilities, like the road type, the results described tendency to a chance of

fatality mostly happen where physical pedestrian facilities were not present. How-

ever, for 2018 data statistics of this nature were not found. This because, it was felt

that statistics from 2018 regarding pedestrian road-crashes at pedestrian physical

facilities conclude assist interpreting more road-crash tendencies more objectively.

Although detailed data statistics from 2018 on pedestrian physical facilities were not

found, with data statistics from 2017, the FCM prototype describes an indicative a

decreasing tendency on the chance of fatality risk in the case of absent pedestrian

physical facilities. These results are rather promising. With respect to the system

sensitivity response, two additional scenario rules (i.e., FCM descriptor data split

into 75% and 85% sample ratios) will be explored in Chapter 9 (Lanera et al., 2019;

Saha et al., 2021). Further research work is this on exploring additional scenarios is

highly suggested.

8.5. Observations

The findings from this chapter demonstrate several contributions that can improve

pedestrian safety. This because, the FCM proves its potential to systematically

describe relevant information from the investigated road elements. Furthermore,

the model was calibrated with different sets of rules [see Section 8.2]. The FCM
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verification demonstrator provided a basis for investigating different regions: GB,

and London. The data sample was validated using actual road data. The data was

then compared with information from official sources (DfT, 2017. When compared

with data from 2018, in overall for GB, the trends are in alignment with the data

from the official sources (DfT, 2017. When looking into more detailed information

the demonstrator to fails to precise with information on the tendency of fatalities by

(ca. 10%). On the contrary for London, the trends are misaligned with the data from

the official sources. This could be due to a difference in the size of the data sample

used for each area (i.e., GB: 470, London: 131). The findings of the FCM verification

demonstrator shows in overall, for GB, most accidents by road type, occurring and

being projected to occur when physical facilities were/are not present. Chapter 5

agrees. Moreover, for London by local authority, the FCM verification demonstrator

shows most accidents in Enfield (with 10 records) (DfT, 2017). Interestingly, the

system demonstrated a decreasing tendency which aligned with the findings from

actual statistical data from official sources from 2018. Therefore, the FCM prototype

proved to be a basis for examining GB road data. Turning into the knowledge

discovery, in overall, the results from the FCM prototype present some promising

findings. More in detail, from the same analysis, the FCM prototype distinguishes

three separable types of information: pedestrian general attributes (i.e., gender, age

group); road environment (i.e., weather, speed limits, lighting); road infrastructure

(i.e., road type, pedestrian physical facilities). Though the analysed data show lower

accuracy rates in Section 8.4, still the FCM prototype proves its applicability [see

Sections 8.2, and 8.3]. Therefore, to improve the knowledge discovery procedure,

harmonising data quality through the incorporation of more sophisticated algorithms

is highly recommended (DfT, 2017; DfT, 2018).
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9.1. Introduction

This chapter tests the FCM prototype sensitivity response compared with actual

data from 2018 (DfT, 2017; DfT, 2018) [see Chapter 8]. The main purpose of the

chapter is to analyse a selection of parameters and test the level of accuracy of the

FCM sensitivity response, when using different rules. The chapter is organised in

five main sections. Section 9.1 shows the overall structure of the chapter. Section

9.2 defines new set of assumptions to compare statistic data with the trained data by

the FCM prototype. Section 9.3 compares statistical data with the FCM prototype

using new data rules. This to assess and quantify the sensitivity response. Section

9.4 validates the findings with expert opinion. Section 9.5 discusses the findings.

9.1.1. Overall Approach

Regarding the sensitivity response of predictive modelling, several assessment ap-

proaches have been previously developed. For example, Assi et al. (2020) agree

that the sensitivity response of a model, can be calculated based on the ratio of

road-crashes correctly predicted, and the total number of actual road-crashes. How-
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ever, the authors also claim that despite the FCM implementation simplicity, the

initialisation of a prototype remains a key issue. For instance, compared with the

other developed predictive models the SVM-FCM model has outperformed its accu-

racy. Therefore, the association of this model with more sophisticated models being

previously proposed (Mocan and Dioşan, 2016; Assi et al., 2020). This chapter

entailed a systematic investigation of the FCM sensitivity response to actual data

when using different rules (DfT, 2017; DfT, 2018). The different rules used are the

model response to 85% and 75% compared to 80% [see Section 3.3.1]. To assess the

FCM sensitivity response, primarily a given set of assumptions (i.e., set criteria)

(Marisamynathan and Vedagiri, 2019) was specified. These assumptions were then

tested on a given distinct number of pedestrian fatality rates. Additionally, new

rules were applied to different variables: dependent (i.e., pedestrian fatalities), and

independent (i.e., pedestrian general attributes, road environment, road infrastruc-

ture).

9.2. Criteria Specification

The criteria specification to examine the FCM sensitivity response, accounted for

assumptions on the number of accidents rates, and new rules applied to investi-

gate actual road data from 2017. The set criteria considered the following three

assumptions:

i. Assumption 1 - Number of pedestrian road-crash casualties: 500.

ii. Assumption 2 - Number of pedestrian road-crash casualties: 250.

iii. Assumption 3 - Number of pedestrian road-crash casualties: 100.
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The above assumptions were proposed as changes for the input variables, while

the values of other variables were kept unchanged. From this exercise, the results

might likely be uncertain. The range of input values of the investigated variables

was based on the minimum and maximum values determined from actual data. The

unchanged values of other variables were calculated as the estimated means of the

data set under examination (DfT, 2017; DfT, 2018). The output parameters, i.e.,

dependent variables are given by [see Chapter 8]:

a. Gender.

b. Age group.

c. Weather.

d. Speed limits.

e. Lighting.

f. Road type.

g. Pedestrian physical facilities type.

FCM Demonstrator

With respect to the FCM demonstrator as per Section 8.2, in addition to the statis-

tics, both the descriptor and the predictor were explored. Additionally, it included

verifying two additional partition scenarios as follows:

Scenario 1: statistics 100%, descriptor 50%, predictor 50%.
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FCM Prototype

For the FCM demonstrator in Section 8.2 where the statistics where contrasted with

both the descriptor and the predictor were examined. Since the descriptor scored a

higher accuracy than the predictor, for the FCM prototype the statistics where only

compared with the descriptor [see Section 8.3]. The knowledge discovery it included

verifying the following modes:

Scenario 2: statistics 100%, descriptor 80%.

FCM Sensitivity Response

Similar to the FCM prototype in Section 8.3, for the FCM sensitivity response the

following scenario rules for the descriptor were tested:

Scenario 3: statistics 100%, descriptor 85%.

Scenario 4: statistics 100%, descriptor 75%.

9.3. Co-relational Analysis: Short-Term

Projections

The co-relational analysis assessed the FCM sensitivity response to actual road

data from 2017 (i.e., 470 fatalities) using two new sets of rules: Scenario 3, and

Scenario 4 [see Section 9.2]. The FCM sensitivity response validation procedure

shows for Scenario 3, the new rules on 85% describing 400 fatalities. On Scenario

4, the new rules on 75% describing 353 fatalities (Lanera et al., 2019; Saha et al.,
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2021). However, it is relevant to mention that, compared with the overall statistical

analysis in Section 6.4, the standalone data set represented in Table 6.1 differs by 40

records. This is a key issue as it might quite significantly affect the interpretation of

examined the data. Similar to the knowledge discovery carried out in Section 8.3, the

sensitivity response verification was carried out on the following factors: gender, age

group, weather, speed limits, lighting, road type and pedestrian physical facilities.

9.3.1. Pedestrian General Attributes: Sensitivity Response by

Gender

Figure 9.1 contrasts by gender the statistics from 2017, the FCM prototype (i.e.,

descriptor 80%), and the FCM sensitivity response (i.e., descriptor 85%) and the

statistics from 2018.

Male Female
0

20

40

60

80

100

Gender

P
er

ce
nt

ag
e

%

2017
descriptor(80%)
descriptor(85%)

2018

Figure 9.1.: FCM sensitivity response by gender: statistics (2017, 2018) vs. descrip-
tor (80%, 85%)

The results in Figure 9.2 show that the sensitivity response (85%) and the statis-
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tics from 2018 differ by around 2.84%. As result, compared with the FCM prototype

(80%) its accuracy increases [see Section 8.3].

Figure 9.2 contrasts by gender the statistics from 2017, the FCM prototype (i.e.,

descriptor 80%), the FCM sensitivity response (i.e., descriptor 75%) and the statis-

tics from 2018.
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Figure 9.2.: Sensitivity response by gender: statistics (2017, 2018) vs. descriptor
(80%, 75%)

The results between Figure 9.2 the FCM sensitivity response (75%) and the statis-

tics from 2018 differ by around 3.37%. As result, compared with the FCM prototype

(80%) its accuracy increases [see Section 8.3].
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9.3.2. Pedestrian General Attributes: Sensitivity Response by

Age Group

Figure 9.3 contrasts the statistics from 2017, the FCM prototype (80%), the FCM

sensitivity response (85%) and the statistics from 2018, by age group1.
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Figure 9.3.: Sensitivity response by age group: statistics (2017, 2018) vs. descriptor
(80%, 85%)

Figure 9.3 shows that except for the elderly, the FCM sensitivity response (i.e.,

descriptor 85%) is considerably less accurate than the prototype (i.e., descriptor

80%) [see Section 8.3].

1Children (0-14); Young adolescents (YA) (15-24); Adults (25-64), Elderly (65+); Non recorded
ages (NRA)
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Figure 9.4 contrasts the statistics from 2017, the FCM prototype (80%), the FCM

sensitivity response (75%) and the statistics from 2018, by age group2.
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Figure 9.4.: Sensitivity response by age group: statistics (2017, 2018) vs. descriptor
(80%, 75%)

Similar to Figure 9.3, Figure 9.4 shows that except for the elderly, the sensitivity

response (75%) is considerably less accurate than the prototype (80%) [see Section

8.3].

2Children (0-14); Young adolescents (YA) (15-24); Adults (25-64), Elderly (65+); Non recorded
ages (NRA)
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9.3.3. Road Environment: Sensitivity Response by Weather

Figure 9.5 contrasts the statistics from 2017, the FCM prototype (80%), and the

FCM sensitivity response (85%) and the statistics from 2018, by weather3.
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Figure 9.5.: Sensitivity response by weather: statistics (2017, 2018) vs. descriptor
(80%, 85%)

Similar to Figure 8.8, compared with the prototype, the FCM sensitivity response

shows less accurate results than the actual road data (DfT, 2017; DfT, 2018) [see

Section 8.3].

3Fine-high winds (FHW); Fine-no winds (FNW); Fog or mist (FM); Other(O); Raining-high winds
(RHW); Raining-no winds (RNW); Snowing-high winds (SHW);Snowing-no winds (SNW); Un-
known (U)
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Figure 9.6 contrasts statistics from 2017, the FCM prototype (80%), and the FCM

sensitivity response (i.e., descriptor 85%) and the statistics from 2018, by weather4.
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Figure 9.6.: Sensitivity response by weather: statistics (2017, 2018) vs. descriptor
(80%, 75%)

Similar to Figure 9.5, Figure 9.5 shows that compared with the prototype the

FCM sensitivity response with lower accuracy results [see Section 8.3].

4Fine-high winds (FHW); Fine-no winds(FNW); Fog or mist (FM); Other(O); Raining-high
winds(RHW); Raining-no winds(RNW); Snowing-high winds (SHW); Snowing-no winds
(SNW); Unknown (U)
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Road Environment: Sensitivity Response by Speed Limits

Figure 9.7 contrasts the statistics from 2017, the FCM prototype (80%), the FCM

sensitivity response (85%) and the statistics from 2018, by speed limits 5.
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Figure 9.7.: Sensitivity response by speed limits: statistics (2017, 2018) vs. descrip-
tor (80%, 85%)

Compared with the prototype in Figure 8.7, Figure 9.7 shows the FCM sensitivity

response with lower accuracy results in relation the road actual data, especially for

speed limits set at 70 mph (i.e., 2.84%) [see Section 8.3].

51-20 mph, 21-30 mph, 31-40 mph, 41-50 mph, 51-60 mph, 61-70 mph, Motorway(M)
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Figure 9.8 contrasts statistics from 2017, the FCM prototype (80%), and the FCM

sensitivity response (75%) by speed limits6.
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Figure 9.8.: Sensitivity response by speed limits: statistics (2017, 2018) vs. descrip-
tor (80%, 75%)

Compared with the prototype in Figure 8.7, Figure 9.8 presents the FCM sensi-

tivity response, with lower accuracy results in relation to the actual road data. For

speed limits set at 20 mph a slight improvement was noticed (0.79%) [see Section

8.3].

61-20 mph, 21-30 mph, 31-40 mph, 41-50 mph, 51-60 mph, 61-70 mph, Motorway(M)
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9.3.4. Road Environment: Sensitivity Response by Lighting

Figure 9.9 contrasts the statistics from 2017, the FCM prototype (80%), and the

FCM sensitivity response (85%) and the the statistics from 2018, by lighting7.
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Figure 9.9.: Sensitivity response by lighting: statistics (2017, 2018) vs. descriptor
(80%, 85%)

Compared with the prototype in Figure 8.8, Figure 9.9 presents the FCM sensi-

tivity response with lower accuracy results. Interestingly, at night (i.e., DL) a slight

improvement was noticed (0.49%) [see Section 8.3].

7Daylight (D); Dark no lighting (DNL); Dark unlit (DU); Dark lit (DL); Dark light unknown
(DLU)
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Figure 9.10 contrasts the statistics from 2017, the FCM prototype (80%), and the

FCM sensitivity response (75%) and the statistics from 2018, by lighting8.
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Figure 9.10.: Sensitivity response by lighting: statistics (2017, 2018) vs. descriptor
(80%, 75%)

Compared with the prototype, Figure 8.8, in Figure 9.10 the FCM sensitivity

response shows similar accuracy results than the actual road data [see Section 8.3].

8Daylight (D); Dark no lighting (DNL); Dark unlit (DU); Dark lit (DL); Dark light unknown
(DLU)
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9.3.5. Road Infrastructure: Sensitivity Response by Road

Type

Figure 9.11 contrasts the statistics from 2017, the FCM prototype (80%), and the

FCM sensitivity response (85%) and the statistics from 2018, by road type9 .
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Figure 9.11.: Sensitivity response by road type: statistics (2017, 2018) vs. descriptor
(80%, 85%)

Compared with the prototype in Figure 8.9, Figure 9.11 shows the FCM sensitivity

response with similar accuracy results in relation to the actual data (STATS19; DfT,

2019). Interestingly, additionally it presents slight more accurate results at staggered

junctions (0.07%) and at multiple junctions (1.12%) [see Section 8.3].

90- No Junction (NJ); 1- T staggered (TS); 2- Roundabouts (R); 3- Mini-roundabouts (MR); 4-
Slip road (SL); 5-Cross roads (CR); 6-Private drive(PD) 7-Multiple Junction (MJ); 8-Other
Junction (OJ)
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Figure 9.12 contrasts the statistics from 2017, the FCM prototype (80%), and the

FCM sensitivity response (75%) and the statistics from 2018, by road type10.
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Figure 9.12.: Sensitivity response by road type: statistics (2017, 2018) vs. descriptor
(80%, 75%)

Compared with the FCM prototype, in Figure 9.12 the FCM sensitivity response

shows similar accuracy results. Interestingly, in addition to that it presents sig-

nificantly accurate trends at roundabouts and slightly less accurate at crossroads

(0.2%), and also at multiple junctions (1.12%) [see Section 8.3].

100- No Junction (NJ); 1- T staggered (TS); 2- Roundabouts (R); 3- Mini-roundabouts (MR); 4-
Slip road (SL); 5-Cross roads (CR); 6-Private drive (PD) 7-Multiple Junction (MJ); 8- Other
Junction (OJ)
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9.3.6. Road Infrastructure: Sensitivity Response by

Pedestrian Facilities

Since actual data from 2018 on pedestrian physical facilities11 was not found, Figure

9.13 contrasts statistics from 2017, the FCM prototype (i.e., descriptor 80%) and

the FCM sensitivity response for two distinct rules: 85%, 75%.
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Figure 9.13.: Sensitivity response by pedestrian physical facilities: statistics (2017)
vs. descriptor (80%, 85%, 75%)

Compared with the FCM prototype, the FCM sensitivity response indicates a

decreasing tendency at the FCM descriptor 85% zebra, pelican, pedestrian phase,

and central refuge. On the other hand, the FCM sensitivity response indicates a

decreasing tendency at the FCM descriptor 75% at zebra, pedestrian phase, and the

central refuge [see Section 8.3].

11Unknown(U); None crossing within 50 m(NC); Zebra (ZE); Pelican (PE); Pedestrian Phase
(PPH); Footbridge or subway (FS); Central refuge (CR)
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9.3.7. Lessons Learnt: Sensitivity Analysis

The FCM sensitivity response was tested on two different scenario rules: 85%, and

75%. The results were compared with the FCM prototype (80%) and actual statistics

from 2018 (i.e., descriptor 80%). By gender, like the FCM prototype, the FCM

sensitivity response succeeds with the indicative the trends. Moreover, the 75% set

of rules represents the highest accuracy rate. Regarding the age group, the FCM

sensitivity response partially succeeds with the indicative trends. For the elderly, the

75% set of rules represents the highest accuracy rate. One reason for misalignment

could be due lacking information from attributes such as ’non-recorded age’ leading

to mislead the system. As regards weather, the FCM sensitivity response mostly fails

with the indicative trends. Future work on using of more sophisticated algorithms

is therefore suggested. With respect to speed limits, the FCM sensitivity response

mostly fails with the indicative trends. Interestingly, for speed limits set at 70

mph, the 85% set of rules represents the highest accuracy rate. On lighting, the

FCM sensitivity response mostly fails with the indicative trends. Alike on weather,

future work on using more sophisticated algorithms is proposed. Concerning the

road type, the FCM sensitivity response mostly fails with the indicative trends.

Nevertheless, for roundabouts, the 75% set of rules represents promising trends. In

terms of pedestrian physical facilities, disappointingly data was found from neither

data from 2018 nor from 2019. As the most relevant factor in this study, a further

analysis on how to access this type of data is suggested. This is because the data

from 2017 and the scenario rules distinguish accidents to occur in the zebra most

likely (slightly on the 75%), the pelican (slightly more on the 85%), pedestrian phase

(slightly more on the 85%) and central refuge (slightly more on the 75%).
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9.4. Verification of the conducted Research:

Expert Opinion

This study mostly focused on adopting engineering measures to assess pedestrian

safety [see Chapters 2, 4 and 5]. To enable a deeper understanding of the study

under research and advance the collective insights, qualitative research methods

were applied by adding complementary contributions from a designated group of

experts to reduce bias (Fischeret al., 2023). Therefore, in this section it is aimed to

demonstrate the power and role of qualitative research methods and how these can

be employed. Here, two types of qualitative research techniques were applied: focus

groups and questionnaires (Savin-Banden et al., 2023). These were used to validate

the findings with the opinion of a group of experts (i.e., engineers) (Mirhashemi et

al., 2022). The questions were deployed to investigate nonnumerical methods, as to

learn nonquantifiable phenomena from the respondents (Savin-Banden et al., 2023).

The knowledge from the experts was collected in the form of an online questionnaire

(Hakkanen et al., 2022; Muchanga-Hvelplund, 2023). Furthermore, the deployed

questionnaire was created with a view of formulating a novel set of exploratory

questions (Anderson et al., 2022).

9.4.1. Background of the Experts

The knowledge of the experts (e.g., road designers and engineers) can provide with

robust and reliable information. Thus, a fundamental contribution for this research

study. In addition to that, it also adds human value to the understanding in which

people in different parts of the world with a similar professional background and

experience, perceive pedestrian safety. The focus group questionnaire was conducted

on 19 participants. The participants were located in 16 countries around the world

180



Chapter 9 9.4. Verification of the conducted Research: Expert Opinion

(Australia: 5.3%; Croatia: 10.5%; Denmark: 10.5%; Ecuador: 5.3%; Ghana: 5.3%;

Malaysia: 10.5%; Moldova: 5.3%; Nigeria: 5.3%; North Macedonia: 5.3%; Portugal:

5.3%; Romania: 5.3%; Serbia: 5.3%; Spain: 5.3%; Tunisia: 5.3%; Turkey: 5.3%;

United Kingdom: 5.3%). The participants were affiliated to distinct institutions

(i.e., Academia: 42.1%; Public Sector: 36.8%; Private Sector: 42.1%; Other: 5.3%).

Among others, some of these institutions included:

i. Academia - Faculty of Urbanism and Architecture; Monash University Malaysia

University of Zagreb.

ii. Public Sector - Malaysian Institute of Road Safety Centre; United Nations office

for Project Services (UNOPS).

iii. Private Sector - The World Bank.

9.4.2. Questionnaire

This questionnaire investigates the applicability of AI to assessing pedestrian safety

in Great Britain (GB). The aim is to validate the findings of the deployed prototype

with the expert’s opinion by comparing findings from questionnaire with the results

of the AI data analysis indicative trends. The questionnaire study was conducted

with 19 experts. Confirmatory road risk factor analysis differentiated pedestrian

accidents leading to fatalities into four main categories: human, environmental, in-

frastructure, and data quality. The questionnaire includes in total 21 questions that

are split into three main parts. Table 9.1 illustrates the survey structure (Muchanga-

Hvelplund, 2023).
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Table 9.1.: Questions

Part I
1. Please indicate your affiliation
2. Please select your country of residence
Part II - Examined road elements leading to pedestrian road-crash casualties
1. To your knowledge, rank the importance of human, environmental, and infrastructure factors that affect pedestrian road-crash casualties,
where 1 means irrelevant and 5 means critical. Human, Environmental, Infrastructural, The quality of the data)
2.Can you write down up to 10 words that come to mind when you think about pedestrian safety.
Part III - Validation of the findings: The projected data on GB road-crash fatalities for 2018 using 2017 data are presented below, by category

(i.e., Human, Environment, Infrastructure).
1. Human category: How confident are you that the anticipated GB percentages for 2018 match the actual data in your region for 2018?
2. Road environment category: How confident are you that the anticipated GB percentages for 2018 match the actual data in your region for
2018?
3. Road infrastructure category: How confident are you that the anticipated GB percentages for 2018 match the actual data in your region for
2018?
4. To reduce pedestrian road-crash casualties, based on the analysis of GB road data from 2017 and your region’s data, which factor would you
prioritise evaluating?
5. In terms of pedestrian general attributes (i.e., gender, age group) the research findings indicate human error as a major factor in pedestrian
road-crash fatalities. Can you explain ways you have for addressing both human error factors affecting pedestrian safety? Give some examples
of concrete effective measures (e.g., by gender and age group).
6. In terms of the road environment, the findings indicate that adverse environmental conditions (e.g., weather), speed limits, and lighting systems
are major influencing factors in pedestrian road-crash fatalities. How confident are you that these environmental conditions affect pedestrian
safety?
7. Can you provide with recommendations with concrete examples, for reducing the impact of road environmental conditions such as rain and
wind, permanent speed limits set at 30 mph, and lower levels of lighting that result in pedestrian road-crash casualties?
8. Road infrastructure results show that the absence of Pedestrian physical facilities (e.g., footbridge, zebra crossings) is a critical factor affecting
pedestrian road-crash fatalities. How confident are you that absence pedestrian physical facilities affect pedestrian safety?
9. Can you provide with concrete measures that can mitigate the impact of absent pedestrian physical facilities leading to pedestrian road-crash
fatalities?
Part IV - Validation of the recommendations based on the findings from the examined road data.
1. The findings of this show a paucity of literature on various levels of cognitive disabilities affecting pedestrian road crashes. What would you
suggest to prepare for future research on this topic?
2. To date, fewer studies have focused on gathering road data from contributory elements that can help gain new insights to reduce road-crash
fatalities. Can you provide with concrete recommendations to address the data collection procedure?
3. Overall, how confident are you that the above questions are applicable to other regions (e.g., regional, international)?
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9.4.3. Findings from the Experts

In this section the opinion from experts will validate the findings from the deployed

prototype. Figure 9.14 shows the views of the participants through ranking the

importance of human factors affecting pedestrian road-crash casualties, where 1

means irrelevant and 5 means critical.

Figure 9.14.: Ranking of human factors affecting pedestrian safety

As presented in Figure 9.14, most participants indicated the importance of human

factors that affect pedestrian road-crash casualties to be five (52.6%) followed by

four (26.3%) and lastly three (21.1%). By contrast, when considering some human

attributes (i.e., gender, age groups) the prototype demonstrated to align the actual

data (i.e., 2018) ahead in time by gender. Moreover, it detailed a rank on the

critical road-crash fatalities patterns accordingly: male and elderly. However, by age

group, in terms of the prototype accuracy it does not present acceptable performance

measures (i.e., MOE) [see Section 8.3].
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Figure 9.15 below presents the participants ranking on the importance of environ-

mental factors affecting pedestrian road-crash casualties, where 1 means irrelevant

and 5 means critical.

Figure 9.15.: Environmental factors affecting pedestrian safety

As shown in Figure 9.15, participants in the group indicated that the importance

of environmental factors that affect pedestrian road-crash casualties is as follows:

five (36.8%), four (31.6%), three (21.1%), and two (10.5%). In contrast, when

considering some environmental attributes (i.e., speed limits, weather, lighting con-

dition) the prototype ranked in detail road-crash casualty patterns as follows: fine

weather with no winds, permanent speed limits set at 30 mph during, with daylight

[see Section 8.3]. However, on the weather the prototype indicates opposite results

to the indicative trends. Regarding the speed limits, the prototype does not present

an acceptable accuracy performance measure (i.e., MOE). In addition to that, as

regards the lighting condition, the prototype does not present acceptable accuracy

performance measures (i.e., MOE, z-score) [see Section 8.3].
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Figure 9.16 shows the participants ranking on the importance of infrastructural

factors affecting pedestrian road-crash casualties, where 1 means irrelevant and 5

means critical.

Figure 9.16.: Infrastructural factors affecting pedestrian safety

As can be seen in Figure 9.16, most of the participants indicated the importance of

infrastructural factors affecting pedestrian road-crash casualties to be five (68.4%),

followed by four (21.1%) and three (10.5%). On the other hand, based on a few

physical infrastructural attributes (i.e., road type, pedestrian physical facilities),

the prototype prioritised road-crash casualty patterns at no pedestrian physical fa-

cility within 50 m, followed by at no junction. However, about the pedestrian

physical facilities, actual statistics from 2018 were not found. In addition to that,

the road type prototype mostly indicates opposite results to the indicative trends

with the critical addition that the prototype does not present acceptable accuracy

performance measures (i.e., MOE) [see Section 8.3].
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Figure 9.16 introduces the ranking of the participants on the importance of the

quality of the data affecting pedestrian road-crash casualties, where 1 means irrele-

vant and 5 means critical.

Figure 9.17.: Data quality affecting pedestrian safety

In Figure 9.17, most responses of the ranking regarding the importance of the

quality of the data affecting pedestrian road-crash casualties indicated five (47.4%)

followed by four (42.1%) and lastly three (10.5%). As presented above in Figures

9.15, 9.16, 9.17, based on a distinct of attributes (i.e., human, environmental, in-

frastructural), the prototype forms different road-crashes patterns [see Section 8.3].

One critical aspect previously mentioned, is the high rate of non-recorded ages, as it

may likely affect the metrics of performance. Another critical element likely leading

to system validation is disqualification at pedestrian physical facilities, is the lack of

data availability in 2018 for road-crash fatalities in that specific location [see Section

8.3.3].
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Figures 9.18 illustrates an overview of words related to pedestrian safety written

by the participants.

Figure 9.18.: Pedestrian safety keywords

The words presented in Figure 9.18, illustrate the general perception of pedestrian

safety from a group of experts. The presented words appeared to construct a mean-

ing based on words ’visibility’, ’age groups’, ’speed’ and ’pedestrian facilities’. In

this question, neither the words ’data’ nor standard were mentioned by the experts.

By contrast, the prototype carried out a data-driven investigation on most of the

keywords mentioned by the participants [see Chapter 2, Section 8.3].

187



Chapter 9 9.4. Verification of the conducted Research: Expert Opinion

Figure 9.19 presents the opinion of the participants regarding the anticipated

percentages of GB for 2018 (by gender and age group) that match the actual data

in their respective region for 2018.

Figure 9.19.: Road-crash by gender and by age group: comparison between GB data
and the participants’ respective country of residence

Figure 9.19 shows many of the participants to confident with the projected trends

by gender and age group. By gender, the results indicated somewhat confident (10

out of 19), followed by quite confident (5 out of 19), extremely confident (2 out of

19), slightly confident (1 out of 19), not at all confident (1 out of 19). By contrast,

the prototype demonstrated to align the trends, by using data from 2017 [see Section

8.3]. The respondents indicated to have less confidence the anticipated percentages

by age group where the results indicated somewhat confident (8 out of 19), followed

by quite confident (7 out of 19), extremely confident (1 out of 19), slightly confident

(2 out of 19), not at all confident (1 out of 19). In contrast, the results from the

prototype demonstrated to align with the findings due to a significant number of

non-recorded ages (NRA) [see Section 8.3.1].
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Figure 9.20 presents the opinion of the participants on the anticipated GB per-

centages for 2018 (by weather, speed limits, and lighting systems) that match the

actual data in their respective region, also for 2018.

Figure 9.20.: Road-crash by weather, by speed limits, and by lighting systems: com-
parison between GB data and the respondents’ respective country of
residence

Figure 9.20 shows the responses of the participants on the level of confidence from

the prototype projected trends. Regarding the speed limits results, these indicated

quite confident (7 out of 18), followed by somewhat confident (5 out of 18), not at

all confident (3 out of 18), slightly confident (2 out of 18), extremely confident (1

out of 18). On the other hand, the prototype the MOE does not present acceptable

accuracy performance for measures. As regards lighting systems, the results indi-

cated quite confident (8 out of 18), followed by somewhat confident (5 out of 18),

slightly confident (3 out of 18), not at all confident (2 out of 18). By contrast, the

prototype does not present acceptable accuracy performance measures (i.e., MOE,

z-score). On the weather, the results indicated somewhat confident (10 out of 18),

followed by slightly confident (5 out of 19), quite confident (3 out of 18), not at all

confident (1 out of 19). In contrast, the prototype indicates opposite results to the

indicative trends [see Section 8.3].
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Figure 9.21 presents the opinion of the participants on the anticipated percentages

of GB for 2018 (by road type and pedestrian facilities type) that corresponds to the

actual data in their respective region also for 2018.

Figure 9.21.: Road-crash by road type and by pedestrian facilities type: comparison
between GB data and the respondents’ respective country of residence

Figure 9.21 presents the responses of the participants on the level of confidence

from the prototype projected trends. Regarding the road type, these indicated

somewhat confident (8 out of 19), followed by quite confident (7 out of 19), extremely

confident (2 out of 19), slightly confident (1 out of 19), not at all confident (1

out of 19). In overall, the prototype indicates opposite results to the indicative

trends and in addition to that, the prototype MOE does not present an acceptable

performance for measuring accuracy. As regards pedestrian physical facilities, the

results indicated quite confident (8 out of 19), followed by somewhat confident (4

out of 19), extremely confident (3 out of 19), slightly confident (1 out of 19), not

at all confident (1 out of 19). Here, GB data from 2018 on road-crash fatalities at

pedestrian physical facilities for comparison with the findings of the prototype was

not found [see Section 8.3].
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Figure 9.22 presents the priority ranking of the respondents on pedestrian road

crash factors (i.e., human, environmental, infrastructure, other) of GB road data

from 2017 and their respective region.

Figure 9.22.: Road-crash priority factors to improve pedestrian safety

In Figure 9.22, the responses prioritised road factors to improve pedestrian safety

as follows: infrastructure (62.3%), human (31.6%), and environment (5.3%) [see

Section 8.3]. By contrast, the prototype ranked four highest attributes that af-

fect road-crash casualty rates under the following categories: environment (i.e., fine

weather with no wind; speed limits set at 30 mph), infrastructure (i.e., absent pedes-

trian facilities), and human (i.e., male). However, compared with actual data ahead

in time, on environmental factors the prototype indicates opposite trends. More

particularly, the weather and the speed limits presented an underperforming MOE

in terms of accuracy. Furthermore, regarding the infrastructure, at no pedestrian

physical facility within 50 m [see Figures 8.10, 9.21], it was not possible to compare

the prototype projected trends due to lack of data from 2018. Lastly, regarding

human factors these demonstrated to align the actual data ahead in time, by gen-

der. More in detail, the prototype indicated males with the highest tendency of

exposure to road fatalities. Moreover, an increasing tendency of female exposure to

road-crashes was indicated [see Section 8.3].
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Figure 9.23 illustrates some of the contributions of the participants to address

human error factors that affect pedestrian safety.

Figure 9.23.: Contributions to address pedestrian safety due to human error

Figure 9.23 illustrates an overview of the contributions of the participants for ad-

dressing human errors that affect pedestrian safety. Specific comments included on

words ’...visibility of young and elderly pedestrians during night-time...’, ’...pedes-

trian safety as a priority’, ’Separate vulnerable road users facilities...’ and ‘...train-

ing and retraining...’. No comments on how to differentiate training by gender were

found [see Chapter 4, Section 8.3.1].
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Figure 9.24 presents the ranking of the participants in environmental conditions

that affect pedestrian safety.

Figure 9.24.: Environmental conditions affecting pedestrian safety

In Figure 9.24, most responses of the ranking regarding environmental conditions

(i.e., weather, speed limits and lighting conditions) affecting pedestrian safety in-

dicated to be quite confident (58.8%), somewhat confident (23.5%) and extremely

confident (17.6%). By contrast, the findings of the prototype by the weather mostly

fails to project the trends. Moreover, by speed limits and by lighting conditions the

prototype presented underperforming accuracy measures [see Section 8.3].
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Figure 9.25 presents some of the contributions from the participants regarding

preventive measures to address environmental conditions affecting pedestrian safety.

Figure 9.25.: Road environment affecting pedestrian safety

Figure 9.25 presents some of the contributions of the participants preventive mea-

sures to address environmental conditions that affect pedestrian safety. Specific

answers included on words ’speed limit around residential areas...’ ’ I don’t think

that rain and/or wind affect too much in Spain...only speed limits should be taken

into consideration...’, ’...pedestrian safety as a priority’, ’In my town, drainages are

oftentimes clogged by dirt...’ and ’...training and retraining...’. No comments on

how to implement pedestrian safety facilities due to adverse weather (e.g., snow)

were found [see Chapter 5, Section 2.4.2].
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Figure 9.26 presents the ranking of the participants regarding the absence of

pedestrian physical facilities affecting pedestrian safety.

Figure 9.26.: Absent pedestrian physical facilities affecting pedestrian safety

In Figure 9.25, most of the ranking responses regarding the absence pedestrian

physical facilities that affect pedestrian safety indicated to be quite confident (44.4%),

extremely confident (38.9%), somewhat confident (11.1%) and slightly confident

(5.6%). In contrast, the prototype indicated an increasing tendency for most types

of pedestrian physical facilities except for absent pedestrian physical facilities where

a decreasing tendency was projected. However, due to the lack of available data from

2018 on the classified pedestrian physical facilities (e.g., absent physical facilities,

pelican) the findings cannot be compared [see Section 8.3.3].
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Figure 9.27 presents the contributions of the participants in addressing the existing

challenges regarding absent pedestrian physical facilities affecting pedestrian safety.

Figure 9.27.: Challenges regarding absent pedestrian physical facilities

Figure 9.27 presents some of the contributions of the participants preventive mea-

sures to address absent pedestrian physical facilities affecting pedestrian safety. Spe-

cific answers included sentences such as ’... Creating .... visible crosswalks and

pedestrian bridges or underpasses...’, ’...the evidence regarding the use of bridge is

not good, as these are seen as inconvenient in many countries...’, ’To adopt a human-

centric infrastructure ...’. No comments on how shared spaces could be adopted to

improve pedestrian safety were found [see Chapter 5, Section 2.4.5].
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Figure 9.28 presents some of the suggestions for future research by the participants

regarding cognitive disabilities that affect pedestrian road crashes.

Figure 9.28.: Pedestrian cognitive disabilities impacting on pedestrian safety

Figure 9.28 presents some of the contributions the participants on future research

to improve pedestrian safety regarding cognitive disabilities. Some of the answers

from the participants included ’...we don’t need to wait for this type of research

before we act...’, ’I’m not sure.’, ’Tech companies have speed data that can help

a lot...’. No comments on suggesting further research to be adopted in different

regions on this topic were found [see Chapter 4].
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Figure 9.29 presents recommendations of the participants for improving data col-

lection procedures.

Figure 9.29.: The improvement of data collection procedures

Figure 9.29 presents some of the contributions of the participants in improving

data collection procedures. Some of the answers from the participants included,

’...multi agency collaborative to enhance data standard and quality.’ ’We do lack

data on the impact of pedestrian exposure...’, ’...better coordination between main

road safety stakeholders’, ’...data generated from computer vision and image pro-

cessing. AI will help in finding the pattern and generate insights from patterns...’.

No comments on how to improve the procedure of data collection were found [see

Chapters 4, 5, and 7].
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Figure 9.30 presents the ranking with views of the participants on the applicability

of adopting AI to examine pedestrian safety with a similar approach in different

regions.

Figure 9.30.: The applicability of AI cross-region to improve pedestrian safety

In Figure 9.30, many of the responses on the applicability of adopting AI to exam-

ine pedestrian safety in different regions, indicated that they were quite confident

(57.9%), somewhat confident (15.8%), slightly confident (15. 8%) and extremely

confident (10.5%). By contrast, the prototype demonstrates its applicability to dif-

ferent regions [see Section 8.2.1].

9.4.4. Lessons Learnt: Expert Opinion

As part of this study, the deployed questionnaire to a designated group of engineers

(i.e., focus group), presented an opportunity to comprehend additional ways in which

the knowledge and experience from international professionals can contribute to im-

prove pedestrian safety. Even though the focus group is not representative of all

engineers worldwide, the expert opinion collected, can provide a foundation for the

development of new approach that successfully meets the needs to improve pedes-

trian safety. However, the findings of this questionnaire did not point to topics
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related to improvement procedures of data collection such as standardisation [see

Chapters 2, 7, Sections 2.5.2, and 10.3]. Another aspect that is not present in the

answers of the questionnaire, regarded the direction of future research on pedes-

trian safety approaches for pedestrians with cognitive disabilities. Disappointingly,

for pedestrians with cognitive disabilities (e.g., dementia), the prototype does not

project any trends. This is because the database (i.e., STATS19) does not include

that type of details on the metadata (e.g., pedestrians with dementia by gender,

location, level of disability) [see Sections 2.3, and 6.2.1]. On the other hand, even

though a high rate of non-recorded ages were found, for the elderly, the prototype

still indicates an increasing tendency which aligns with the actual data [see Chapters

2, and 5] and 8.3]. In summary, the results of the questionnaire carried out in this

study, are significant in at least two major respects: developing new approaches and

raising the awareness of the participants. This is particularly valuable to the proto-

type deployed in this study. Overall, the questionnaire was well received and more

importantly for further progress, it confirmed the willingness of the participants to

support improvements in pedestrian safety. As an example, some of the participants

reiterated their appreciation to "contribute with new ways" to improve pedestrian

safety. Moreover, some participants proactively offered for future collaboration. To

the success of these initiatives, further investigations to establish how to engage a

wider community at an earlier stage are needed.

9.5. Observations

Overall, the data analysis conducted in Section 9.3 demonstrates its applicability for

short-term projections, specifically one year ahead. However, the results of the sen-

sitivity responsiveness in this chapter reveal limitations for describing future events.

Similarly, the findings from the expert opinion demonstrate similar constraints. A
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possible explanation for this might be a lack of data quality, which has been empha-

sised by the deployed prototype. Nevertheless, an interesting finding that emerges

from systematically correlating data about pedestrian general attributes (Uzan and

Wagstaff, 2017; Hezaveh and Cherry, 2018) and the road infrastructure (Sullivan and

Flannagan, 2002), with expert opinion, is that these can complementarily contribute

to deepening the understanding of previously unexplored patterns leading to road

crash-casualties [see Chapters 2, 4, 5, and Section 9.4]. For future research work,

the provision of standardised interfaces to integrate the data should be considered.

This is a crucial measure to help prevent interoperability issues.
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9.6. Extracted Knowledge on Pedestrian Safety:

Practical Applicability

This study confirms that implementing relevant pedestrian physical facilities, can

considerably reduce pedestrian safety road crashes. Moreover, consistent with the

literature, the absence of pedestrian physical infrastructure, significantly worsens

pedestrian safety [see Chapters 2, 5, 8, and 9]. These results, support the idea of

re-assessing the influence of each type of the existing pedestrian physical facilities.

Additionally, they support to recommend targeted training that can prioritise differ-

ent levels of road-crash exposure (e.g., male, elderly, and children). Moreover, they

suggest exploring methods that can measure different levels of cognitive disabilities.

Furthermore, to introduce physical facilities accounting for weather condition during

the day, for illuminance at night, and for locations with permanent speed limits set

at 30 mph. However, the main weakness of this approach to be successful is the

lack of data quality [see Section 8.3]. An implication of this finding is that it might

affect the system reliability. Therefore, it must be interpreted highly cautiously.
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10. Discussion

10.1. Introduction

The adoption of ML to systematically investigate pedestrian safety has proven its

applicability and complexity. The latter happens due to the influence of various

road elements, adding a significant level of unpredictability (e.g., human behaviour,

weather). Therefore, a pre-defined characterisation including an inter-relational,

prioritised, and streamlined working framework, is vital. This chapter discusses

the progress made with the FCM prototype deployment [see Chapter 8] under the

following headings:

10.2 Contributory Factors

10.3 The role of Data Quality

10.4 Prototype Deployment

10.5 Systemic Data Analysis and Evaluation

10.6 Data Quality Improvement
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10.2. Contributory Factors

The first phase entailed investigating a number of contributory factors influencing

pedestrian-road crash casualty causation. During this phase, the methodologies cur-

rently used were further explored. Subsequently, relevant information was selected,

followed by its incorporation into the deployed prototype. The information was cate-

gorised into three main categories: pedestrian general attributes, road environment,

and road infrastructure.

10.2.1. Pedestrian General Attributes

Looking into the pedestrian general attributes in a road environment, pedestrian

safety models by gender (i.e., male, female) and age group (children, young adoles-

cents, adults, elderly) were previously explored [see Section 2.3.1]. The results show

the elderly, children, and females as the most vulnerable. However, interestingly,

overall, males were the ones accounting for the highest exposure to pedestrian road-

crash casualties. Furthermore, a note of caution is needed for pedestrians diagnosed

with cognitive disabilities since a limited body of both quantitative and qualitative

literature was found. These findings propose scrutinising information on pedestrian

general attributes in more depth. However, pedestrian safety models are highly de-

pendent on the quality of their reliability and consistency (Hatfield and Murphy,

2007; Twisk et al., 2015; Nemire et al., 2016; Earl et al., 2018). Therefore, adopting

more sophisticated pedestrian safety models to improve data quality while reducing

data dependency is highly recommended.
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10.2.2. The Infrastructural Urban Road Environment

The urban road environment explored two different groups of pedestrian safety mod-

els: road environment (i.e., weather, speed limits, lighting), and road infrastructure

(i.e., road type, pedestrian physical facilities). As can be seen in Section 10.2.1, a

significant number of pedestrian safety models demonstrate a high dependency on

the quality of the data.

Road Environment

Regarding the forecasting accuracy of the FCM prototype (i.e., descriptor), the

weather seems the most challenging to describe. Nevertheless, evidence collected

on weather conditions influencing road-crashes in GB indicates a general least like-

lihood of pedestrian road casualties when raining. In addition to that, a study

conducted in Greece using a 21-year dataset, indicated increases in rainfall reduce

road-crash fatality trends as physical activity levels tend to decrease [see Section

2.4.2]. In the same vein, another useful study shows pedestrians perceiving the

weather as a barrier to physical movement (e.g., poor visibility) (Mohamed et al.,

2013). Regarding the effects of permanent speed limits in a road environment, the

adjustment of speed limits (e.g., introducing variable speed limits at rush hour) and

the adoption of traffic calming treatments have been previously proposed [see Sec-

tion 2.4.3]. As regards lighting, the results prove higher illuminance ratios reassure

the pedestrians cognitive judgements (e.g., detecting obstacles). However, in this

context, the MAPE examined in this study was found to be limited to the location

of experimentation [see Section 5.2.3]. Therefore, the adoption of this method as

complementary or the use of more sophisticated models requiring a lower amount

of data is proposed [see Sections 2.4.4 and 5.2.3].
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Road Physical Facilities

In this group, pedestrian safety models considered two main groups: intersections

and roundabouts. Regarding intersections, overall, T or staggered junctions rep-

resented the highest pedestrian road-crashes due to poor sight at multiple conflict

points. On the other hand, roundabouts and mini-roundabouts demonstrated their

potential to reduce pedestrian road-crashes by up to 30% (Li et al., 2012; DfT,

2018; Vignali et al., 2020). However, surprisingly, a parameter or feature that dif-

ferentiates between unsignalised and signalised intersections was not found. This

is rather disappointing, as according to many, each type of sign at an intersection

regulates different traffic characteristics (Prasetijo and Ahmad, 2012; Feliciani et

al., 2017). For example, should the unsignalised intersection account for the geo-

metric design based on the number of pedestrians crossing, its applicability would

become far more useful. Therefore, should a signalised intersection be designed as

part of a traffic system based on the pedestrians’ crossing speeds, the same principle

should apply (Onelcin and Alver, 2017). As regards pedestrian physical facilities,

although the analysis did not directly focus on the effects of present vs. absent

pedestrian physical facilities, the presence of pedestrian facilities was indicated as

a fundamental factor in reducing pedestrian road-crash casualties. For instance, in

GB, most road-crashes occurred when pedestrian facilities were absent (67.6%) fol-

lowed by pedestrians located at pelican or similar (14.1%) (DfT, 2018) [see Chapter

8]. The selected pedestrian safety models for examination were for the zebra, since,

as explained in Section 5.3 pedestrian safety models for the pelican, footbridge and

private property were not found. About the zebra, according to Al Bargi and Daniel,

2020 a key finding was that pedestrian crossings seem not to be directly influenced

by the design of the road infrastructure. Chapters 2, 4, and 5 agree.
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10.3. The role of Data Quality

The second phase of the prototype deployment consisted of collecting data from a

database (DfT, 2017; DfT, 2018). The evidence indicated data quality to play a

fundamental role to enable a systematic investigation to improve pedestrian safety

[see Section 6.5]. Data mining was adopted to systematically identify previously

unforeseen patterns by applying the FCM on road data that combined pedestrian

general attributes and road elements. The undertaken analysis demonstrates that

indicative trends can be concluded based on the attributes under examination. Dif-

ferent scenario rules (e.g., gender: 75%; pelican: 85%) present different levels of

accuracy rates. In addition to that, when it comes to projecting unforeseen events,

the lack of data (e.g., NRA), may lead to misleadin conclusions of the system based

about the analysed road elements (in this case, the age group) and the entire analy-

sis. Therefore, enhancing the consistency of databases (e.g., content, algorithms, set

of rules) to improve data quality is crucial [see Chapters 6, 7]. This is because data

quality can ensure scalability to multiple regions while facilitating the development

of a policy, standard, or procedure [see Section 2.6]. Nevertheless, much debate on

the benefits of using datamining over traditional statistical analysis and vice versa

has been carried out [see Chapter 2]. Each form of analysis has certain advantages

and shortcomings. A comparative analysis between traditional statistics and ML

follows.
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10.3.1. Statistical Analysis: Data Samples

A Traditional Statistical Analysis

For approximately a decade (2009-2019), in GB, road data reported to police showed

an overall average decrease in pedestrian road-crash casualties, where a steep de-

crease of 20% was noticed. Moreover, it showed a continuous decreasing tendency

of pedestrian road-crash casualties’ tendency between 2009 and 2015 (DfT, 2015).

On the other hand, between 2015 and 2019, some fluctuations were noticed. Table

10.1 presents the pedestrian road-crash casualty over a 5-year period (2015-2019).

Table 10.1.: Pedestrian road-crash casualty data: 2015-2019

Year Trend

2014-2015 ↓ a drop by 8% (DfT, 2015)

2015-2016 ↑ a marked increase by 10% (DfT, 2016)

2016-2017 ↗ a gradual increase by 5% (DfT, 2017)

2017-2018 ↙a slight fall by 3% (DfT, 2018)

2018-2019 → remained steady with 3% (DfT, 2019)

As can be observed in Table 10.1 two marking periods are noted: 2015-2016;

2016-2017. When comparing both periods, a 50% reduction in the overall number

of pedestrian road-crash fatalities is noticed. Even so, the first period shows a 10%

decrease compared to the previous year, and the second period shows a 5% increase.

The first period (i.e., 2015-2016), shows a steady increase from 408 in 2015 to 448

in 2016. Additionally, on the pedestrians’ gender, 56% were reported as males,

whereas 26% of the age group was aged between one and 15 years old. The records

also show that 36% of pedestrian road-crashes were registered between 3 p.m. and
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7 p.m. Regarding the road type classification, the in built up roads (i.e., roads with

permanent speed limits at 40 mph accounted for 18% of the pedestrian road-crash

casualty, compared with 2% on other type of roads (e.g., non-built up roads, motor-

ways) (DfT, 2016). The second period (i.e., 2016-2017), shows a gradual increase

from 448 in 2015 to 470 in 2016. Like the first period findings, the gender of the

pedestrians remained, whereas in the age group between one and 15 years old, only a

slight decrease (i.e., 1%) was noticed. Regarding the road type classification, urban

roads involved a higher number of pedestrian road collisions (i.e., 20%) compared

with 5% on rural roads. One interesting finding was that, compared with the first

period, the terminologies for the road classification were modified (or readjusted

from in built up roads to rural roads and from non-built up roads to urban roads)

(DfT, 2017).

A Statistical Analysis using KNIME

The results obtained from the 10-year period data analysis conducted in this research

align with findings from official sources. Figure 10.1, illustrates the extracted data

from the pre-defined requirements.

Upon exploring the data, Figure 10.1b shows out of 23.805 accidents involving

pedestrians, 470 resulted in pedestrian fatalities, of which 315 were males and 155

were females. These results align with the official sources (DfT, 2017). However,

some other expected limitations of this approach are as follows:

i. Filling out the actual road data form manually: possible misspelling and misun-

derstanding of the information when transferred into a database.

ii. Filling missing fields manually on the database: misunderstandings or a higher
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(a) Data filtering process (b) Data extracted results

Figure 10.1.: Extracted records

time consumption in processing the data as handling large sets of data (e.g.,

23.805 accidents) (Figure 10.1b).

iii. Discarding unknown records: discarding all the unknown values; for example,

27 accidents with the unknown gender were discarded (Figure 10.1b). This is

a key issue that can directly affect the analysis’s applicability to reality.

iv. Using the mean: The mean of each attribute contains missing values to fill these

fields. This only applies to databases consisting of numerical values.

Despite the limitations mentioned above, the short-term data projections under-

taken in this study surpass standard expectations by achieving an acceptable overall

accuracy rate of 97.03% [see Section 8.2.2, Table 8.1]. Additionally, for each of the

examined factors, it establishes three distinct rules to test the model response at

80%, 75%, and 85% respectively [see Sections 8.3, and 9.3]. Furthermore, this sec-

tion introduces how the prototype can be applied to the entire database for achieving

long-term data projections (i.e., over a 10-year period).
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10.3.2. Computational Datamining Tool Selection: KNIME

A variety of ML pedestrian safety models have been deployed to explore the influence

of pedestrian general attributes (i.e., gender, age group), the road road environment

(e.g., weather, speed limits, lighting) and the road infrastructure (e.g., road type,

pedestrian facilities) on pedestrian road-crashes [see Chapters 4, 5, Section 7.3].

The FCM prototype was deployed on KNIME a software application tool [KNIME

v 3.7.2, 2019]. As previously introduced in Section 3.3. KNIME is a computational

datamining tool that integrates various components for modelling algorithms. It uses

modular data flows, modules or pipelining "Lego of Analytics" concept (KNIME,

2021) [see Sections 6.2, and 6.2.1]. KNIME integrates various other open-source

projects (e.g., ML Weka, H2O.ai, Keras, Spark). This means that depending on

the data, KNIME offers options of the most appropriate programming and configur-

ing language[s), not just to the application but also to each part of the application

(KNIME version 3.7.2, Release date: April 18, 2019). These features are partic-

ularly useful since the deployed system account for communicating smoothly with

the different interfaces (e.g., native connectors, data transformation, visualisation,

export). In summary, KNIME came across as promising tool to assess the effec-

tiveness of the FCM applicability on examine road data. This because its in-built

capabilities demonstrated relevant capabilities to deploy the required system with a

considerable level of flexibility.

10.4. Prototype Deployment

This section regards the FCM prototype deployment features using KNIME. With

respect to the system capabilities, processes and techniques of exploring data are

explicitly described in Chapter 6 (Ehsaei and Evdorides, 2011; Massaro et al., 2020).
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Data exploration regarded two main types functionalities: data configuration, data

transformation [see Section 6.2]. A few examples are shared below:

Data Configuration: with respect to data filtering, Table 3.1 shows the selection

procedure (e.g., Car_passenger added to excluded variables, Casualty_Class

added to included variables) of the data configuration functionality [see Section

10.3.2].

Data Configuration: in terms of data verification, Figure 3.7 shows the data split

into two sub-modes: descriptor (e.g., 80%), predictor (e.g., 20%). This means

the descriptor refers to 80% of trained data, and the predictor to 20% of tested

data. Both modes were verified on the FCM demonstrator. The descriptor

sub-mode was explored on the FCM prototype, and tested the use of new rules

FCM sensitivity response [see Section 10.3.2].

Data Transformation: on data association, Figure 6.3 illustrates a joiner which is

a data transformation functionality [see Section 10.3.2].

In Chapter 6 Figure 6.6 shows that after selecting an ML algorithm, the quality

settings enabled to statistically score the inter-relational values between the selected

attributes. This is categorised as a data transformation functionality [see Section

10.3.2]. Regarding data visualisation, the format .svg was used. To the proposed

analysis, included data verification (i.e., descriptor 50%, and predictor 50%), data

analysis (i.e., descriptor 80%), and data validation with a set of new rules (i.e.,

descriptor 75%, and descriptor to 85%). Although this systematic investigation en-

abled considerable flexibility, there are no guarantees to obtain the all the possible

answers as these may still result in lacking functionality and also efficiency (e.g.,

data correlations) [see Chapter 9, Section 6.4.2]. Summarising, the representational

pipelining provided by KNIME, enables formulating problem-solving techniques de-
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scribed with a series of data flows and relationships, expressed as modules. The

following sections present the adopted FCM applicability more in detail.

10.4.1. FCM: GB Pedestrian Road-Crash Casualty Causation

This section describes the three main steps taken to deploy the FCM, by using using

actual pedestrian road-crash data from the GB in 2017 (DfT, 2017) [see Chapter 8].

The knowledge discovery approach on GB pedestrian road-crash data was under-

taken as follows:

i. Statistics: GB [see Section 10.3.1].

ii. FCM demonstrator: GB vs. London (i.e., statistics, descriptor, predictor) [see

Sections 8.2.2, 8.2.3].

iii. FCM prototype: GB (i.e., statistics, descriptor) [see Section 8.3].

iv. FCM sensitivity response: (i.e., statistics, descriptor: new rules) [see Chapter

9].

The data was made available both from a public and official source (DfT, 2017;

DfT, 2018). Additionally, to visualise the statistical road data geographically, a tool

called Google Earth Education was used [see Section 8.2]. The actual road data was

provided by the public data source STATS19, which was selected (e.g., pedestrian

attributes, road elements) and combined using KNIME, in all forms. Under these

conditions, the FCM was applied to actual road data from 2017. The discovered

knowledge from the FCM was then compared with actual road data from the follow-

ing year (i.e., 2018). However, it was felt that the gathered knowledge could have

been provided with a higher degree of reliability. This because, whilst the prototype
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was being deployed, some of the findings triggered the need to further investigate a

few distinctive characteristics. An example was that the investigated data during a

1-year period described 10 pedestrian fatalities on a single accident which accounted

for 3.42% of the total number of pedestrian fatalities. Similar results from the offi-

cial sources were not found [see Section 8.2.2]. Even though being out of the scope

of this study, the findings suggest further investigation on other types of road users

(e.g., drivers) and road elements (e.g., vehicles). In summary, the objectives to dis-

cover knowledge by incorporating road data into KNIME and applying the FCM

was successfully achieved. Therefore, KNIME proves the applicability of modules

and KDD. This to both manage data and extract relevant knowledge in a consistent

and efficient manner [see Sections 3.4, 10.3.2]. However, the prototype only proves

to be study-specific as it does not provide reasoning capabilities for different sets of

data [see Chapter 8; Section 8.2]. To develop a comprehensive analysis, the following

requirements were assessed:

Criteria specification: based on a number of assumptions combined with a range

of variables to enable getting a clear representation of the examined data using

KNIME.

Applicability into actual data: to verify and demonstrate the applicability of the

mechanisms used for discovering new knowledge using the FCM.

Sensitiveness testing: to both create and formulate new rules in a simple and easy

manner.

Although the FCM is understood as an effective concept based on a set of pro-

cedures (e.g., rules, techniques), from the examined road elements (i.e., pedestrian

general attributes, road environment, road infrastructure), it was not possible to

exclusively rely on the extracted knowledge to draw firm conclusions on reasons
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underpinning pedestrian road-crash casualties in an urban road environment. Still,

recent advancements show other computational tools applying more sophisticated

unsupervised ML models in real-time and also to different regions [see Section 7.2.4].

Moreover, the latest deployed tools may likely provide a more user-friendly and more

clarified procedural development (e.g., new features to the algorithms, aggregation

of the modules). Nevertheless, the tests conducted using the FCM prototype and

the FCM sensitivity response were successful. In addition to that, the results showed

some degree of alignment between the described trends and the actual data (e.g.,

gender, lighting with a chance of a fatality at night). Moreover, the trends objec-

tively point to relevant rules that are applicable to specific factors [see Sections 8.5,

9.5]. However, based on this specific study, understanding how external factors (i.e.,

computational capabilities, pedestrian general attributes, and road elements) can

influence the raw data to explore new knowledge lies in the unknown.
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10.5. Systemic Data Analysis Evaluation

KNIME was adopted to handle several data exploring procedures and apply ML

algorithms into road data [see Sections 6.2, 6.3]. The exercise included tasks as

follows:

i. Data pre-processing.

ii. Classification (e.g., clustering, regression).

iii. Data verification.

iv. Visualisation.

v. Feature selection, configuration.

Regarding the computational datamining tool term "data analysis evaluation", any

data analysis entails two fundamental aspects: verification and validation. Within

these two terms characteristics include the following items:

1. Verification

a) Objectivity: identifies the applicability of the proposed methodology to analyse

the data.

b) Applicability: qualifies the evaluation of the established procedure to examine

the data.

c) Consistency: provides knowledge consistently when applying the same model, to

the same set of data, under the same circumstances.
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d) Maintainability: provides knowledge consistently when using different sets of

data, and also when using either the same or different algorithms under the

same circumstances.

2. Validation

a) Verification: reproduces sample data the same way, in the same circumstances.

b) Sensitivity: assesses the sensitivity response, with different ratio data in the

same way in the same circumstances.

c) Reliability: ensures consistent and reliable knowledge with different sets of data,

and either the same or different algorithms in the same circumstances.

d) Costs: analyses and interprets the costs in the same way in the same circum-

stances.

e) Certifiability: ensures the correctness of the processes implementation, both in

manner and context of operation.

In this study, the evaluation process was simplified by investigating the system

applicability in the form of a prototype. On the prototype assessment, statistical

significance was analysed using several verification testing techniques as appropriate.

However, to enhance its accuracy it may be the case that the validity of the findings

requires using more sophisticated methods. Moreover, it was felt that for this study,

maintainability, reliability, costs, certifiability were more related to evaluate a fully

working system. Therefore, these were not included on the data analysis evaluation.
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10.5.1. Systemic Data Analysis Evaluation: Observations

Although the FCM does not fully demonstrate the initially aspired competences, it

has been clearly noticed a major step forward. Therefore, a few observations of the

FCM were formulated as follows:

1. The verification demonstrates the prototype as objective, applicable, and con-

sistent. This since, based on the proposed procedures under the same cir-

cumstances, it provides consistent knowledge. Moreover, this is ensured by

executing relatively simple procedures and for the clarity that KNIME offers

by using the modular data flow [see Section 6.2].

2. The validation shows he prototype to be highly dependent on data quality. More-

over, depending on the scenario rules set by the ML algorithm, the accuracy

rates vary. More information can be found in Chapter 9, Sections 3.3.3, and

6.3.

The deductive mechanisms used for the selection criteria of the road elements as for

example junction location by region, is out of the scope of this study. Therefore,

assessing maintainability, reliability, costs, certifiability would become quite likely

challenging. Moreover, the complexity of the subject made clear existing disadvan-

tages of combining multiple algorithms in the present prototype. This because of,

among others, its limitations to consider alternative rules at the same time. Never-

theless, further improvements on the FCM are suggested, as to develop a clarification

framework on the objective’s requirements. Respectively, allow for characteristics

as maintainability to the system verification, reliability, costs, and certifiability to

the system validation. Furthermore, research associating more than one algorithm

to formulate a prototype is highly suggested.
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Performance of the System

As regards the performance of the system in terms of consistency, based on the

provided features by the individual modules the overall and detailed system obser-

vations [see Chapters 8, and 9] it may be concluded that:

1. The selection of the appropriate application feature such as "use random seed"

values for the data verification indicates a challenge when manipulating data.

This data should be more intelligently stored, accessed, updated, and selected.

This because, depending on the type of the analysis, other applications than

KNIME, may be in position to offer better approaches for the operation.

2. The feature prunning reduces the complexity of the final classifier, while improv-

ing the accuracy by the reduction of overfitting. The feature gini measures

statistical dispersion of the module. To deploy the features for road environ-

ment (e.g., weather), as these should be addressed more efficiently and clearly

than KNIME currently does.

3. As the results were not fully encouraging, integrating a database, a knowledge

assessment base and an analytical tool into a full compatible unified system is

proposed. However, unfortunately it has been found that the available software

packages share limited compatibility between each of the presented features.

Therefore, any further attempt to create a final operative system should take

this critical aspect into account.
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10.5.2. Systemic Data Analysis Evaluation: Summary

In a wide range of scientific and engineering domains, the FCM has been at the

core of the conducted study [see Chapters 2, 7, 8, 9 ]. The investigation of FCM

has shown that, the expectations of what may be achieved have been raised to a

significantly higher level. Since the study was limited to commercially available

software, its potential uses remain limited to several factors. Notwithstanding these

limitations, the study proves its capabilities for interpreting relational links between

humans and the road elements leading to pedestrian road-crash casualties, such as

for example involving pedestrians with a level of physical disability [see Chapters 2,

and 4]. Additionally, the road infrastructure highlighted the lack of pedestrian safety

models on a number of pedestrian physical facilities (i.e., pelican, footbridge, private

property) [see Chapters 2, and 5]. Despite the limitations of the research conducted,

it certainly adds to our understanding that to provide a reliable road data analysis

when using the FCM applied on road data, the quality of the data is vital [see

Chapter 6]. One source of weakness of KNIME was the modular application (e.g.,

modular analysis, software, hardware) proving to have influenced the performance

during this study [see Chapter 6, Section 10.5.1]. Nevertheless, in overall it was felt

that the observations made, will be helpful in the future development of an operating

system.

10.6. Data Quality Improvement

This study was carried out to confirm that, ML can be a proactive contribution

to examine road data and identify unforeseen links affecting pedestrian safety. Al-

though the findings demonstrated that some characteristics play a critical role in

determining data quality, the lack of data quality lays a critical issue. Since data
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are a vital component to leverage data-driven decisions, bellow is briefly described

some of the suggestions that can be introduced to improve data quality by using

ML algorithms.

a) Accuracy More sophisticated ML algorithms. Some of the advantages of adopt-

ing progressive ML algorithms and systems:

[a.1.] To improve operating with a lower dependency of historical data and

with different formats (e.g., structured vs. unstructured).

[a.2.] To enhance the capabilities of a singular analysis that can, incorpo-

rate both qualitative and quantitative data in near real-time.

[a.3.] To improve the level of the accuracy, and to evaluate the systems

viability.

[a.4.] To identify trends and patterns that can contribute to future im-

provements.

b) Availability Eliminating silos of road data. Some of the advantages are:

[b.1.] To introduce advanced monitoring for outlier (i.e., counterproductive

error or data samples to improve the model robustness) detection across the

system or a training framework (Jason et al., 2019).

[b.2.] To improve Machine-Learning Operations (MLOps) to deploy, learn,

and optimise unexplored links between silos (Soh et al., 2020).

[b.3.] To enhance the systems interoperability through interfaces.

[b.3.] To enhance road safety measures by using previous road accident
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patterns across different regions

c) Completeness Creating different rules to automatically adapt these at different

scales. Some of the features that are suggested to be explored further:

[c.1.] Data segmentation vs. aggregation.

[c.2.] Regular updates on data and processes.

[c.3.] Data storage.

d) Granularity Identify anomalies and detect changes. Some of the features sug-

gested to be expanded are:

[d.1.] Identify the beginning of an anomaly.

[d.2.] To detect the most relevant variables in the occurrence of failure.

[d.3.] Define risk assessment metrics.

e) Relevance Improve the quality of the collected data. Some of the features that

should be deployed further are:

[e.1.] To define a variety of metrics covering aspects of data collection.

[e.2.] To define measures to anticipate incorrect and incomplete data.

[e.3.] To define measures to discard duplicate data.

f) Reliability Improve the automation processes of the data quality. Some of the

features suggested to be considered are:
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[f.1.] Data collection processes.

[f.2.] Data synchronisation, to mitigate delays due to inaccurate data.

[f.3.] System and data quality inspections.

[f.4.] System and data risk assessments.

g) Standardisation Define international ML standards for road safety data. Some

of the advantages are:

[g.1.] To establish standards on data processes (e.g., data entry, data

filtering) and procedures (e.g., data audits).

[g.2.] To ensure data and process protection (e.g., ethics, confidentiality).

[g.3.] Creating data governance guidelines (Wiljer and Hakim, 2019)

[g.4.] Gaining more control over how to integrate the data.

[g.5.] To support data protection, security, and privacy issues.

h) Timeliness Monitoring and alerts to ensure standards and quality tests in near-

real time. Some of the advantages:

[h.1.] Mitigate low quality data (e.g., misspelling errors).

[h.2.] Increase the security of data and processes.

[h.3.] Improve data transparency.
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11. Conclusions and Future Work

11.1. Introduction

This study set out to systematically investigate the applicability of ML to improve

pedestrian safety. Moreover, to discover new knowledge (e.g., trends, links) and

assist among others, policymaking, road experts and road maintenance. This re-

search applied an ML algorithm using a computational datamining tool to analyse

pedestrian road-crash casualty data. This investigation has shown the degree of

consistency of ML algorithm FCM in the form of a prototype as a development tool.

The main research conclusions are presented under the following four headings:

11.2. Contributory Road Elements Identification

11.3. The Role of Actual Road Data

11.4. The FCM Prototype Feasibility

11.5. Transition Process into an operating FCM
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11.2. Contributory Road Elements Identification

The conducted experiments confirmed that combining relevant road elements can

lead to discover new insights. Moreover, the provision of these findings adds to

the rapidly expanding field of conventional pedestrian safety analysis methods. In

this study, the procedure to identify contributory road elements was carried out as

follows [see Section 6.2.1]:

i. Pedestrian general attributes (i.e., gender, age group)

ii. Road environment (i.e., weather, speed limits, lighting)

iii. Road infrastructure (i.e., road type, pedestrian physical facilities)

To identify relevant elements more closely, it is of importance to highlight that in

this study knowledge from quantitative and qualitative research was combined. As

a result, it significantly strengthened the findings applicability.

11.3. The Role of Actual Road Data

The insights gained from gathering data on contributory road elements, emerged

from the adopted data merging technique (i.e., pedestrian attributes, infrastructure).

Disappointingly, to date fewer studies dealt with this topic. In terms of gathering

requirements, even though a standardised procedure to analyse of pedestrian safety

is not established yet, in this study, the analysis was performed by means of an

individual set of data, interrelating the selected elements as follows:

i. A database storing the data (e.g., test, trial, field).
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ii. A computational datamining tool to examine a limited road dataset for the

desired analysis.

iii. A computational datamining tool handling the road data in a logical manner.

iv. A computational datamining tool visualising the road data in a graphical man-

ner.

Similarly, to explore the road data more objectively (e.g., gather, filter, store),

knowledge from the overall analysis, specific capabilities of the computational datamin-

ing tool were evaluated in more detail. Additionally, both the verification (e.g., FCM

demonstrator) and the validation (i.e., FCM prototype) considerably improved the

system analysis, respectively in terms of scalability for different regions (i.e., FCM

demonstrator) and accuracy (e.g., ROC curve).

11.4. The FCM Prototype Feasibility

The FCM prototype has been deployed based on a full demonstration of the perfor-

mance characteristics of an FCM applied to a few attributes, followed by an eval-

uation assessment including both verification and validation aspects. The analysis

includes:

i. A database with road data for the applying of the FCM model to be used in

pedestrian road data analysis through KNIME.

ii. The computational datamining tool KNIME, which is a derivative application

from Java based on Eclipse, especially designed to perform modular data anal-

ysis.
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iii. The applicability of adopting KDD to manage data and extract relevant knowl-

edge consistently and efficiently manner.

iv. A rules system to assess relational features, based on complex statistical rules

rather than pure arithmetic procedures using KNIME.

v. The use of data verification techniques to introduce a self-describing ability

within the overall process.

Moreover, to demonstrate how such systems can be used to simulate the evaluation

procedure performed during a trial or a field test, an elementary knowledge base has

been automated with KNIME.

11.5. Transition Process into an Operating FCM

The transition process from the prototype into an operating FCM is referring to

applying this approach at different times and in distinct geographical regions. To

anticipate possible failures on future developments, standardisation provisions as

the incorporation of the following items should be considered:

i. A procedural audit at each pre-defined process stage.

ii. A relational database supported by several facilities such as handling larger sets

of files, availing a flexible statistical tool to model complex rules, and a geo-

graphical interface.

iii. An evaluation of the required memory (i.e., hardware and software) so that

delays on the operability are reduced.
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iv. A more user friendly interface (e.g., tool script writing and development) regard-

ing the interface.

11.6. Overall Findings

Objective i. To identify features that affect pedestrian’s road-crash casualties in

relation to pedestrian general attributes. The research developed a datamining tech-

nique capable of analysing accident causation and extracting associated knowledge

about any attribute included in the database. For the database considered (i.e.,

STATS19). The dataset used, considered all pedestrian accidents that occurred in

2017 in GB. This effected a spatial analysis of pedestrian safety across the London

and GB in this instance. The use of data series for more than one year would be

needed if a temporal analysis of data was sought. The following knowledge was

extracted:

a. Pedestrian general attributes: human error was found a fundamental influential

factor on pedestrian road-crash casualty causation. The results also indicate

the validity of scrutinising information to improve pedestrian safety. A few

remarks affecting pedestrian safety:

[a.1] On the gender and age group, the elderly, children and female were

classified as the most risky. On the age group, data reported as non-recorded

age were concluded as a critical disadvantage.

[a.2] To develop more realistic and scalable exploratory studies, restricting

the number of participants per case study was concluded as a critical disad-

vantage.
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[a.3] Limited literature on different levels of impairment, particularly re-

garding on cognitive disability was found.

b. Road environment: adverse road environmental conditions (e.g., weather, speed

limits) were found as key influential factors on pedestrian road-crash casualties.

A few key notes that can improve pedestrian safety:

[b.1] The implementation of physical facilities accounting the weather con-

dition.

[b.2] Variable speed limits, and traffic calming treatments.

[b.3] Higher illuminance to reassure the pedestrians cognitive judgements.

c. Road infrastructure: the presence of pedestrian physical facilities (e.g., zebra

crossings) is a fundamental factor to reduce pedestrian road-crash casualties.

[c.1] The island or median, yet, these share visibility limitations.

[c.2] Pedestrian safety models for the pelican, footbridge and private prop-

erty were not found.

[c.3] The investigated pedestrian safety models revealed data discrepancies

due to lack of standards.

Objective ii. To use STATS19 data and explore ML algorithms to describe and

project safety trends for the pedestrians.

a. Pedestrian attributes: pedestrian general attributes assessed by gender and age

group
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[a.1] Gender: the majority indicated (66.01%) chance of fatality for males.

On the contrary, the minority indicated and a 33.99% chance for females.

[a.2] Age group: the majority indicated (37.07%) chance of fatality for

elderly. By contrast, the minority indicated a 2.19% chance for young adoles-

cents. However, a large number of non-recorded age rates (ca. 25.22%) were

found.

b. Road environment: attributes assessed by the condition of the weather, speed

limits and lighting)

[b.1] Weather: The majority indicated fine-no winds (FNW) with a 85.24%

chance of fatality. On the contrary, the minority indicated Fine-high winds

(FHW) with a 0.66% chance of fatality.

[b.2] Speed limits: the majority indicated a 69.12% chance of fatality for

30 mph. On the other hand, the minority indicated a 4.01% chance of fatality

for 40 mph.

[b.3] Lighting: the majority indicated a 50.22% chance of fatality at day-

light. On the contrary, the minority indicated a 1.1% chance of fatality at

night with the lights unknown.

c. Road infrastructure: attributes assessed by road type and pedestrian physical

facilities

[c.1] Road type: the majority indicated a 52.32% chance of fatality at

no junction (NJ). On the contrary, the minority indicated a 0.68% chance of

fatality at Multiple Junction (MJ).
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[c.2] Pedestrian physical facilities: the majority accounted a 67.92% chance

of fatality at no pedestrian physical facilities, and the minority indicated a 0.23

% chance of fatality at footbridge or subway.

Objective iii. To define a knowledge discovery approach for a safer pedestrian road

environment. A knowledge discovery process was defined, and it consisted of the

following components:

a. Pedestrian general attributes.

[a.1] Gender.

[a.2] Age Group.

b. Road environment.

[b.1] Weather.

[b.2] Speed Limit.

[b.3] Lighting.

c. Road infrastructure.

[c.1] Road type.

[c.2] Pedestrian physical facilities.

The process was developed using KNIME, a computational datamining tool to

investigate patterns or undiscovered links. As part of the data analysis evaluation,
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it was felt that, maintainability, reliability, costs, certifiability were more related to

evaluate a fully working system. Thus, only the following two characteristics were

analysed: consistency, and sensitivity.

a. Consistency on the modular data flows.

[a.1] Pre-processing: converted road data from STATS19 into KNIME

attributes.

[a.1] Classification: applied the FCM algorithm on actual data.

[a.2] Verification: reproduced the data in the same way in two different

regions.

[a.3] Validation: applied the Spearman’s rho and ROC curve to validate

the algorithm in use.

b. Sensitivity response to actual data.

[b.1] New rules (i.e., 75%, 85%) to verify the FCM algorithm sensitivity

response.

[b.2] Accuracy scoring rates were tested.

Objective iv. To test the applicability of the above methodology using data from

the UK and from different regions. The applicability of the above methodology was

tested.

Regarding the number of set criteria from adopted methodology, the potential

of the FCM as a basis for investigating different regions was found. Moreover,
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because the knowledge from separable types of information (i.e., pedestrian general

attributes, road environment, road infrastructure) can be simultaneously extracted.

a. The modular data flow demonstrator in different regions.

[a.1] Highest location of GB pedestrian fatalities: absent physical facilities.

[a.2] Highest region of London pedestrian fatalities: Enfield (i.e., 10)

b. Consistency of the modular data flow applicability on actual data.

[b.1] Pedestrian attributes: described the gender with the highest level of

accuracy (i.e., female: 5.82%).

[b.2] Road environment: respectively indicated the lowest level of accuracy

for speed limits (i.e., 30 mph: 42.69%) and the weather (i.e., fine no winds:

42.45%).

[b.3] Road infrastructure: described the lowest accuracy level at no Junc-

tion: 25.27%. However, interestingly it indicated a decreasing tendency on the

chance of fatality risk in the case of absent pedestrian physical facilities.

c. Sensitivity of the modular data flow sensitivity response to actual data.

[c.1] Pedestrian attributes: by gender and by age group (especially for the

elderly) the 75% set of rules represented the highest accuracy.

[c.2] Road environment: in overall, the indicative trends on weather, speed

limits and lighting mostly fail. Exceptionally, the 85% set of rules for speed

limits set at 70 mph mostly agreed with actual data.
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[c.3] Road infrastructure: alike on the road environment, except for the

75% set of rules at roundabouts the calculation of the indicative trends by

road type mostly failed. Nevertheless, particularly at roundabouts the findings

incited promising trends.

Objective v. To review the literature related to road safety worldwide.

As part of this research study, the collected evidence was carried out worldwide.

The findings indicate pedestrian physical facilities and other factors (e.g., human,

speed limits), to play a crucial role on pedestrian safety. However, the literature

findings do not explicitly indicate unknown patterns regarding pedestrian road-crash

causal factors. To address issues alike, advancing cross-sectional studies to draw

more conclusive trends, have been previously suggested (Urie et al., 2016; Useche

et al., 2021). Therefore, examining this existing gap was of the central focus of this

study.

Objective vi. To provide recommendations on road safety based on the data anal-

ysis and validate the findings with expert opinion.

To the knowledge of the author, the use of systematic methods can support re-

ducing pedestrian road-crashes. Still, several questions remain to be answered. To

help mitigating this challenge, in this study, the recommendations on pedestrian

safety are provided by contrasting the findings from the literature review, the data

analysis (i.e., temporal data), and the ML prototype (i.e., spatial data). In addition

to that, to validate the findings, an online questionnaire to gather expert opinion

was carried out.
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11.7. Observations

The contribution of this study has been to confirm that systematic investigations

using ML can improve pedestrian safety. However, the lack of data quality is consid-

ered the main weaknesses to deploy the prototype of this study. These results may

partly be explained by human intervention affecting data interpretation, as well as

the lack of standards to access relevant data (e.g., information on pedestrian physi-

cal facilities available is 2017, was neither available in 2018 nor in 2019). Neverthe-

less, this study has pioneered a thorough investigation on relational links between

pedestrian attributes and road elements. As a result, it confirms the presence of

pedestrian physical facilities as a primary factor in reducing pedestrian road-crash

casualties. An emerging finding from this study is that interpreting pedestrian gen-

eral attributes suggests being, if not an uncontrollable factor, highly challenging.

It is difficult to explain this result, but it might be related to the complex nature

of the subject, indicating reasons underpinning pedestrian road-crashes to remain

unclear. Still, several factors could support understanding these reasons in more

detail. For example, on the human factors, exploring the levels of cognition disabil-

ities impacting on pedestrian safety. Moreover, another example, on data criteria,

the selection of the most appropriate features (e.g., new rules) to examine the data

is crucial. Nonetheless, the unsupervised ML spatial data analysis that was car-

ried out using KNIME, relies on the existence of sufficient metadata to deploy a

conceptual prototype. Furthermore, the deployed questionnaire to validate the pro-

totype with expert opinion, enriched the findings of the prototype with new insights.

Notwithstanding the relatively limited sample examined combined with the findings

with expert opinion, this work offers valuable new knowledge to assist policymaking,

decision-making and implementation procedures (e.g., road experts, road engineers,

quality auditors, road data scientists). Subsequently, a larger number of road users

can benefit from the recommendations provided in this study.
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11.8. Recommendations

Based on the above conclusions the following recommendations may be made re-

garding the objectives of the thesis:

Recommendation i. Regarding pedestrian attributes, as human errors can affect

pedestrian safety and especially that of the elderly, children and females, appro-

priate publicity, awareness campaigns, and educational training targeting specific

groups of pedestrians (e.g., elderly, children, and females) should be developed. The

study should be repeated for examining the influence of pedestrian infrastructure

for pedestrians with distinct levels of cognitive disabilities. Turning into the road

environment, since for adverse road environmental conditions (e.g., weather, speed

limits) significantly affects pedestrian safety, it is recommended the implementation

of facilities accounting for whether condition (e.g., side pavement ramps to access

sidewalks), the introduction of variable speed limits (e.g., peak hours) alongside with

traffic calming treatments. More research using controlled trials is recommended.

Furthermore, to reassure the pedestrian judgements while commuting in a road

environment, it may also be recommended to carry out a cross-national study to

improve the levels of illuminance. With respect to road infrastructure, the presence

of pedestrian physical facilities (e.g., zebra crossings) proved to be a fundamental

factor that can improve pedestrian safety. Therefore, considerably more work will

need to be done to develop a framework program and standardise the use of each of

pedestrian physical facilities with the respective improvements included. For exam-

ple, improving the limited pedestrian visibility on existing treatments (e.g., island or

median). A natural progression of this work is to examine the effects of non-existing

predictive models for pedestrian physical facilities (e.g., pelican, footbridge, private

property). As regards data quality, a fruitful area for further work, is to mitigate
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data inconsistency. This means that, rather than adopting the conventional hu-

man intervention (e.g., a police officer capturing this same information manually),

automating the data capturing process (e.g., near real-time data). It may also be

recommended to create a system capable of integrating common data from different

data sources (e.g., near real-time, hospitals, mortuaries) to assist interpreting data

inaccuracies while enhancing the quality standards to access relevant data.

Recommendation ii. As regards the use of ML algorithms rules to describe and

project pedestrian safety trends using STATS19 data, the prototype sensitivity anal-

ysis indicated the best accuracy rates to identify road-crash fatalities using different

rules. By gender and by age group, the most accurate descriptor ratio was 75%,

while by speed limits set at 70 mph the most accurate ratio was 85%. Thus, de-

pending on the type of attributes under examination (e.g., pedestrian attributes,

infrastructure), instead of adopting ML algorithms using traditional rules to train

the data (i.e., descriptor: 80%), for future work, it may be recommended to ex-

amine different rules (e.g., Gender- descriptor: 75%, predictor: 15%; Speed limits

- descriptor: 85%, predictor: 15%). Moreover, for different regions (e.g., Ireland,

and New Zealand) larger randomised controlled trials could provide more definitive

evidence.

Recommendation iii. Regarding the knowledge discovery process, a greater focus

on promoting a decision-making engagement activity based on the findings exami-

nation and integration (i.e., literature review, prototype, and expert opinion) could

produce interesting findings that account more for policy-making initiatives.

Recommendation iv. As regards testing the applicability of the methodology us-

ing data from the UK and from different regions, data quality was noticed to be
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vital. Therefore, it may be recommended improve data quality and consistency by

introducing a standardised homogeneous framework that accounts data from the

GB and from different regions.

Recommendation v. Regarding the literature review on pedestrian safety world-

wide, it may be recommended to deploy a more a precise mechanism to implement

relevant road treatments, for different levels of impaired roads users (e.g., variable

speed limits at specific junctions, new concepts of pedestrian facilities, new policy

for pedestrians with dementia). Moreover, these findings provide the following in-

sights for future research: the impact of pedestrians by gender, age group, and with

distinct levels and types of cognitive abilities in a road environment.

Recommendation vi. On the data analysis, the validation with the expert opinion

was successfully achieved. This since, the focus group participants expressed their

interest and willingness by engaging and contributing to the questionnaire. On one

hand, the prototype proved its applicability. However, as on some occasions the pro-

totype accuracy measures may be under performing, the extracted information may

lead to uncertainty. Further research should focus on determining the links between

accuracy measures and uncertainty. Taken together, the findings from quantita-

tive research (i.e., prototype) and qualitative research (i.e., questionnaire) methods

demonstrated to be complementary. Therefore, to improve pedestrian safety the

adoption of a mixed method of research (i.e., quantitative vs. qualitative), is highly

recommended [see Chapters 2, 8, and 10]. Furthermore, it is suggested that before

carrying out with further research on pedestrians with cognition disabilities is in-

troduced, a study like this one should be carried out on assessing, and re-evaluating

existing metadata, locally, regionally, and globally. This since, the prototype demon-

strated its applicability to different regions. Subsequently, it can become quite useful
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to effectively expand future discoveries to a wider magnitude.

11.9. Future Work

In this study, an ML proof-of-concept was deployed to assess pedestrian safety data.

For future work it may be recommended to incorporate additional contributory fac-

tors (e.g., cognitive disabled road users, cyclists’ general attributes, carriageway

hazards, road surface condition) influencing pedestrian road crashes on the exam-

ination. Additionally, make use of real-time data to evaluate the suitability of the

existing database STATS19 to collect data from road-crashes. Turning into the ML

analysis, the pedestrian safety knowledge discovery process faced some limitations

due to among others, human error, lack of data quality and consistency. Therefore,

further investigation on pedestrian road data using predictive modelling is strongly

recommended. Several measures that future research might explore are presented

as follows:

1. Advancing a multi-layer modelling method so that a wider number of road ele-

ments can be combined into a single analysis. For example, additional road

users (e.g., drivers, cyclists, or motorcyclists), or road physical facilities (e.g.,

hazardous roads)

2. Although WEKA was initially experimented as a testing tool, in this study only

one modular ML application, KNIME, was further explored. Therefore, to

investigate road data, testing and using of other ML application systems more

comprehensively in the market is highly recommended.

3. This study gave focus to a systematic investigation of the ML applicability to

improve pedestrian safety in an urban road environment. Nevertheless, con-
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tinued efforts are needed. It was also felt that it would be useful to develop

ML algorithms that include examining the impact of the behaviour of other

road users (e.g., drivers, cyclists, moppers, or motorcyclists) located in road

facilities where predictive models have not been explored to date (e.g., pel-

ican, footbridge, and private property). Additionally, developing a method

that, based on the road environment (e.g., rural, and urban), can help assess,

scale, and explore road features, is highly recommended. Moreover, expand

the effects of the predictor sub-mode (e.g., explore the unknown) to the overall

analysis.

4. The deployed questionnaire in this study was designated for experts in the field

of engineering. Future initiatives assigned to a wider community with focus

groups from different fields of expertise (e.g., health, data) and to focus groups

with different types of road users (e.g., male pedestrians, pedestrians with a

physical level of impairment) are suggested.
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A. Appendix A.3. FCM Deployment

A.1.1. Road Attributes

Sept 2011 

Incident URN 
MG NSRF/A ACCIDENT
 

STATISTICS
 
Other ref. 

1.3 ACCIDENT REFERENCE 
*FATAL / SERIOUS / SLIGHT 

1.9 TIME H H  M  M  DAY* Su M T W Th F S 1.7 DATE D D  M M 2 0 Y Y 

1st Road Class & No. 1st Road 
or (Unclassified - UC) Name
 

(Not Known - NK)
 

Outside House No. 
or Name or Marker at junction with / or metres N S E W * of 
Post No. 

2nd Road Class & No. 2nd Road 
or (Unclassified - UC) Name
 

(Not Known - NK)
 

Sector /Beat No.Town 

County or Borough 

1.10 Local Auth No.Parish No. or Name 
(if known) 

1.11 Grid Reference E N 

REPORTING Name Number 
OFFICER 

BCU/Stn 1.2 Force Tel Number 

1.5 Number of vehicles 1.20a PEDESTRIAN CROSSING 1.21 LIGHT CONDITIONS 
X- HUMAN CONTROL X 1.6 Number of casualties Daylight: 1 

None within 50 metres 0 Darkness: street lights present and lit 4 
Control by school crossing patrol 1 1.14 ROAD TYPE Darkness: street lights present but unlit 5 X Control by other authorised person 2 

Darkness: no street lighting 6 Roundabout 1 
1.20b PEDESTRIAN CROSSING Darkness: street lighting unknown 7 

One way street 2 - PHYSICAL FACILITIES X 
Dual carriageway 3 

No physical crossing facility within 50m 0 1.24 SPECIAL CONDITIONS AT SITE Single carriageway 6 X 
Zebra crossing 1 

Slip road 7 None 0 
Pelican, puffin, toucan or similar non- 4 

Unknown 9 Auto traffic signal out 1 
junction pedestrian light crossing 

Auto traffic signal partially defective 2 
1.15 Speed Limit (Permanent) Pedestrian phase at traffic signal 5 

Permanent road signing or marking 3 junction 
defective or obscured 

1.16 JUNCTION DETAIL Footbridge or subway 7 
X Roadworks 4 

Central refuge — no other controls 8 Road surface defective 5 Not at or within 20 metres of junction 00 
Oil or diesel 6 Roundabout 01 1.22 WEATHER X Mud 7 

Mini roundabout 02 Fine without high winds 1 
T or staggered junction 03 Raining without high winds 2 
Slip road 05 Snowing without high winds 3 1.25 CARRIAGEWAY HAZARDS X 
Crossroads 06 Fine with high winds 4 None 0 

Raining with high winds 5 Junction more than four arms (not RAB) 07 Dislodged vehicle load in carriageway 1 
Snowing with high winds 6 Using private drive or entrance 08 Other object in carriageway 2 
Fog or mist — if hazard 7 

Other junction 09 Involvement with previous accident 3 
Other 8 

Pedestrian in carriageway - not injured 6 
Unknown 9 

JUNCTION ACCIDENTS ONLY Any animal in carriageway 7 
(except ridden horse) 

1.23 ROAD SURFACE CONDITION 1.17 JUNCTION CONTROL X X 
Dry 1 

Authorised person 1 
Wet / Damp 2 1.26 Did a police officer attend the scene 

Automatic traffic signal 2 Snow 3 and obtain the details for this report? 
X 

Stop sign 3 Frost / Ice 4 Yes 1 
Give way or uncontrolled 4 Flood (surface water over 3cm deep) 5 No 2

Subject to local directions, boxes with a grey background need not be completed if already recorded 

* Circle as appropriate 
UNCLASSIFIED 
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MG NSRF/B Sept 2011VEHICLE RECORD 
2.26 VEHICLE REGISTRATION MARK 2.23 BREATH TEST ) VEHICLE 2.11 SKIDDING AND VEHICLE 

1 2 3 4 OVERTURNING ) 1 2 3 4 
Vehicle 001 

Not applicable 0 No skidding, jack-knifing or 0 
overturning Vehicle 002 Positive 1 
Skidded 1Negative 2 

Vehicle 003 Skidded and overturned 2 Not requested 3 
Jack - knifed 3 Vehicle 004 Refused to provide 4 
Jack - knifed and overturned 4 Driver not contacted at time of col’ 5 
Overturned 5 Not provided (medical reasons) 6 

2.35 WAS THE VEHICLE VEHICLE 

LEFT HAND DRIVE ) 2.24 HIT AND RUN ) 2.12 HIT OBJECT IN CARRIAGEWAY ) 1 2 3 4 

No 1 Not hit and run 0 None 00 

Yes 2 Hit and run 1 Previous accident 01 

Non-stop vehicle, not hit 2 Roadworks 02 

Parked vehicle 04 2.5 / 2.5a TYPE OF VEHICLE ) 
2.21 SEX OF DRIVER ) Bridge - roof 05 

Car 09 Bridge - side 06 Male 1 
Taxi / Private hire car 08 Bollard / Refuge 07 

Female 2 
Van - Goods vehicle 3.5 tonnes 19 Open door of vehicle 08 
mgw and under Not known 3 

Central island of roundabout 09 
Goods vehicle over 3.5 tonnes 20 

2.9 VEHICLE LOCATION AT TIME OF ACCIDENT Kerb 10 
mgw and under 7.5 tonnes mgw 

RESTRICTED LANE/AWAY FROM MAIN C’WAY ) Any animal (except ridden horse) 12 
Goods vehicle 7.5 tonnes mgw & over 21 Other object 11 On main carriageway not in 00 Goods vehicle - unknown weight 98 

restricted lane 
M/cycle 50cc and under 02 2.13 VEHICLE LEAVING CARRIAGEWAY ) Tram / Light rail track 01 
M/cycle over 50cc and up to 125cc 03 

Bus lane 02 Did not leave carriageway 0 
M/cycle over 125cc and up to 500cc 04 

Busway (inc. guided busway) 03 Left carriageway nearside 1 
Motorcycle over 500cc 05 

Cycle lane (on main carriageway) 04 Left carriageway nearside and 2 
 Motorcycle - cc unknown  97 rebounded Cycleway or shared use footway 05 

Electric Motorcycle 23 (not part of main carriageway) Left carriageway straight ahead 3 
Pedal cycle 01 at junction On lay-by / hard shoulder 06 
Bus or coach (17 or more 11 Left carriageway offside onto 4 Entering lay-by/ hard shoulder 07 
passenger seats) central reservation 

Leaving lay-by / hard shoulder 08 
Minibus (8-16 passenger seats) 10 

 

Left carriageway offside onto 5 
Footway (pavement) 09 central reserve and rebounded Agricultural vehicle (include 17 

diggers etc) Left carriageway offside and 6 
2.10 JUNCTION LOCATION OF VEHICLE ) crossed central reservation Ridden horse 16 

Left carriageway offside 7 Mobility scooter 22 Not at or within 20m of junction 0 
Left carriageway offside and 8 Tram / Light rail 18 Approaching junction or waiting 1 

/parked at junction approach rebounded 
Other 1 90 
vehicle 2 Cleared junction or waiting/ 2 90 

parked at junction exit 2.14 FIRST OBJECT HIT OFF CARRIAGEWAY ) 
3 90 

Leaving roundabout 3 4 90 None 00 
Entering roundabout 4 Road sign / Traffic signal 01 
Leaving main road 5 2.6 TOWING AND ARTICULATION ) Lamp post 02 

Entering main road 6 Telegraph pole / Electricity pole 03 
No tow or articulation 0 

Entering from slip road 7 Tree 04 
Articulated vehicle 1 Bus stop / Bus shelter 05 Mid junction– on roundabout or 8 
Double or multiple trailer 2 on main road Central crash barrier 06 

Caravan 3 Nearside or offside crash barrier 07 
2.7 MANOEUVRES ) Submerged in water (completely) 08 Single trailer 4 
Reversing 01 Entered ditch 09 

Other tow 5 
Parked 02 Wall or fence 11 

Other permanent object 10 Waiting to go ahead but held up 03 2.22 AGE OF DRIVER (Estimate if necessary) 
Slowing or stopping 04 

2.16 FIRST POINT OF IMPACT ) 
Vehicle 001 Vehicle 002 Moving off 05 

U turn 06 Did not impact 0 
Vehicle 003 Vehicle 004 Turning left 07 Front 1 

Waiting to turn left 08 Back 2 

2.27 DRIVER HOME POSTCODE Turning right 09 Offside 3 

or Code: 1- Unknown 2- Non UK Waiting to turn right 10 Nearside 4 
Resident 3 - Parked & unattended Changing lane to left 11 

2.29 JOURNEY PURPOSE OF DRIVER/RIDER ) Changing lane to right 12 
Vehicle 001 O’taking moving veh on its offside 13 Journey as part of work 1 

O’taking stationary veh on its offside 14 Commuting to / from work 2 Vehicle 002 
Overtaking on nearside 15 Taking school pupil to/from school 3 

Vehicle 003 Going ahead left hand bend 16 Pupil riding to / from school 4 
Going ahead right hand bend 17 Other 5 

Vehicle 004 Going ahead other 18 Not known 6 

Subject to local directions, boxes with a grey background need not be completed if already recorded 

UNCLASSIFIED
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3.4 VEHICLE REFERENCE NUMBER 3.7 SEX OF CASUALTY ) CASUALTY 3.20  CYCLE HELMET CASUALTY 
Enter VEH No. which CASUALTY occupied WORN ) 1 2 3 4 5 6 1 2 3 4 5 6 (for pedestrians, code vehicle that struck them 
first) e.g. 001,002 etc. Male 1 Not a cyclist 0 

Female 2 Yes 1 

 Casualty 001 0 C  asualty 002 0 No 2 3.8 AGE OF CASUALTY (Estimate if necessary) 
For children less than a year enter 00  Casualty 003 C 04 Not known 3 0 asualty 0  0 

 Casualty 005 C  asualty 006  Casualty 001  Casualty 0020 0 
3.15 CAR PASSENGER (not driver) ) 

 Casualty 003  Casualty 004
3.18 CASUALTY HOME POSTCODE Not a car passenger 0 

or Code: 1- Unknown   Casualty 005  Casualty 006 Front seat passenger 1 2- Non UK Resident 
Rear seat passenger 2 

3.6 CASUALTY CLASS )  Casualty 001

Driver/Rider 1 
 Casualty 002 3.16 BUS OR COACH PASSENGER ) 

Veh./pillion Passenger 2 (17 passenger seats or more) 
 Casualty 003 Pedestrian 3 

Not a bus or coach 0 
passenger  Casualty 004 3.9 SEVERITY OF CASUALTY ) 
Boarding 1 

 Casualty 005 Fatal 1 
Alighting 2 

Serious 2 
 Casualty 006 Standing passenger 3 Slight 3 

 

Seated passenger 4 

MG NSRF/C Sept 2011

2.8 DIRECTION OF VEHICLE TRAVEL Vehicle 001 Vehicle 002 

1. Using the Example shown complete the 
FROM and TO boxes for the vehicles 

FROM TO FROM TO 

EXAMPLE 
NW 

8 

N 
1 

2 
NE 

concerned, indicating direction of travel 
FROM and TO 

2. If PARKED enter ‘00’ 

Vehicle 003 
FROM TO 

Vehicle 004 
FROM TO 

FROM TO 

1 3 
W 7 

SW 
6 

5 
S 

4 

3 E 

SE 

CASUALTY RECORD
 

LOCAL STATISTICS 

3.14 SEAT BELT IN USE ) 

Not applicable 0 

Worn and inde- 1 
pendently confirmed 

Worn but not inde- 2 
pendently confirmed 

Not worn 3 

Unknown 4 

CASUALTY PEDESTRIAN CASUALTIES ONLY 3.10 PEDESTRIAN 3.11 PEDESTRIAN CASUALTY 

LOCATION ) 1 2 3 4 5 6 MOVEMENT ) 1 2 3 4 5 6 
3.12 PEDESTRIAN CASUALTY

In carriageway, crossing 01 Crossing from driver’s 1 
on pedestrian crossing DIRECTION ) 1 2 3 4 5 6 nearside 
facility 

Standing still 0 Crossing from driver’s 2 
In carriageway, crossing 02 nearside-masked by 

Northbound 1 within zig-zag lines at parked or stationary veh’ 
crossing approach Northeast bound 2 Crossing from driver’s 3 
In carriageway, crossing 03 Eastbound 3 offside 
within zig-zag lines at 

Southeast bound 4 Crossing from driver’s 4 crossing exit 
offside-masked by 

Southbound 5 In carriageway, crossing 04 parked or stationary veh’ 
elsewhere within 50m of Southwest bound 6 In carriageway, stationary 5 pedestrian crossing 

Westbound 7 - not crossing (standing 
In carriageway, 05 or playing) Northwest bound 8 crossing elsewhere 

In carriageway, stationary 6 Unknown 9 
On footway or verge 06 -not crossing (standing or 

playing), masked by On refuge, central island 07 
parked or stationary veh’ or central reservation 
Walking along in 7 

In centre of carriageway, 08 3.19 PEDESTRIAN ROAD carriageway-facing traffic not on refuge, island or MAINTENANCE WORKER ) 
central reservation Walking along in 8 

No / not applicable 0 carriageway-back to In carriageway, not 09 
traffic crossing Yes 1 
Unknown or other 9 

Unknown or other 10 Not known 2 

Subject to local directions, boxes with a grey background need not be completed if already recorded 

UNCLASSIFIED
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RESTRICTED 
MG NSRF/D Sept 2011CONTRIBUTORY FACTORS 
1. Select up to six factors from the grid, relevant to the accident. 
2. Factors may be shown in any order, but an indication must be 

given of whether each factor is very likely (A) or possible (B). 
3. Only include factors that you consider contributed to the 

accident. (i.e. do NOT include "Poor road surface" unless relevant). 
4. More than one factor may, if appropriate, be related to the same 

road user. 

5. The same factor may be related to more than one road user. 
6. The participant should be identified by the relevant vehicle or 

casualty ref no. (e.g. 001, 002 etc.), preceded by "V" if the factor 
applies to a vehicle, driver/rider or the road environment (e.g. 
V002), or "C" if the factor relates to a pedestrian or passenger 
casualty (e.g. C001). 

7. Enter U000 if the factor relates to an uninjured pedestrian. 

Road 
Environment 
Contributed 

103 102 101 110 108 107 109 104 105 106 

Slippery 
road (due to 

weather) 

Deposit on 
road (e.g. 
oil, mud, 

chippings) 

Poor or 
defective 

road 
surface 

Sunken, 
raised or 
slippery 

inspection 
cover 

Road layout 
(e.g. bend, 

hill, narrow 
carriageway) 

Temporary 
road layout 

(e.g. 
contraflow) 

Animal or 
object in 

carriageway 

Inadequate 
or masked 

signs or road 
markings 

Defective 
traffic 
signals 

Traffic 
calming 

(e.g. speed 
cushions, 

road humps, 
chicanes) 

Vehicle 
Defects 

201 202 203 204 205 206 

Tyres illegal, 
defective or 

under-inflated 

Defective 
lights or 

indicators 

Defective 
brakes 

Defective 
steering or 
suspension 

Defective or 
missing 
mirrors 

Overloaded 
or poorly 

loaded 
vehicle or 

trailer 

Injudicious 
Action

d 
H

or
se

 R
id

er
s)

 

308 306 302 301 307 310 305 304 309 303 

Following 
too close 

Exceeding 
speed limit 

Disobeyed 
Give Way or 
Stop sign or 

markings 

Disobeyed 
automatic 

traffic signal 

Travelling 
too fast for 
conditions 

Cyclist 
entering 

road from 
pavement 

Illegal turn 
or direction 

of travel 

Disobeyed 
pedestrian 

crossing 
facility 

Vehicle 
travelling 

along 
pavement 

Disobeyed 
double 

white lines 

Driver/ 
Rider 

Error or 
Reaction

ed
al

 C
yc

le
s 

an 405 406 403 408 409 401 402 404 407 410 

Failed to 
look 

properly 

Failed to 
judge other 

person’s path 
or speed 

Poor turn or 
manoeuvre 

Sudden 
braking Swerved Junction 

overshoot 

Junction 
restart 

(moving off 
at junction) 

Failed to 
signal or 

misleading 
signal 

Too close to 
cyclist, horse 

or 
pedestrian 

Loss of 
control 

Impairment 
or 

Distraction

D
ri

ve
r/

R
id

er
 O

nl
y 

(I
nc

lu
de

s 
P 501 502 508 503 509 510 505 504 507 506 

Impaired by 
alcohol 

Impaired by 
drugs (illicit 
or medicinal) 

Driver using 
mobile 
phone 

Fatigue Distraction 
in vehicle 

Distraction 
outside 
vehicle 

Illness or 
disability, 
mental or 
physical 

Uncorrected, 
defective 
eyesight 

Rider 
wearing dark 

clothing 

Not 
displaying 

lights at night 
or in poor 
visibility 

Behaviour 
or 

Inexperience 

602 605 601 603 607 606 604 

Careless, 
reckless or 
in a hurry 

Learner or 
inexperienced 
driver/rider 

Aggressive 
driving 

Nervous, 
uncertain or 

panic 

Unfamiliar 
with model of 

vehicle 

Inexperience 
of driving on 

the left 

Driving too 
slow for 

conditions or 
slow vehicle 
(e.g. tractor) 

Vision Affected 
by 

701 703 706 707 708 705 710 702 704 709 

Stationary 
or parked 
vehicle(s) 

Road layout 
(e.g. bend, 

winding road, 
hill crest) 

Dazzling 
sun 

Rain, sleet, 
snow or fog 

Spray 
from other 

vehicles 

Dazzling 
headlights 

Vehicle 
blind spot Vegetation 

Buildings, 
road signs, 

street 
furniture 

Visor or 
windscreen 

dirty, 
scratched or 
frosted etc. 

Pedestrian Only 
(Casualty or 
Uninjured) 

802 808 803 801 806 807 805 804 809 810 

Failed to 
look 

properly 

Careless, 
reckless or 
in a hurry 

Failed to 
judge 

vehicle’s path 
or speed 

Crossing 
road masked 
by stationary 

or parked 
vehicle 

Impaired by 
alcohol 

Impaired by 
drugs (illicit 

or medicinal) 

Dangerous 
action in 

carriageway 
(e.g. playing) 

Wrong use of 
pedestrian 

crossing 
facility 

Pedestrian 
wearing 

dark clothing 
at night 

Disability 
or illness, 
mental or 
physical 

Special Codes 

901 902 903 904 *999 

Stolen 
vehicle 

Vehicle in 
course 

of crime 

Emergency 
vehicle 

on a call 

Vehicle door 
opened or 

closed 
negligently 

Other – 
Please 
specify 
below 

Factor in the accident 

Which participant? 

1st 2nd 3rd 4th 5th 6th 

(e.g. V001, C001, U000) 

Very likely (A)
 
or Possible (B)
 

*If 999 Other, give brief details 

(Note: Only use if another factor contributed to the accident and include it in the text description of how the accident occurred) 

These factors reflect the reporting officer’s opinion at the time of reporting and may not be the result of extensive investigation 

RESTRICTED 
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A.3.2. FCM Deployment: Standalone Application
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