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ABSTRACT

Pedestrian safety is a growing concern, especially in developing nations with
heterogeneous traffic conditions. One of the common safety issues at signalized intersections
is pedestrian-vehicle conflicts, as they can occasionally result in serious collisions. The
investigation was carried out at four signalized intersections in Kollam, Kerala. The study
focused on conflicts caused by pedestrian signal violations and permissive left-turn
movements. The study used surrogate safety measures such as post encroachment time (PET),
time to vehicle (TTV), time to accident (TTA), and deceleration to safety time (DST) to analyze
conflicts between pedestrians and automobiles fastly and proactively. The conflicts were
divided into highly severe, severe and normal conflicts using k-means clustering. A support
vector machine (SVM) model was developed to predict the severity level of conflicts. The
study revealed that pedestrians' signal-violating behaviour caused 57% of the highly severe
conflicts at signalized intersections. The study proposed threshold values of the conflict
indicators for each severity level. The developed severity prediction model achieved 97%
accuracy in predicting the conflicts' severity level. The study's findings aid in evaluating

pedestrians' safety at signalized intersections.

Keywords: Pedestrian-vehicle conflicts, violation behaviour, permissive left-turn traffic,

Surrogate safety measures, Severity prediction model
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CHAPTER 1
INTRODUCTION

1.1. Background

Walking is one of the most crucial sustainable ways of transportation for
creating liveable and healthy communities. Many road agencies worldwide are
implementing rules that support non-motorised modes of transport and encourage users
to switch from motorised means to other sustainable ways. Walking is a practical
strategy to raise local populations' levels of physical activity, which can positively
impact their health (Hussein et al., 2015). A pedestrian is anybody who travels at least
partially by foot. However, one of the most at-risk road users is the pedestrian. They
typically account for the highest fatal traffic collisions and are prone to the most

significant safety issues.

According to a report from the United Nations World Health Organization from
2016, traffic accidents resulted in more than 1.25 million fatalities and more than 20
million people suffering serious injuries. (Hacohen et al., 2020). Among the total road
fatalities occurring worldwide, 22% are pedestrian-related (Kumar et al., 2019). Road
traffic fatalities are a problem in all emerging nations, including India. The number of
road accidents increased by 0.46% in 2018 as compared to the previous year. A study
from the Indian Ministry of Road Transport and Highways states that there were 1,
51,417 fatalities and 4, 69,418 injuries in road accidents in India in 2018. Pedestrians
made up 15% of those Killed in traffic incidents in 2018, which is higher than 13.8%
in 2017 (Kumar & Ghosh, 2022). Therefore, pedestrian safety is a rising concern

worldwide, particularly in developing nations with diverse traffic patterns.

The modal separation of time and space plays a significant role in maintaining
pedestrian safety. At intersections, however, where people on foot are exposed to
moving vehicles, this separation is frequently impracticable or impossible. Therefore,
complicated interactions between pedestrians and vehicles occur at intersections. Even
at signalized intersections, pedestrian-vehicle collisions are becoming more common
due to the growth in urban traffic volume. The primary causes of pedestrian-vehicle
conflicts at crossings are the intersection's geometry, pedestrians' crossing patterns, the

timing of traffic signals, drivers' actions, visibility, and pedestrian interaction patterns



(Alhajyaseen et al., 2012; Kumar et al., 2019; Zhang et al., 2020). Conflicts are near-
miss incidents and can cause major crashes in the worst-case scenarios. Consequently,

the safety of pedestrians at junctions can be assessed by analysing the conflict scenario.

1.2. Problem Statement

Since pedestrians are much less protected than drivers, pedestrian-vehicle conflicts
are a frequent cause of injury and death, even at signalized intersections. Vehicles are
given more attention in the design of traffic facilities than pedestrians. Due to
uncontrolled left-turns at the crossings and pedestrian signal violation behaviour,

signalized intersections experience the majority of conflicts.

At signalized intersections in India, people frequently disobey traffic signals and
cross at risky locations. The unsafe pedestrian crossing is often the result of poor traffic
signal design, which encourages pedestrians to ignore the signals at crossings. Other
potential causes of the signal violation include prolonged curb side waiting times,
belligerent pedestrian behaviour, the absence of a pedestrian refuge island at the
intersection, a lack of traffic police enforcement, etc. Given their lack of physical
defence against the effects of collisions, pedestrians' reckless crossing behaviour puts
their lives in serious danger. The imposition of a fine for pedestrian offences is not,
however, permitted in India. Also, traffic police barely enforce any laws and guidelines
pertaining to pedestrian offences. It is pretty obvious that pedestrians who cross the

street illegally endanger approaching traffic at the crosswalks (Kumar & Ghosh, 2022).

Free left-turns are another major contributor to conflicts between pedestrians and
moving vehicles at signalized intersections. Vehicles making a left-turn are required to
stop for pedestrians at the crosswalk as well as for oncoming traffic. If left-turning
vehicles misread the situation and fail to yield to pedestrians during the permitted left-
turn period, the chance of a collision increases in such complex driving circumstances
(Qi & Guoguo, 2017).

The traditional approach to evaluate pedestrian-vehicle conflicts is based on
crash statistics. However, erroneous results are brought on by the lack of trustworthy
crash records and poorer data quality. The traffic conflict technique (TCT), which is

based on surrogate safety measures, is employed to get over the drawbacks of the



conventional approach. Analysing the conflict scenario with this methodology is

proactive and short-term. (Kumar et al., 2019).

There is very little research on conflicts between pedestrians and vehicles caused
by free left-turns and signal violations. Most of the research has been conducted at
signalized intersections without pedestrian signals. In the current scenario, the
pedestrian signal is installed at each approach at nearly all signalized junctions.
However, collisions occur at intersections as a result of pedestrian non-compliance. The
presence of unfettered left-turns puts pedestrians in danger of accident even if they do
not disobey the signal. Therefore, it is necessary to examine the severity and frequency
of disputes resulting from these two issues. Modelling and predicting the severity of
the conflicts at the junctions is also crucial since more safety precautions need to be put
in place.

1.3. Objectives
The objectives of the study are as follows:
e To identify pedestrian-vehicle conflicts at signalized intersections
e To analyse pedestrian-vehicle conflicts using surrogate safety measures
e To propose threshold values of conflict indicators for different severity
levels of conflicts arising at signalized intersections
e To develop a severity prediction model for the conflicts occurring at

signalized intersections

1.4. Methodology
The methodology planned to achieve the mentioned objectives is described below:
e Identification of study locations: The appropriate sites for collecting video
data have been selected. The chosen intersections are Kottarakkara,
Nilamel, Ayathil and Ayoor, all of which are situated in Kollam, Kerala.
These crosswalks had pedestrian signals and were four-legged signalized
intersections.
o Data collection and extraction: A high-resolution camera was positioned in
the multi-story building to record the interactions between people and

automobiles. The video recording was examined using the Kinovea 0.9.5



programme and time, speed and distance measurements were extracted from
the software.

e Estimation of conflict indicators: The pedestrian-vehicle conflicts caused by
signal violations and by unfettered left-turn movements were identified
from the footage. Then conflict indicators were calculated for each
recognized conflict event.

e Severity level classification of conflicts: the identified conflicts were
categorized into various severity categories based on the estimated values
of conflict indicators. The k-means clustering technique was used with the
SPSS version 25 programme to accomplish this.

e Development of severity prediction model for the conflicts: Using the
support vector machine (SVM) method, a severity prediction model for the
conflicts happening at the intersection was developed.

e Interpretation of the results

1.5. Scope

The study aims to highlight pedestrian-vehicle conflicts at signalized intersections
caused by non-compliance behaviour of pedestrians and uncontrolled left-turn
movement of vehicles. The study was conducted in the Kollam district at four-legged
signalized junctions with pedestrian signals and unrestricted left-turns. The present
study incorporates left-turning, right-turning and through vehicle-pedestrian conflicts.
The current study does not consider how intersection layout affects conflicts between

pedestrians and moving vehicles.

1.6. Organization of Report
The thesis is structured into five chapters. Chapter one describes the background of

the study, problem statement, objectives and scope of the study.

Chapter two reports the literature review on the crossing behaviour of the
pedestrians, pedestrian-vehicle conflicts, traffic conflict technique and severity level

classification.

Chapter three discusses the research methodology. The data collection and data
extraction are described in this chapter. It includes the estimation of different surrogate
safety measures and severity level classification of conflicts. The development of the

severity prediction model is also discussed in this section.

4



Chapter four deals with the results and discussions of the study. It reports the non-
compliance behaviour of the pedestrians and the distribution of conflicts at each site.
This section includes the classification of severity level and reports the threshold values
for the conflict indicators. This section also constitutes the analysis of the severity

prediction model developed based on the conflict indicators.

Chapter five presents the major findings from the study. It also describes the

recommendations based on the study and the scope for future work.



CHAPTER 2
LITERATURE REVIEW

2.1. Crossing Behaviour of Pedestrians

Various studies have been conducted worldwide to evaluate pedestrian crossing
behaviour. According to Brosseau et al. (2013) there are three categories into which
pedestrian crossing behaviours can be divided: regular crossings, dangerous crossings
and crossing violations. The manner in which pedestrians cross the street and the
resulting conflicts were influenced by several factors. At intersections, conflicts were
aroused from sudden changes in the speed of the pedestrian crossing. The length of the
crosswalk, the speed required to complete the crossing before the pedestrian signal
turns red, and the entering speed all have a big impact on the speed change decisions
(Alhajyaseen & Iryo-Asano, 2017). The Age and group size of pedestrians had a
considerable impact on how they cross the street (Marisamynathan & Perumal, 2014).
The study of Kim (2019) suggested that older pedestrians were particularly prone to
harm or death when involved in collisions. Aghabayk et al. (2021) investigated how
people cross the street at crosswalks with and without signals. They recognised that
electronic distractions had an impact on pedestrians' behaviour when crossing the street.
Their research found that people who were walking while texting or conversing on their
phones while crossing the street paid less attention to the road. Furthermore, they
discovered that group crossings were less secure than individual crossings. Studies
(Aghabayk et al., 2021; Tiwari et al., 2007) have shown that gender affects pedestrians'
behaviour when crossing the street. Studies revealed that when crossing at signalized

crosswalks, women were more cautious than men.
2.2. Pedestrian-Vehicle Conflicts

All the interactions between pedestrians and vehicles are not conflicts. The
conflicts occurring at the intersection are not collisions. Conflict is described as a
circumstance when two road users are so close to one another that a collision is almost
certain to occur if their motions don't change (Chaudhari et al., 2021). The conflict zone
may result in a conflict between the two road users if they continue to proceed in the
same direction without making any evasive manoeuvres (such as sharp steering or

sidestepping movements, acceleration, or stopping). The conflict zone is defined



theoretically for each pedestrian during their crossing as a common space used by road
users/vehicles approaching from distinct trajectories. The risk of collision with
approaching automobiles is one that pedestrians in this area face frequently (Kumar et
al., 2019). Several variables might affect vehicle-pedestrian conflict at crossings,
including geometric design, control strategy, driving style, environmental variables like
signal timing and pedestrians, etc. (Chen et al., 2019). As violating pedestrians were
left exposed to motorised traffic without the protection of traffic signals, it was
discovered that these behaviours were crucial for conflicts between pedestrians and
vehicles at signalized junctions. For instance, it was found that there was a positive
correlation between the quantity of traffic conflicts and the spatial violations of
pedestrians, or when they crossed outside of the crosswalks. Additionally, the features
of pedestrians had an impact on their crossing behaviours, which could amplify any
anomalies in their movements. As stated by research (Qi & Guoguo, 2017), at
intersections with protected/permissive left-turn (PPLT) control or permissive only
control, pedestrians will proceed during the permissive phase with parallel via vehicular
flow. To choose the right gap, the left-turning vehicle must first yield to oncoming
traffic as well as pedestrians. In these circumstances, the likelihood of a pedestrian
collision increases. Therefore, one of the primary causes of the conflicts is the
unfettered left-turn movements at the crossings. Two multiple linear regression models
were created by Kumar & Ghosh, (2020) to examine the impact of various variables on
the quantity and vicinity of conflicts. The study's findings implied that an increase in
conflicts was caused by a rise in the number of pedestrians each cycle, or high
pedestrian flow at the intersection. Ni et al., (2016) recommended a behaviour-based
methodology for the identification of conflicts that happen at intersections. This
methodology enables the identification of conflicts in practically all vehicular-
pedestrian interaction patterns. According to the evasive action taken by the road user,
Chaudhari et al. (2021) categorized the interactions between pedestrians and vehicles

into dangerous conflicts, conflicts, and normal conflicts.
2.2.1. Conflicts due to Non-compliance behaviour of pedestrians

If there is a lot of conflicting motor traffic and time separation is necessary for a
safe crossing, traffic lights are provided at pedestrian crossings. In India, people
frequently disobey traffic signals and cross at crossroads in a risky manner. But

occasionally, whether a person is impacted by personal requirements (such as being
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late for a meeting) or by environmental factors (such as a downpour), he or she may
take a chance to get where they're going as soon as possible. In other words, if they feel
it is safe, they may opt to ignore the signals and cross the street before they are supposed
to. A pedestrian may occasionally misunderstand the safe time gap, or a driver may not
anticipate the violation, which causes an accident (Koh et al., 2014). Several research
on pedestrian violations looked into the variables influencing pedestrian behaviour.
According to Mukherjee & Mitra (2019), longer waiting times, the intended use of the
journey, and inadequate facilities are the main causes of signal infractions. Kumar &
Ghosh (2022) suggested that demographic characteristics like age and gender had a
significant impact on how pedestrians violate the law. Their research revealed that men
were more likely than women to ignore the signal when crossing. Also, younger
pedestrians disregarded the signals more often than middle-aged and older adults. The
duration of the pedestrian's wait is likewise positively correlated with the frequency of
violations. Furthermore, the study found that pedestrians who have been waiting for a
while may feel impatient and choose to break the law. Koh et al. (2014) recognised that
environmental factors like the infrastructure of pedestrian crossing amenities,
contextual factors like other pedestrians' presence, and passing motorised traffic
volume all had a role in how often pedestrians violated the law. In accordance with
studies (Kumar & Ghosh, 2022; Mukherjee & Mitra, 2019), pedestrians who violate
the signal at signalized junctions engage in risky interactions with other road users and

may even engage in conflicts with them.
2.2.2. Conflicts due to free left-turn movements

Numerous studies have revealed that left-turning movements at signalized
junctions frequently endanger pedestrians (Alhajyaseen et al., 2012, 2013; Haroun,
n.d.; Y. L. Heetal, 2019; Qi & Guoguo, 2017; Society & Studies, 2013). Permissive
left-turning manoeuvres at signalized crossings pose a serious threat to pedestrian
safety. Pedestrians move at the permissive phase with the parallel through vehicular
flow for crossings with protected/permissive left-turn (PPLT) control or permissive
only (POL) control. The obligation for drivers to stop for pedestrians when making a
free left-turn is not mandated by law. As a result, they typically do not give pedestrians
the right of way when turning. Based on their individual perceptions of the speed and
proximity of the closest opposing vehicles, pedestrians cross the road at these turns.

Essentially, this means that they must cross the street at their own risk (Society &

8



Studies, 2013). If left-turn vehicles misinterpret the situation and fail to yield to the
pedestrians, the probability of a pedestrian collision increases. The traffic conditions at
the junctions are the main emphasis of the current signal design standards for left-turn
operations. Few of them specifically address pedestrian safety issues while determining
the best left-turn control mode at a junction (Qi & Guoguo, 2017).

2.3. Traffic Conflict Technique (TCT)

In general, conflict analysis and before-and-after studies employing crash data are
the most popular methodologies in safety evaluation (Alhajyaseen et al., 2013). Police-
reported crash data served as a basis for the traditional technique of analysing
pedestrian safety. Safety evaluation that is only based on crash records, however, has a
number of drawbacks, including underreporting of crashes, protracted observation
periods, a reactive approach, etc. This yields false results (Kumar et al., 2019). Traffic
accidents are unusual occurrences, and it takes a while to compile enough accident data
to generate accurate predictions of the expected number of accidents. Since only the
ultimate accident consequence is visible during the registration phase, the real accident

process is frequently obscure(Laureshyn & Vérhelyi, 2018).

Many researchers (Chen et al., 2017; Kadali & Vedagiri, 2016; Kathuria &
Vedagiri, 2020; Kumar et al., 2019; Ni et al., 2016; Xin et al., 2021; Zhang et al., 2020)
have argued in favour of the use of the traffic conflict technique (TCT) as an indirect,
short-term, and proactive safety technique, and it is being used as an alternative to the
historical approach for reliable and faster safety evaluation. Some conflicts in a traffic
stream result in collisions, which can range in severity from minor to severe. The
proactive safety measurement is a practical method for assessing the severity of
conflicts between vehicles and pedestrians when crossing roads (Kadali & Vedagiri,
2016). This approach is based on traffic conflict indicators or surrogate safety measures.
Near-crash indicators, or surrogate safety measures (SSM), are used to gauge how close
the conflicts are to occurring both spatially and temporally. The fundamental idea
behind surrogate safety indicators is that all traffic incidents involving proximity of any
kind between two or more road users are connected to safety (Johnsson et al., 2018).
According to Marisamynathan & Vedagiri (2020) SSM is predicated on the belief that
interactions, which have a high probability of occurring, are what cause accidents.



Various studies have used surrogate safety measures to assess the conflict situation
(Alhajyaseen, 2015; Chen et al., 2017; Johnsson et al., 2018; Kadali & Vedagiri, 2016;
Kathuria & Vedagiri, 2020; Kumar et al., 2019; Kumar & Ghosh, 2020; Pawar et al.,
2022; Shah & Vedagiri, 2017; Shekhar Babu & Vedagiri, 2018). The generally
employed surrogate safety measures to analyse conflict situations are post
encroachment time (PET), time to collision (TTC), time to vehicle (TTV), time to
accident (TTA), and deceleration to safety time (DSTven and DSTped). When analysing
pedestrian-vehicle collisions, PET is the most frequently employed surrogate safety
measure. PET is defined as the interval of time between the first road user's departure
from the possible conflict zone and the second road user's arrival (Almodfer et al., 2016;
Chaudhari et al., 2021). Most serious conflicts result from post-encroachment times
with shorter values. The road user travels at their usual speed with little chance of
conflict when the PET value is more than 5 seconds. Consequently, PET less than 5s is
regarded as a conflict, while PET less than 1.5s is characterised as a serious conflict
(Chaudhari et al., 2021). TTC is yet another measure frequently employed in studies
(Kathuria & Vedagiri, 2020; Ni et al., 2016) to analyse conflicts. When two road users
are travelling at their current speeds and following the same routes, the time to collision
(TTC) is the amount of time before a collision occurs. It is a continuous measure of
time. In contrast, it is uncommon for a pedestrian-vehicle collision to occur when both
a vehicle and a pedestrian are present at the same time at the intersection of their
respective trajectories. To overcome this issue, (Chen et al., 2017) use the relative time
to collision (RTTC) as the indicator to assess the severity of conflicts. If both road users
maintain their present speeds, the RTTC is the time difference between the first road
user and the second road user arriving at the potential conflict point. However,
measuring the minimal TTC manually is quite challenging and resource-intensive. In
order to assess the proximity of conflicts, Kumar et al. (2019) developed two indicators:
vehicle TTA and pedestrian TTV, which are utilised independently for vehicles and

pedestrians, respectively.
2.4. Severity Level Classification

Conflict severity cannot be assessed only on the individual values of conflict
indicators. Consequently, a proper classification should be made based on the values of
conflict indicators in order to obtain a clear image of the severity level of conflicts. For

the classification of severity levels, distinct methods are used in various research.
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The k-means clustering analysis was employed by Kumar et al. (2019) to
categorise the conflict indicators into various degrees of severity. This method
implements a logical classification in accordance with the pertinent significances and
traits. The validation of clustering was done using silhouette plots. They divided the
pedestrian-conflicts into 4 severity levels based on the values of conflict indicators. To
categorise the severity levels, Xin et al. (2021) employed k-means fuzzy clustering.
According to the values of SSMs, severity levels were divided into 5 grades. They
discovered that the frequency and severity of conflicts involving pedestrians and right-

turning automobiles varied on various parts of the crosswalk.

In order to categorise the severity levels based on PET and TTC values, Ni et
al. (2016) used the support vector machine technique (SVM). Three different patterns
of interactions between pedestrians and automobiles were established, each with a
corresponding severity level. The pre-defined threshold values of the indicators for each
interaction pattern are used to categorise severity levels as safe passage, critical event,
and conflict.

Import vector machine (IVM) technology was employed by Kathuria &
Vedagiri (2020) to categorise the severity degrees. The interaction patterns were
divided into two categories by them. Safe passage, mild interaction, and critical
interaction are the three severity levels for each pattern according to the IVM technique.

Utilizing the Swedish traffic conflict approach (STCT), Kumar & Ghosh,
(2022) classified the severity levels. Based on the likelihood of a conflict occurring, the
time to accident (TA) and conflict speed (CS) values were categorised into three general
categories: potential conflicts (severity levels 20-23), slight conflicts (severity levels
24-26), and serious conflicts (severity levels 26-30). They discovered that the end of
the pedestrian signal's red interval was when around 60% of significant conflicts took
place.

2.5. Summary

Pedestrian crossing behaviours can be divided into three categories: regular
crossings, dangerous crossings and crossing violations. Age and group size of
pedestrians have a considerable impact on how they cross the street. Also found that
electronic distractions had an impact on pedestrians' behaviour. All interactions

between pedestrians and vehicles are not collisions. Conflict is a circumstance when
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two road users are so close to one another that a collision is almost certain to occur if
their motions remains same. There are several variables that might affect vehicle-
pedestrian conflict at crossings, including geometric design, control strategy and
driving style. Collisions between pedestrians and vehicles occur more frequently at
intersections. The primary causes of conflicts is signal violation behaviour of the
pedestrian and unfettered left-turn movements at the crossings. In India, people
frequently disobey traffic signals and cross at crossroads in a risky manner. Longer
waiting times, the intended use of the journey, and inadequate facilities are the main
causes of signal violations. Permissive left-turning manoeuvres at signalized crossings
pose a serious threat to pedestrian safety. Drivers typically do not give pedestrians the
right-of-way when turning. If drivers misinterpret the situation and fail to yield to the
pedestrians, the probability of a collision increases. In general, conflict analysis and
before-and-after studies employing crash data are the most popular methodologies in
safety evaluation. The proactive safety measurement is a practical way to assess the
severity of conflicts between vehicles and pedestrians when crossing roads. This
approach is based on traffic conflict indicators or surrogate safety measures. When
analysing pedestrian-vehicle collisions, PET is the most frequently employed surrogate
safety measure. Most serious conflicts result from post-encroachment times with
shorter values. Other conflict indicators that generally used to analyse the conflict
situation are TTV, TTA and DST. Conflict severity cannot be assessed only on the
individual values of conflict indicators. A proper classification should be made based
on the combined values of these indicators. For the classification of severity levels,

distinct methods are used in various research.
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CHAPTER 3
METHODOLOGY

3.1. General

This chapter deals with the research methodology adopted for the study, which is
shown in Figure 3.1. The study locations were identified in Kollam, Kerala and were
four-legged, signalized and had pedestrian signals. Video data were collected from each
intersection during peak hours using a high-resolution camera. The conflicts between
pedestrians and vehicles occurring at the intersections were identified from the recorded
video by manual observation and corresponding surrogate safety measures were
calculated by extracting time, distance and speed measurements from Kinovea software
version 0.9.5. Then the conflicts were classified into different severity levels using k-
means clustering in SPSS version 25. Then, a severity prediction model was developed
by support vector machine approach by training the data using the k-means clustering

output to predict the severity level of conflicts.

Identification of study locations

NS

Data collection and extraction

NS

Estimation of conflict indicators

NS

Severity level classification of conflicts

NS

Development of severity prediction model

NS

Interpretation of Results

Figure 3.1. Study Methodology
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3.2. Study Locations

Kottarakkara, Nilamel, Ayathil, and Ayoor were the four intersections in Kollam,
Kerala that were chosen for investigation. These locations were four-legged and offered
free left-turns at junctions. At the study sites, fixed signal control plans with pedestrian

signals are put into practice. In the Table 3.1 below, the specifics of the study locations

are displayed.
Table 3.1. Characteristics of Study Locations
Site | Name of site Target Pedestrian Cycle Pedestrian
No. crosswalk flow length (s) | green interval
(at one
approach) (s)
1 Kottarakkara | Northbound 275/h 115 11
2 Nilamel Northbound 160/h 115 10
3 Ayathil Southbound 71/h 119 31
4 Ayoor Northbound 178/h 114 8

3.3. Data Collection And Extraction

At the intended crosswalks of the intersection, a high-resolution camera was
mounted on a multi-story building to record how people and cars interacted there. The
video was recorded at 30 frames per second in 1080 P resolution. During morning the
(8.30-10.00 am) and evening (4.00-5.30 pm) peak hours, three hours of data were
gathered from each intersection. The sample images of the locations where the data
were collected are shown in Figure 3.2.

With the aid of Kinovea software 0.9.5, data extraction was completed. It is a free
video processing programme that is frequently used for sports analysis that demands
the highest level of accuracy. An adequate level of accuracy in angular and linear
measurements can be acquired using the semi-automated tracking programme Kinovea

by digitising the x- and y-axis coordinates.
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Figure 3.3 displays a snapshot of the Kinovea software. The tracking in Kinovea
is semi-automated since, when the automatic tracking fails to follow the intended path,
the user can adjust the track point location using the outer rectangle. Control of the
track is necessary because occasionally the tracked object is not properly contrasted
and feature rich, which could lead to an inaccurate track route. Typically, it occurs
while pedestrians are being tracked. The dynamic rectangles, i.e., feature region and
search region, distinguish the tiny pedestrians due to their movement over the static
background and also due to the colour contrast. However, this is only achievable if the
video is captured in 1080 P with a frame rate of 30fps (Kathuria & Vedagiri, 2020).
The time, distance, and instantaneous speed measurements were then retrieved using

the software after conflicts were manually detected by watching the recorded video.

P Kinovea - 0 X
File Edt View Image Video Tools Options Help

BEMY 8%/

B & 9 Qlle e 10 1oeaese px (b 25,00 fps Q
A~

Folders

(ce Bin

£ RESHMI

19

[Vindows (C:)

ECOVERY (D)

IVDRW Drve (E)

Hew Vokume (F:)

ew Vokume (G)

Knovea 1
MTECH THESIS DATA

AYATHIL
KOTTARAKKARA
NILAMEL

0 Objects

Jeskiop

locumerts

Jonrioads

usc

[ictures

fideos

h

< >

Video files

B 00000 MTS A
B 00001 MTS

8 00002MTS

B 00003MTS

B 00004 MTS

B 00005 MTS

B 00006 MTS tar1e & T 9
B 00007MTS Working Zore: Sun: 000 Dunaton: 123548

B 00008 TS (1] L ] m ] @ ] ] 0
B 00003 MTS Poston: 100712 Speed: 1x (— () —
B 00010MTS

: T T aaBpe

BE@L /724’408 d pu 0

<

Figure 3.3. Snapshot of Kinovea software
3.3.1. ldentification of conflicts

Videos of all the interactions between vehicles and pedestrians were reviewed.
Following that, using the behaviour-based methodology recommended in the studies,

conflicts between pedestrians and automobiles were manually recognised (Kumar et
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al., 2019; Kumar & Ghosh, 2022; Ni et al., 2016). They presented five scenarios, and

if any of the following ones occurred, conflict was considered to have taken place:

e A pedestrian moved back, slowed down, or stopped and waited for a vehicle
to pass

e A pedestrian sprinted or accelerated and passed the conflict point before a
vehicle arrived;

e A vehicle braked, stopped, or changed path to avoid a pedestrian;

e A vehicle accelerated and passed before a pedestrian arrived at the conflict
point;

¢ Neither pedestrians nor automobiles took any action, although there was a
close distance and brief delay as they passed the conflict zone.

3.4. Estimation of Conflict Indicators

Conflict indicators or surrogate safety measures were then computed for each
conflict situation after the conflicts had been identified. To analyse the conflict
situation, the current study used five parameters: post encroachment time (PET), time
to vehicle (TTV), time to accident (TTA), and deceleration to safety time (DSTped and
DSTen).

3.4.1. Post encroachment time (PET)

It is the interval of time between when the first road user (vehicle or pedestrian)
departed the potentially active conflict zone and when the second road user (vehicle or
pedestrian) arrived at it. The schematic diagram for the calculation of PET is shown in
Figure 3.4. Using the kinovea programme, a grid was placed that was the same size as
the crosswalk since the crossing was regarded as the conflict zone for the purposes of
calculating PET. It was noted what time the first road user left the zone and when the
second road user entered the zone. The kinovea software employing a grid is shown in

a screenshot in Figure 3.6. The following formula 3.1 is used to compute PET:
PET=TL-Te 3.1)

Where T_is the time when the first road user leaves the conflict zone and Te is the time

when the second road user enters the conflict zone.
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3.4.2. Time to vehicle (TTV)

TTV is the time when pedestrian would reaches the conflict point. By calibrating a
well-known reference dimension in the video, the distance and speed were extracted
using the programme for the determination of TTV. Figure 3.5 shows the schematic
diagram for the calculation of TTV. The Speed of the pedestrian was extracted by
tracking the movement of the pedestrian. The following formula (3.2) is used to

compute TTV:

Lp
TTV =2 (3.2)
Vp

Where L, is the distance between the conflict point and the point at which the
pedestrian began to decelerate and Vp is the speed of the pedestrian at the moment at

which he/she decelerated.

Entry

Conflict Zone

> e

Figure 3.4. Schematic Diagram for the Calculation of PET (Kumar et al., 2019)

19



. P1=Starting Point L1=Distance between P1 & P2
P2=Deceleration Point  L2= Distance between P2 & P3
P3= Conflict Point L3= Distance between P3 & P4

P4= Ending Point

11 |. 12 ; 13
P3

-%
—
0
L)

Figure 3.5. Schematic Diagram for the Calculation of TTV (Kumar et al., 2019)
3.4.3. Time to accident (TTA)

With the exception of using vehicle speed and positions rather than pedestrians,
this metric is derived in the same manner as TTV. Figure 3.7 below illustrates how the
software tracks the motion of moving vehicles to determine speed. The following
equation (3.3) can be used to compute TTA:

TTA = i—" (3.3)

v
3.4.4. Deceleration to safety time (DST)

DST is computed for both automobiles and pedestrians. It provides superior
results for traffic events and indicates the average rate of deceleration of the vehicles
and pedestrians during the crossing. During the interaction process, the kinovea
software measures time and distance. The following formula (3.4) is used to determine
DST:

2Ly

DST =
(T3~ T)?

(3.4)

Where T3z is the moment at which a pedestrian/vehicle decelerated, T3 is the moment at

which pedestrian/vehicle passes the conflict point and L, is the distance between them.
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3.5. Severity Level Classification of Conflicts

Conflict indicators provide a general understanding of the risk a pedestrian is
exposed to when crossing. However, the severity of the disputes has an impact on the
risk assessment in reality. A conflict's severity indicates the likelihood that it will end
in a crash. K-means clustering, which was used in conjunction with SPSS version 25,
was used in the current study to classify the severity levels. Compared to other
clustering approaches, it is effective at handling huge datasets with quantitative
variables, making it a widely used clustering technique. The hierarchal clustering was
performed prior to k-means clustering to find the optimal number of clusters. Estimated
conflict indicator values for each conflict occurrence (PET, TTV, TTA, and DST)

served as the input variables for the k-means clustering analysis.

3.5.1. Hierarchal clustering

The goal of hierarchical clustering, also known as hierarchical cluster analysis or
HCA, is to create a set of clusters. These clustering techniques operate on the principle
of agglomeration of members or states. With this approach, every observation starts in
its own cluster, and as one advances up the hierarchy, pairs of clusters are combined
(L. He et al., 2018). Each stage of agglomeration estimates the cost of combining
members. This cost, which is expressed as an agglomerate coefficient, offers greater
assistance in choosing the optimal number of clusters. To determine the ideal number
of clusters, the change in the agglomeration coefficient at each stage is carefully
examined (Maji et al., 2017). Hierarchal clustering was done by ward’s method which
uses squared Euclidian distance between the clusters for agglomeration of members.
Ward's technique takes into account agglomeration with a minimum increase in average
distance. The optimum number of clusters obtained from hierarchal clustering was used
in k-means clustering.

3.5.2. k-means clustering

It is an effective tool for automatically forming coherent clusters out of data. This
technique separates a dataset into categories based on how similar or different the
patterns are. The k-means clustering is an appropriate classification technique that
divides an unlabelled dataset into a large number of clusters with a high degree of
similarity within each group (Kadir et al., 2018; Kumar et al., 2019). The process is
started by giving the iterative algorithm a fixed set of centroids and a predetermined
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number of clusters to work with. Then, using a squared Euclidian distance, each data
point to be clustered is matched with its closest centroid. The algorithm's goal is to
identify the cluster centres as widely apart from one another as feasible and link each
data point to the closest cluster centre. The dissimilarity metric in the k-means method
is typically the Euclidean distance. The objective function J is described in following

equation (3.5):
J =X Cell X = Gl (3.5)

where K is the number of clusters, C; is the centres of clusters, and is X, is the k" data
point in i*" cluster (Orhan et al., 2011). By calculating the average of all the points given
to each cluster, the centroids are then updated. These stages are repeated until there is
no substantial change in the assignment of the data points to each centroid (Saha et al.,
2019).

3.6. Development of Severity Prediction Model

A SVM model was established to forecast the severity of the conflicts based on the
estimated conflict indicator values. The support vector machine model, a relatively
recent modelling approach, was proposed to address the classification and regression
issues. It was discovered that the SVM model offers excellent potential for addressing
classification issues (Li et al., 2012). In comparison to other machine learning methods,
the support vector machine also provides superior accuracy for even smaller datasets
(Wang et al., 2019). As a result, this strategy was chosen in the current study to create

a prediction model.

Data is divided into a training set and a testing set before being specified for the
SVM model. Every conflict in the training dataset includes a label that specifies the
level of severity and its associated individual conflict indicator values (PET, TTV, TTA
and DST). On the basis of the training data, the SVM model discovered the correlations
between conflict severity and explanatory variables. Following that, the SVM model
can forecast the severity level of each conflict based on values for conflict indicator

values from the testing conflict dataset.
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3.6.1. Support vector machine (SVM) technique

Support vector machines are supervised machine learning techniques that can be
used to categorise data into distinct groups. The structural risk reduction concept and
statistical learning theory are the foundations of the SVM model. The SVM model is
able to transform the input vector X into a multidimensional feature space. The SVM
model generates an optimal separation hyperplane in this higher dimensional space to
divide the outcome into various groups while optimising the margin between the linear

decision boundaries by selecting a non-linear mapping a priori.

The data is divided into a training set and a testing set when specifying the SVM
model. Based on the training set, the SVM model generates a learning model, which is
subsequently used to predict data from the testing set. The whole collection of conflict-
related variables, including the severity of conflicts, are represented by the vectors x; €
N fori=1,2..., N. The severity of conflicts is represented by the hyperplaney; € N,
which divides outcomes and training output. It is possible to express the hyperplane for

separating outcomes as the collection of points X satisfying the equation (3.6):
W -X-b=0 (3.6)

where "¢" stands for the dot product, "W" is a normal vector that is perpendicular
to the hyperplane, and "b" is a coefficient that stands for bias (Li et al., 2012). One of
these hyperplanes has the greatest margin and is recognised as the optimal separating
hyperplane. The margin vectors, or support vectors, are what specifically determine this
hyperplane (Yu & Abdel-aty, 2013).

By combining linear classification with a technique known as the kernel trick, SVM
efficiently accomplishes nonlinear classification tasks. It makes sense that choosing the
hyperplane with the widest margin as the classifier yields the lowest misclassification
of new data when establishing the decision boundary. The equation (3.7) for kernel

function is shown below (Han et al., 2020):
K(xmx) = K(xTmx) = @(xn)T0(x) (3.7)

The selection of an appropriate kernel function will determine how well an SVM
classifier performs. Predictive performance can be enhanced by selecting the ideal
kernel function parameters, which can also prevent overfitting (Han et al., 2020). The

sigmoid, linear, and radial basis function (RBF) kernels were used in the current
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investigation. Below formulae (3.8) to (3.10) represent various kernels (Hussain et al.,
2011; Yu & Abdel-aty, 2013).

Linear kernel: K (x;,x;) = x{ x; (3.8)
Radial basis function (RBF) kernel: K (x;,x;) = e(‘V(”xi‘xf”)z),y >0 (3.9)
Sigmoid kernel: K (x;,x;) = tanh(yx]x; + 1) (3.10)

3.6.2. Evaluation of SVM model

Precision, recall, F1 score, and accuracy are the indices used to evaluate the SVM
severity prediction model. These metrics were computed based on variables such as
true positive (TP), true negative (TN), false positive (FP), and false negative (FN). The
number of samples that are accurately identified as true positives is referred to as TP.
False positive (FP) samples are those that are incorrectly categorised despite being true
negative ones. FN (false negative) is the number of actual negative samples that are
wrongly classified. The number of actually negative samples that are correctly
categorised is known as the TN (true negative). The equations for calculating the
metrics using these four values are presented in equations (3.11) to (3.14) (Zhang et al.,
2020). Precision, also known as positive predictive value (PPV), is the proportion of
real positive samples to samples that have been labelled as positive. The percentage of
real positive samples that are accurately categorised is called recall, which is often
referred to as sensitivity. The F1 score is an integrated statistic that takes into account
both recall value and precision value. The ratio of samples that were correctly identified

over the entire data set, accounting for both positive and negative samples, is known as

accuracy.
. TP
Precision = (3.11)
TP+FP
Recall = (3.12)
TP+FN
2xPrecision*Recall
F1 score = — (3.13)
Precision+Recall
TP+TN
Accuracy = (3.14)
TP+FP+TN+FN
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By comparing the expected and observed values, accuracy may be evaluated. Accuracy

sheds light on the SVM classifier's overall performance (Li et al., 2012).
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CHAPTER 4
RESULTS AND DISCUSSIONS

4.1. Non-Compliance Behaviour of Pedestrians

A total of 2528 pedestrians were crossed during the three hours of observation at
each study location. Among them, 77% of pedestrians ignored the signal and crossed
the street while the light was still red. The percentage of pedestrians who crossed the
roadway while the pedestrian signal was green was only 23%. This makes it abundantly
evident that pedestrians are acting in a non-compliant manner. The frequency
distribution of total pedestrian crossings is shown in the Figure 4.1. The frequency
distribution of pedestrian crossings during the red and green pedestrian signal
indications at each site is illustrated in Table 4.1. More than half of pedestrians ignore
signals at every site, according to a comparison of the frequency distribution of each
site. This suggests that pedestrians are just ignoring the pedestrian signal and crossing
at intersections when they perceive a safe gap. This is a result of longer waiting times
and a lack of punishment for signal violations. Highest percentage of pedestrians (83%)
violating the signal are at site 2 aand relatively less percentage (54%) at site 3 according

to the data collected.

m Percentage of Pedestrians crossed during pedestrian red signal
m Percentage of pedestrians crossed during pedestrian green signal

Figure 4.1. Frequency Distribution of Total Pedestrian Crossings
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Table 4.1. Observed Frequency Distribution Pedestrian Crossings at Each Site

Site No. No. of pedestrians No. of pedestrians
crossed during red crossed during green
signal signal
1 905 (81.02%) 212 (18.98%)
2 508 (83%) 104 (17%)
3 142 (54%) 121 (46%)
4 392 (73.13%) 144 (26.87%)

4.2. Frequency Distribution of Conflicts

From all of the study sites, 374 conflicts were observed in total. The identified
conflicts were categorized into two: conflicts due to signal violation behaviour of
pedestrians and conflicts due to free left-turn movements. The pedestrian-vehicle
conflicts caused by both right-turning and through moving vehicles were considered
under the category of conflicts due to signal violations. According to the data gathered,
35% of conflicts are caused by free left-turn movements, while 65% are caused by
signal violations. The distribution of total conflicts identified is shown in Figure 4.2.
The frequency distribution of conflicts at each site is listed in Table 4.2. It was found
that at all the study sites, conflicts due to signal violation shows higher percentage than

conflicts due to free left-turn movements except at site 1.

Table 4.2. Frequency Distribution of Identified Conflicts at Each Site

Site No. Conflicts due to signal Conflicts due to free left-
violations turn movements
1 72 (47.06%) 81 (52.94%)
2 64 (76.19%) 20 (23.81%)
3 42 (77.78%) 12 (22.22%)
4 57 (68.68%) 26 (31.32%)
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= Due to pedestrian signal violation = Due to free left turn movements

Figure 4.2. Distribution of total identified conflicts

4.3. Evaluation of Surrogate Safety Measures

Conflict indicators (PET, TTV, TTA, DSTped, and DSTven) Or surrogate safety
measures were calculated for the specified conflict events. The minimum, maximum,
and average values of indicators for each location are listed in Table 4.3. The definitions
and earlier research (Alhajyaseen, 2015; Kumar et al., 2019; Ni et al., 2016; Xin et al.,
2021) indicate that the values of PET, TTV, and TTA are positively correlated with the
severity of conflicts. The conflict becomes more intense as these values rise. While
conflicts' severity and DST are negatively correlated. When DST values are high, the

conflicts get worse.

At site 4, the average TTV and TTA values are lower, while the average DSTped
value is higher. However, the data show that site 3 has lower PET and higher DSTen.
Therefore, based on the individual values of the conflict indicators, it is impossible to
define the levels of conflict severity. Consequently, cluster analysis was carried out in

order to get a clear image of the different conflict severity levels.
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Table 4.3. Estimated Values of Conflict Indicators at Each Site

Indicator Type Site 1 Site 2 Site 3 Site 4
Minimum 0.20 0.36 0.32 0.40

PET Average 1.31 1.48 1.28 1.31
Maximum 4.76 4.98 4.64 4.60

Minimum 0.26 0.34 0.32 0.33

TV Average 1.11 1.28 1.38 0.94
Maximum 3.98 3.20 3.89 1.77

Minimum 0.47 0.28 0.57 0.24

TTA Average 1.80 1.59 1.30 1.28
Maximum 4.60 3.70 3.93 2.90

Minimum 0.60 0.81 0.87 2.67

DSTped Average 4.24 3.38 3.17 4.35
Maximum 6.73 5.32 5.97 5.97

Minimum 0.47 0.63 0.84 0.87

DSTven Average 2.66 2.84 3.30 3.29
Maximum 5.77 5.37 5.38 541

4.4. Severity Level Classification of Conflicts

The severity levels of conflicts were classified using k-means clustering in SPSS.
Hierarchical clustering on the data set was used to identify the appropriate number of
clusters for k- means clustering. The optimum number of conflicts was decided based
on the agglomeration plot as shown in Figure 4.3. By considering the elbow point in
the graph, it was discovered that three clusters are sufficient. The detailed results of
hierarchal clustering is given in Appendix A. All conflicts were divided into three
clusters according to the values of the conflict indicators in the k-means clustering after
the clustering centres had converged after nine iterations. From the final cluster centres,
threshold values for each conflict indicator were obtained. The detailed results of the

k-means clustering is given in Appendix B.

The threshold values for each indicator are shown in Table 4.4 along with their
corresponding severity levels. The results of clustering indicated that severity level 1
represented the highly severe conflicts with the highest collision probability, severity
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level 2 indicated the severe conflicts, and severity level 3 indicated the normal conflicts

with the lowest collision probability.
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Figure 4.3. Agglomeration Coefficient Plot of Hierarchal Clustering

Table 4.4. Threshold Values of Conflict Indicators at Each Severity Level

Conflict indicators Severity Level
1 2 3
PET <0.88 0.88-2.19 >2.19
TTV <1.08 1.08-1.31 >1.31
TTA <1.28 1.28-1.90 >1.90
DSTped >3.99 3.99-3.56 <3.56
DSTven >3.48 3.48-2.42 <2.42

According to the findings, PET values below 0.88s signify highly serious conflicts,
or dangerous circumstances at the time of crossing. The results of Ni et al. (2016), who
determined that the PET threshold for severe conflict was 1 s, are in line with the
obtained threshold value for highly severe conflicts. However, (Kumar et al., 2019)
discovered 2.32s for highly serious conflicts. The result of 1.08s for the TTV threshold
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for extremely severe conflict reflects the finding of Kumar et al. (2019), who found that
the value reached was 1.12s. In the current study, the TTA threshold limit in extremely
serious conflict is 1.28. While the result achieved by Kumar et al. (2019) was 0.88s,
which is considerably less than the current outcome. DSTpeq threshold value for highly
severe conflicts was 3.99 m/s?, but Xin et al. (2021) reported 4.91s as the upper limit
for severity level 1. When compared to the stated DSTven threshold value of 3.48m/s?,
Kumar et al. (2019) obtained a substantially lower value (1.68 m/s?) than the actual

result.

In the current investigation, the upper threshold limits of typical conflicts (severity
level 3) were 2.19s, 1.31s, 1.90s, 3.56m/s?, and 2.42m/s? seconds, respectively, for PET,
TTV, TTA, DSTped, and DSTyen. Different upper limits for these indicators were
reported by various researchers. According to Ni et al. (2016), the maximum PET
threshold is 3s. Conflicts with PET values greater than 5s were not examined in the
current investigation because the larger time intervals between these encounters are
thought to be safe crossings (Almodfer et al., 2016; Chaudhari et al., 2021).

4.4.1. Distribution of conflicts based on severity Level

Based on the severity level determined by k-means clustering, the observed
conflicts were categorised as highly severe, severe, and normal. The distribution of

conflicts according to severity is shown in Figure 4.4.

75% of the conflicts fell under the serious category, while 13% of the conflicts were
classified as being highly severe, as per the results. This implies that 88 % of all
conflicts fell into the category of highly severe/severe conflicts with the highest
likelihood of collision. Only 12% of the conflicts fell into the normal category. It was
discovered that the majority of conflicts had high severity even at signalized junctions
with pedestrian signals. This is undoubtedly a result of the intersection's pedestrians'

signal-violating behaviour.
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Figure 4.4. Distribution of Conflicts Based On Severity

The percentage of highly serious disputes brought on by pedestrian signal

infractions and unrestricted left-turn movements that occur at each location is displayed

in Table 4.5 below. Conflicts resulting from signal violations in the current study

included those caused by right-turning vehicles as well as through-moving vehicles.

Table 4.5. Distribution of highly severe conflicts at each site

Site No. Percentage of highly severe conflicts
Due to pedestrian signal Due to free left-turn
violation (%) movements (%)
1 44.44 55.56
2 58.33 41.67
3 66.67 33.33
4 70 30

Figure 4.5 depicts the distribution of total highly severe conflicts across every study

sites. In accordance with the findings, 43% of highly severe conflicts are caused by free

left-turns, and 57 % are caused by pedestrians violating traffic signals. By looking at

the highly severe conflicts at each location, it can be seen that the majority of these

33



conflicts are caused by pedestrian signals being ignored. Only at site 1 do highly serious
conflicts involving free left-turn movements outweigh those involving signal
violations. The findings imply that pedestrian signal violations occur rather frequently
at signalized intersections, which causes quite serious conflicts there. This might be as
a result of the fact that disobeying pedestrians are exposed to conflicting traffic at
junctions and that drivers fail to yield to them when it is green for vehicles to proceed.
Pedestrians typically cross the road when there is a safe gap in traffic without taking
into account the pedestrian signal indicator. Due to their errors in the perception of the
distance, this may result in really serious conflicts. The main cause of the non-
compliance behaviour is that pedestrian signal laws are not strictly enforced in India.
Another potential cause of the non-compliance behaviour is the pedestrian's impatience
in waiting for the signal. According to the research, installing pedestrian signals at
junctions is not the sole way to lessen conflicts in Indian conditions because highly
severe conflicts suggest a larger likelihood of collision. To increase pedestrian safety
at intersections, preventative measures against signal infractions should be put into
place. Although less frequent than conflicts resulting from signal infractions, conflicts
caused by free left-turns nevertheless account for 43% of highly severe conflicts. The
reason being that vehicles making a free left-turn must yield to both automobiles and
pedestrians. They do not place more emphasis on pedestrians, which makes conflicts
between vehicles and pedestrians more serious if the pedestrian is not careful.

® Free left turn
m Signal violation

Figure 4.5. Distribution of highly severe conflicts
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4.4.3. Relation of conflicts with vehicle type

This section emphasises how different vehicle types affect the severity and
frequency of conflicts. It is a natural human propensity to act differently while
approaching different types of vehicles, including two-wheelers (TW), cars, autos, light
commercial vehicles (LCV), and heavy commercial vehicles (HCV), at intersections.
Vehicles are also expected to operate differently during the entire engagement, in line
with this expectation. The percentage of conflicts involving various vehicle types is
shown in Figure 4.6. 33 % of the conflicts at the study locations are caused by cars,
while 37% are caused by two-wheelers. Out of all the vehicle kinds, these two have the

highest percentage.

The distribution of highly severe conflicts involving various types of vehicles that
occurred at all of the study sites is depicted in Figure 4.7. The severity of the conflicts
varied depending on the kind of vehicle. According to the statistics, a significant portion
(47%) of highly serious conflicts involved two wheelers (TW). In comparison to
interactions with other vehicle types, interactions between pedestrians and two-
wheelers typically resulted in riskier situations. This might be as a result of two-

wheelers travelling faster than other cars through intersections.

Auto

TW
37%

Car
33%

LCV
6% H
8%

m Auto =Car =HCV = LCV = TW

Figure 4.6. Frequency of Conflicts with Different Vehicle Types
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Figure 4.7. Distribution of Highly Severe Conflicts with Vehicle Types
4.5. Severity Prediction Model

Utilizing the support vector machine (SVM) approach, a severity prediction model
was developed. All of the codes were implemented in Python using Google Colab. The
python script for SVM is given in Appendix C. The estimated values of conflict
indicators were used as the features or independent variables and the severity levels as
target variable for developing the model. The SVM model was trained using the
labelled data that emerged from k-means clustering. 80% of the conflicts were
randomly chosen for training, and the remaining 20% were utilised as a test set to
evaluate the performance of the modelling. Multi-collinearity was investigated prior to
model calibration. There would be multi-collinearity among the predictors if the value
of the variance inflation factor (VIF) is greater than or equal to 5 to 10 (Shrestha, 2020).
There were no problems with multi-collinearity in any of the conflict indicator variables
in the dataset. The results of the multi-collinearity test are given in Appendix D. Table
4.6 below displays the model's outcomes. To find the optimal performance model,
different kernel functions like linear, radial basis function (RBF), and sigmoid were
explored.

According to the findings, the SVM model with the RBF kernel is 97 % accurate

in predicting the level of conflict that will occur at the intersection. Here, precision-
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recall is used to assess the classification quality in general, and the classification quality
of each class in particular. The accuracy rate is a measure of how often the model can
correctly identify exceedingly severe, severe, and normal conflicts. Recall shows the
actual highly severe, severe, and normal conflicts that are correctly categorised in

relation to all highly severe, severe, and normal conflicts, respectively.

Table 4.6. Results of Severity Prediction Model

Kernel Precision Recall F1 score Accuracy
HS S N HS S N HS S N
Linear | 0.88 | 1.00 [ 0.93 | 0.90 | 0.69 | 0.78 | 0.93 | 0.96 | 0.95 0.92
RBF 092 | 096 | 1.00 | 1.00 | 0.96 | 0.92 | 0.92 | 0.98 | 0.98 0.97
Sigmoid | 0.00 | 0.00 | 0.75 | 0.00 | 0.00 | 1.00 | 0.00 | 0.00 | 0.85 0.75
HS: Highly severe, S: Severe, N: Normal

Additionally, by considering recall and precision, the F1 score can assess the
classification's quality. SVM-RBF model provides the highest precision, recall, and F1
scores for classifying each category, making it the best model for predicting severity.
When given conflict indicator values, this model can accurately forecast the amount of
conflict severity. The degree of severity sheds light on the likelihood that a pedestrian

and a vehicle would collide.
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CHAPTER 5
CONCLUSION

5.1. General

The current investigation was carried out in Kollam, Kerala, at four specifically
chosen signalised crossings with pedestrian signals. The interactions between
pedestrians and automobiles were observed, and the conflict situations were identified
manually from the recorded footage. The study concentrated on the conflicts caused by
pedestrian signal violations and unrestricted left-turns at signalised intersections. The
traffic conflict technique was used in the study to analyse the conflict scenario
quantitatively. To evaluate how safe a situation might be in the event of a conflict,
surrogate safety measures like PET, TTV, TTA, DSTped, and DSTven were calculated.
These measures take into account the spatial and temporal proximity of conflicts. The
indicators' maximum, minimum, and average values provided a general indication of
the risk associated with pedestrian crossings. However, the actual risk assessment was
correlated with conflict severity because conflict severity reflects the likelihood that a
conflict may result in a collision. Based on these indicator values, k-means cluster
analysis was used to categorise the conflicts into distinct severity categories. According
to each severity level, the study suggested threshold values for the indicators. The study
also developed an SVM severity prediction model by providing conflict indicator

values to forecast conflict severity.
5.2. Key Findings
The major findings of the study are given below:

e The study revealed that a majority of pedestrians ignored the pedestrian signal
at every study site, and 77% of pedestrians as a whole exhibited non-
compliance behaviour when they crossed the road. This suggests that
pedestrian signal violations at signalized intersections in India require
further attention. Pedestrians cross the road when there is a safe gap by
disobeying the signal because they are not prepared to wait for it.

e The study discovered that signal violation behaviour causes 65% of conflicts
at intersections. The conflicts due to free left-turn movements also constitute

35% of total conflicts at the intersection.
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e As the severity of the conflicts at the intersection cannot be determined
manually, k-means clustering was used to categorise the conflicts into
different severity levels based on the values of surrogate safety measures.

e According to the study, conflicts were classified into three categories: highly
severe, severe, and normal conflicts.

e The study also suggested threshold values for the conflict indicators at each
level of severity. A highly severe conflict with a high risk of collision is
indicated by PET, TTV, and TTA values smaller than 0.88s, 1.08s, and 1.28s,
respectively. DSTpes and DSTven values above 3.99 m/s? and 3.48 m/s?,

respectively, also indicate the most severe conflicts.

e 88% of all identified conflicts fall into the highly severe or severe categories,
according to the findings. This suggests that even with the installation of
pedestrian signals, the safety of pedestrians at signalized junctions is
undoubtedly a serious concern.

e Study results show that disobeying the pedestrian signal was to blame for 57%
of highly severe conflicts at signalized intersections. The conflicts resulting
from unrestricted left-turn movements account for 43% of the highly severe
conflicts.

e Diverse vehicle types also resulted in differences in the frequency and

severity of conflicts.

e The study found that two-wheelers were involved in a large number (47%) of
highly severe conflicts. This may occur because two-wheelers are the
majority of all vehicles at the intersection and also go at a faster rate than
other types of vehicles.

e The study also calibrated a severity prediction model to predict the severity
of conflicts that arise at intersections. The suggested SVM-RBF model
obtains a total classification accuracy of 97%, demonstrating the model's
superior predictive performance.

5.3. Recommendations

The riskiest places where complex interactions between pedestrians and vehicles

occur are intersections. According to the study, installing pedestrian signals alone is not
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an excellent way to assure the safety of pedestrians at signalized intersections. It is
essential to take steps to prevent pedestrians from violating the signal. Awareness
programmes and online campaigns should be promoted to enhance pedestrian crossing
behaviour. In India, most junctions lack intersection pedestrian signals with countdown
timers. Installing countdown pedestrian signals would make it easier for people to cross
the street safely by letting them know how long they have to finish the crossing. The
lack of enforcement of laws and regulations regarding pedestrian offences will
encourage pedestrians to disregard traffic signals. Hence, a penalty or fine should be
imposed on pedestrians violating the signal. Crossing pedestrians are also put in danger
by the unrestricted left-turns at crossings. Therefore, when developing the control
mechanisms for left-turn movements, it is vital to consider the pedestrian demand at

intersections.
5.4. Scope For Future Study

The current study manually recognised conflicts and determined conflict
indicators. This manual data extraction process is time- and resource-intensive. Future
research can therefore examine cutting-edge methods like trajectory data for analysing
the interaction pattern between pedestrians and cars. Future research can include more
intersections to generalise the findings. Further research can also examine the impact

of intersection geometry on conflicts between pedestrians and vehicles.
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APPENDIX A: RESULTS OF HIERARICHAL CLUSTERING

Case Processing Summary?P

Cases
Valid Missing Total
N Percent N Percent N Percent
374 100.0 0 .0 374 100.0

a. Squared Euclidean Distance used
b. Ward Linkage

Ward Linkage

Agglomeration Schedule
Stage Cluster First

Cluster Combined  Coefficient Appears
Stage Cluster 1 Cluster 2 S Cluster 1 Cluster 2  Next Stage
1 223 318 .006 0 0 32
2 272 273 014 0 0 81
3 309 310 .026 0 0 53
4 243 244 .038 0 0 42
5 258 259 .056 0 0 85
6 220 222 077 0 0 32
7 189 190 .099 0 0 194
8 191 192 121 0 0 52
9 187 188 143 0 0 69
10 195 197 .166 0 0 139
11 206 207 190 0 0 125
12 63 64 215 0 0 133
13 347 348 241 0 0 115
14 270 271 268 0 0 89
15 90 91 297 0 0 184
16 164 165 326 0 0 43
17 231 311 .356 0 0 37
18 325 326 .386 0 0 123
19 228 306 416 0 0 56
20 249 251 447 0 0 84
21 23 24 480 0 0 241
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APPENDIX B: RESULTS OF K-MEANS CLUSTERING

Initial Cluster Centers

Cluster
1 2 3
PET 1.04 40 4,76
TTV 2.30 .26 1.20
TTA 1.57 1.57 4.60
DTP .81 6.73 3.72
DTV 2.93 2.93 A7

Iteration History?
Change in Cluster Centers

Iteration 1 2 3

1 2.972 2.453 2.621
2 116 425 .302
3 .061 204 172
4 .030 .058 155
5 .022 .020 114
6 .019 .065 .062
7 .009 .049 .000
8 .009 .054 .000
9 .000 .000 .000

a. Convergence achieved due to no or small
change in cluster centers. The maximum
absolute coordinate change for any center is
.000. The current iteration is 9. The minimum
distance between initial centers is 6.229.

Final Cluster Centers

Cluster
1 2 3
PET 1.17 .58 3.22
TTV 1.21 .95 1.40
TTA 1.55 1.01 2.26
DTP 3.65 4.34 3.47
DTV 2.89 4.08 1.95
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APPENDIX C: PYTHON SCRIPT OF SVM

import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
cell df=pd.read excel("/content/Untitled? (datasheet) - SVM.xlsx")
normal_df= cell df[cell df["Conflict"]=="N"] [0:300]
severe_df=cell df[cell df["Conflict"]=="5"] [0:300]
highlysevere df=cell dffcell df["Conflict"]=="HS"] [0:300]
feature df=cell df[['PeT", 'TIV', "TTA", 'DTP', 'DIV']]
X=np. asarray(feature df)
y=np.asarray(cell df("Conflict"])
from sklearn.model selection import train test split
X_train, X test, y train, y test=train test split(X,y,test size=0.2)
from sklearn import svm
from sklearn,svm import SVC
kernels = ['RBF', 'Sigmoid','Linear']#A function which returns the corresponding SVC model
def getClassifier(ktype):
if ktype == 1:
# Radial Basis Function kernal
return SVC(kernel="rbf", gamma="auto")
elif ktype == 2:
# Signoid kernal
return SVC(kernel="signoid', gamma="auto")
elif ktype == 3:
# Linear kernal
return SVC(kernel="linear", gamma="auto")
for 1 in range(4):
# Separate data into test and training sets
X_train, X test, y train, y test = train_test split(X, y, test_size = 0.2)# Train a SVC model using different kernal
svelassifier = getClassifier(i)
svclassifier,fit(X train, y train)# Make prediction
y_pred = svclassifier.predict(X test)# Evaluate our model
print("Evaluation:”, kernels[i], "kernel”)
from sklearn.metrics import classification report
print(classification report(y test,y pred))
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APPENDIX D: RESULTS OF MULTI-COLLINEARITY TEST

Model Summary
Adjusted R Std. Error of the
Model R R Square Square Estimate

1 .660?2 436 428 .525

a. Predictors: (Constant), DTV_1, DTP_1, PET, TTV_1, TTA_1

ANOVA?
Model Sum of Squares df Mean Square F Sig.
1 Regression 78.330 5 15.666 56.792 .000P
Residual 101.512 368 276
Total 179.842 373
a. Dependent Variable: Cluster Number of Case
b. Predictors: (Constant), DTV_1, DTP_1, PET, TTV_1, TTA_1
Coefficients?
Unstandardized Standardized
Coefficients Coefficients Collinearity Statistics
Toleranc
Model B Std. Error Beta t Sig. e VIF
1 (Consta -3.564 .630 -5.658 .000
nt)
PET .486 .037 .627 13.095 .000 .670 1.494
TTV .488 .158 .243 3.101 .002 .251 3.989
TTA .540 124 .369 4.354 .000 .213 4.689
DTP .452 .086 404 5.262 .000 .260 3.852
DTV .400 .075 .440 5.337 .000 .226 4.426

a. Dependent Variable: Cluster Number of Case
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Collinearity Diagnostics?

Variance Proportions

Mod Dimensio Eigenval Condition (Consta

el n ue Index nt) PET TTV.1 TTA 1 DTP 1 DTV 1
1 1 5.504 1.000 .00 01 .00 .00 .00 .00
2 310 4211 .00 43 .00 .00 .00 01
3 107 7.156 .00 .08 .06 .05 01 .02
4 .070 8.865 .00 48 10 .05 01 .03
5 .007 27.770 .00 .00 27 58 34 62
6 .001 61.901 1.00 .00 57 31 64 32

a. Dependent Variable: Cluster Number of Case
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