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ABSTRACT

In 2016, pedestrians accounted for the largest share within fatalities of vulnerable road
users in traffic inside the European Union with a 21% fatality rate among all road users [1].
Active safety systems aim at avoiding crashes with pedestrians, however, there is a need to
develop systems which are accepted by drivers, i.e. systems which are able to avoid collisions
while keeping false alarm rate as low as possible. There has been a substantial amount of
previous research with focus on driver interaction with pedestrians in crossing situations,
but longitudinal scenarios have not gained the same amount of attention in research yet.
This thesis aims at exploring the interaction between drivers and pedestrians in longitudinal
scenarios, i.e. when drivers overtake or pass a pedestrian.

To allow an analysis of driver behaviour, two data sets of real world overtaking and passing
manoeuvres were used. The first data set was extracted from the latest European naturalistic
driving study, UDRIVE, and contained 77 overtaking events which occurred on rural roads
in France. The second data set was collected within this thesis on a rural road in Sweden
with a custom-made data logger. This second data set included 630 overtaking events which
were collected by a pedestrian wearing the data logger. During the field test, experimental
factors such as presence of oncoming traffic, walking direction of the pedestrian and lateral
position of the pedestrian were varied.

Results from the UDRIVE data set indicate that, in presence of oncoming traffic, drivers
start to steer away earlier from a collision path than when oncoming traffic is absent. From
field test data, a significant difference in minimum clearance between driver and pedestrian
is shown for the factors oncoming traffic and walking direction. The implication is that
drivers are willing to give less space to pedestrians in presence of oncoming traffic as well as
when pedestrians are walking towards them. Almost 50% of the drivers in the field tests
conducted in Sweden and about 90% of the french drivers from the UDRIVE data set kept
less than 1.5 m distance to the pedestrian, less than the minimum distance set by policies
in other European countries [2]. Hence, infrastructure especially in rural roads should be
designed to allow safe and comfortable collision avoidance among road-users, especially in
combination with pedestrians. Results for distribution of time to collision when steering
away go in accordance to the corresponding Euro NCAP scenario. Bayesian linear regression
was applied to model the event describing metrics minimum clearance and time to collision
at the moment of steering away. Results show that the models are able to predict posterior
distributions of those metrics as well as estimates and uncertainty of changes under the
influence of certain factor combinations.

Keywords: Vehicle safety, vulnerable road users, pedestrians, comfort zone boundaries,
driver behaviour modelling, Bayesian regression model
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1

Introduction

European roads are considered the safest in the world where in 2016, 50 inhabitants out
of one million died in traffic, while the global fatality rate was around 174 per one million.
However, even though fatalities were reduced by 43% between 2001 and 2010, still over 25
000 people were killed in traffic in 2016 on roads in the European Union (EU). [1]

The term vulnerable road users (VRUs) comprises pedestrians, cyclists and motorcyclists
who share roughly the same amount of traffic fatalities compared to car occupants. Pedestri-
ans account for the largest share within VRU fatalities with an overall fatality rate of 21%
among all road users. Most of the fatalities in the EU occur on rural roads (55%) where
impact speeds are usually higher and sufficient infrastructure like sidewalks is often missing.
[1]

Collision avoidance (CA) systems belong to the key features of modern advanced driver
assistance systems (ADAS) or intelligent safety systems (ISS) to reduce fatalities caused
by vehicles. CA technology can warn the driver when a collision with a VRU is imminent
(forward collision warning, FCW) or intervene for example via automated emergency braking
(AEB). [3, 4]

Recent research has adapted the concept of comfort zone boundaries (CZBs) to quantify
driver comfort in overtaking and intersection scenarios with VRUs [5-8]. The concept of
CZBs stems from the field of safe travel framework described by Gibson and Crooke in [9]
which was adapted later on by Ljung-Aust and Engstrém in [10].

1.1 Objectives

Overtaking of cyclists has been objective to several previous studies using both naturalistic
driving studies (NDS) and experiments [6, 11]. The used methodology from those stud-
ies is investigated in this thesis for application on overtaking or passing manoeuvres of
pedestrians. This study aims at providing two different kinds of data to analyse overtaking
manoeuvres from both driver as well as pedestrian perspective. Data acquisition includes a
semi automated extraction process for the large scale European NDS called UDRIVE [12].
Field test data is recorded in a supervised walking scenario on a straight rural road with a
pedestrian who is carrying a developed data logger. In the end, a driver behaviour model is
the result of a comprehensive study of NDS and field test data.

The driver model shall contain important aspects of the overtaking manoeuvre such as
spatial and temporal distance between vehicle and pedestrian as well as information about
the trajectory. Such knowledge can be used as input to CA systems or new car assessment to
mitigate fatalities including pedestrians in the future. Understanding and modelling the
interaction between drivers and pedestrians in overtaking or passing scenarios is therefore
the main research question of interest addressed in this thesis.



Chapter 1. Introduction

1.2 Hypotheses

To guide the analysis of the interaction between drivers and pedestrians, five main hypotheses
are stated which are discussed throughout the thesis. The hypotheses concern the minimum
distance between driver and pedestrian, referred to as minimum clearance (MC), as well as
speed and steering behaviour of the driver.

1. When the pedestrian walks closer to the middle of the lane, minimum clearance
decreases

2. When drivers and pedestrians face each other, minimum clearance decreases

3. When the pedestrian walks slightly out of the lane, meaning next to the lane marking
or on the curb, drivers do not steer away

4. When drivers face oncoming traffic, minimum clearance decreases

5. When drivers face oncoming traffic, speed is reduced

1.3 Outline

The thesis is divided into three major parts, visualised in Figure 1.1.

e Data acquisition in form of two data sets, obtained from NDS and field tests on the
road (I), described in the Methodology chapter

e CZB estimation from the two data sets (II), described in the Methodology and Results
chapter

e CZB evaluation (IIl), including driver model creation from CZB metrics, described in
the Results chapter and a review of the European new car assessment program (Euro
NCAP) scenario for pedestrian AEB systems
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Figure 1.1: Overview of this thesis, part I includes the data acquisition and is described in Methodology,
part I and I1I are described in the Results and Conclusions part
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Background

2.1 Pedestrian accident statistics

2.1.1 World wide statistics
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Figure 2.1: Road traffic deaths by type of road user by WHO region, image taken from [13]

The World Health Organisation (WHO) reports in their Global Status Report On Road Safety
2015 that almost half of all traffic fatalities involve VRUs. Pedestrians account for a share
of 22% of all traffic fatalities yearly with 275,000 deaths a year. Figure 2.1 shows the global
distributions of road deaths by type of transport. In the African region, the proportion
of fatalities among pedestrians and cyclists is the worldwide highest with 43% of all road
fatalities, whereas fatality rates for VRUs tend to be lower in the South-East Asia region. The
study further describes the significant impact of vehicle speed on fatal accident outcome,
where adult pedestrians have a 20% risk of dying if hit by a car at 50 km/h and 60% risk
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if struck at 80 km/h. For urban areas speeds above 50 km/h are described as unsafe due
to a high concentration of VRUs. The study claims that in order to improve road safety,
infrastructure is a key mechanism and 91 countries have already implemented policies
separating VRUs from traffic at higher speed. [13]

In the United States of America (USA), the National Highway Traffic Safety Administration
(NHTSA) reports an increasing trend in the share of pedestrian fatalities over all fatalities
within the last 10 years. While in 2010, 4290 pedestrians died (13% share) on roads in the
USA, the number increased to 5987 (16% share) in 2016, the highest number since 1990. From
2015 to 2016 the percentage of pedestrian fatalities increased by 9%. In contrast, bicyclist
deaths increased by 1.3 % to 840 fatalities, the highest number since 1991. Figure 2.2 shows
an increasing trend for pedestrian fatalities from 2004 to 2013. In
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Figure 2.2: Pedestrian fatalities number and rate in the USA, image adopted from [14]

In Figure 2.3, the four target scenarios S1 to 54, listed by the NHTSA for pedestrian crash
avoidance/mitigation (PCAM) systems are sketched where scenario 54 is marked with a red
rectangle because 54 is the scenario which is subject of investigation in this thesis. Scenarios
S1 to S4 account for 97% of all vehicle pedestrian crashes in the Fatality Analysis Reporting
System (FARS), averaged over the years 2011 and 2012. Within the four scenarios, S1 and 54
are the most frequent ones, with a share of 64% and 28%, respectively. [14, 15]
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| U

Figure 2.3: Target pre-crash scenarios listed by NHTSA in USA, image adopted from [14]

According to [16], most of the pedestrian fatalities occur in urban areas, however, on rural
roads pedestrians are 2.3 times more likely to die in a traffic accident. In contrast to urban
areas, vehicles drive at higher speeds on rural roads and separating infrastructures such as
sidewalks, paths or trails are often missing. [16]

2.1.2 The European perspective

In the Traffic Safety Basic Facts 2016, published by the European Union (EU), the number
of pedestrian deaths among all member states of the EU is estimated to 5621 in the year
2014, which translates to a percentage of 22% among all road fatalities, shown in Figure
2.4. Countries like Netherlands and Denmark show the lowest percentages with 11% and
12%, respectively. In contrast, fatality rates per million inhabitants are highest for Eastern
EU states. In Lithuania, Romania, Latvia and Estonia more than 30% of road fatalities are
pedestrians. The trend of the absolute number of pedestrians who died in traffic accidents
in the EU decreased over the 2005-2014 decade, however, the share of pedestrian fatalities
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within all road fatalities increased. The percentage of pedestrian fatalities peaks between 4
pm and midnight, as well as in winter. It is further stated that pedestrian fatality numbers
per month are more variable than other road fatalities. [1]
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Figure 2.4: Fatality distribution among different types of road-users for 2016 in EU countries, image
taken from [1]

The study also states significant differences among different demographic groups of
pedestrians. Older pedestrians aged above 80 years are more than ten time more likely to
die on roads than children. However, both age groups, elderly and children, account for the
highest pedestrian fatalities. Furthermore, in almost all EU countries, there are more male
pedestrians who died in traffic than female, in average two third of all pedestrian fatalities
were male. [1]

The risk of fatality in darkness varies among countries where a maximum of 68% pedes-
trian fatality percentage is reported in Latvia while 34% in Bulgaria. A typical cause of
pedestrian fatalities is driver distraction, resulting in wrong diagnosis, missed observations
or inadequate planning. VRU'’s represent 63% of all road accident casualties and 56% of the
casualties admitted to hospital. Typical injuries occur in lower extremities or involve the
head. In accordance to the trends in other countries like the USA, pedestrian fatalities are
more common in urban areas, 40%, than in rural areas, 11%. Crashes with VRU'’s in rural
areas typically occur close to bus or tram stops where more frequent interactions between
road-users are present. [1]

2.1.3 Sweden

The Swedish Transport Agency reports accident information in a database using an informa-
tion system called “Swedish Traffic Accident Data Acquisition” (STRADA), which is used to
manage reports about causation and injuries from both police and hospitals. Figure 2.5a
shows the STRADA database police report results for pedestrian fatality numbers in Sweden
over the decade from 2006 to 2016. It can be observed that pedestrian fatalities have not been
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significantly reduced in Sweden over this time span. The ratio of pedestrian casualties over
all traffic fatalities has even slightly been increased over this time span. The risk of death
among all incidents where a VRU is involved into an accident, is on average almost three
times higher for pedestrians than for cyclists. While for cyclists only 15% of all fatalities
occurred during night time, 45% of all pedestrian fatalities happened during night time.
In Figure 2.5b, pedestrian injury numbers are shown which happened on the right side of
the road, from year 2003 to 2010, the scenario investigated in this thesis. It shows that most
injuries happen in urban areas.
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Figure 2.5: Annual pedestrian fatality numbers extracted from STRADA and annual pedestrian
injuries happening on right side of the road with a motorised vehicle involved

In Figure 2.6, STRADA accident statistics are presented comparing different pedestrian
and cyclist fatality rates. Figure 2.6a shows the ratio in percent of pedestrian and cyclist
fatalities over the corresponding number involved in accidents with motorised traffic from
2006 to 2016. It can be seen that for pedestrians the likelihood of being killed in a traffic
accident was on average nearly twice as much as for cyclists. Figure 2.6b shows the ratio of
pedestrian and cyclist fatalities over the total number of traffic fatalities from 2006 to 2016. It
can be observed that the share of cyclists and pedestrians has increased within all fatalities
over the years. Furthermore, pedestrians account for a larger share on average than cyclists.
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Figure 2.6: Annual pedestrian fatality numbers extracted from STRADA and annual pedestrian
injuries happening on right side of the road with a motorised vehicle involved

The fatality rate for pedestrians in non-urban area at darkness was 19% on average, being
3% in urban area, which gives rise to a lack of pedestrian safety on rural roads. From 2006
to 2016, there has been a decreasing trend in pedestrians involved in accidents at darkness,
being 534 in 2006 and 440 in 2016.

2.2 Road-user vehicle interaction

2.2.1 Driver models

While in passive safety, physical laws can guide the evaluation of safety systems, in active
safety, system design and evaluation cannot solely rely on physical laws. Driver models aim
at modelling the behaviour of drivers and have the potential to simulate driver behaviour in
active safety system evaluation and enable a greater repeatability and economical benefit
than test track experiments. [10, 17]

Driver models can be distinguished into two categories, descriptive and motivational
models. In descriptive models, the aim is to describe the whole driving task or parts of it by
which actions the driver has to take. Descriptive model can be further broken down into
task models, adaptive control models and production models. While task models include
sub-tasks which are hierarchically ordered, adaptive control models aim at modelling driving
with environment adapting control systems which have inputs and outputs. A production
model is a driver model in which the driving task is described with a set of formal rules,
specifying how a driver should behave in a certain situation. [10, 18]

A limitation of descriptive driver models is the lack of the ability to predict driver be-
haviour and behavioural variation affected by driver motivation. Motivational models aim
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at filling this gap by describing how drivers manage and control risk and task difficulty for
example by making compromises between different decisions and outcomes. In this context,
motivation is described as an influencing factor on the direction of behaviour, i.e. the goal or
target selection, as well as the intensity and persistence of behaviour. However, motivational
models have not been utilised or tested due to a lack of practicability. [10, 18]

2.2.2 Field of safe travel

One of the first approaches in modelling driver behaviour were made in 1938 by Gibson
and Crooks, who describe the task of automobile driving as a type of locomotion through a
field of space, similar to walking or running. In contrast to the latter, driving is described
as travelling using a tool, the vehicle, which makes the locomotion more effective. The
fundamental items in the driving task are the driver and the vehicle, together called the
driver vehicle environment (DVE). The major contribution from the driver to the driving
act is performed using visual perception in order to safely navigate the vehicle by means
of a path, avoiding obstacles and reaching the destination. The responsibility of the driver
within the DVE is further described as maintaining a field of safe travel (FoST). The FoST is
the manoeuvring space in which the driver can safely bring the vehicle to a stop. [9]

DVE 1 FoST 1

Figure 2.7: FoST concept in a sample intersection with three approaching vehicles, green areas
represent FoST, arrows indicate DVE trajectories

The FoST idea is revised by Papakostopoulos et al. in [19], who distinguish between two
perceptual entities and develops an extended FoST framework. Firstly, the spatial FoST for
the vehicle, and secondly, the driver’s mental perception of the ego vehicle dimensions and
dynamics. The framework’s basic concept is that the driver integrates both entities into the
driving task to maintain the FoST. Using the framework, the driver’s prioritisation between
the two entities can be predicted in varying traffic situations. Driver perception of other
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road users is included in the framework by means of the driver’s ability to foresee their
unpredictability in motion and hence keeping for example more space to a motor cycle or
pedestrian than to another car. [19]

The FoST framework further describes the driving task as a holistic type of locomotion in
which the driver’s focus is not on separate sub tasks at a time, like lane keeping, but rather on
a combination of visual-spatial perceptual processes. At all times during travel, the driver’s
construction of the FoST is product of the integration of all traffic elements. The construction
depends on the quality of perceptual cues. According to the study, modern vehicles should
therefore aim to assist the driver in constructing a more accurate FoST by giving visual
cues such as displaying clearance lines between the ego-vehicle and other road-users. In
the current context of automated driving, the interaction between driver and vehicle must
therefore be improved with respect to transitions between assisted and automated driving
as well interaction between manual and autonomous vehicles. [19]

2.2.3 Comfort zone boundaries
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Figure 2.8: Visualisation of safety and comfort zone approach, image taken from [20]

Adapting to the FoST framework proposed in [9], Ljung-Aust and Engstrom propose a
framework which divides the field of safe travel into safety and comfort zones. Figure 2.8
shows the key components of the concept. Safety zones represent the region of the DVE
space in which the control of the vehicle is maintained at all times. The region outside of the
DVE space represents states which result in crashes or other irreversible losses of control.
The border which limits the safety zone is called safety zone boundary. Comfort zones are
defined as regions in the DVE space in which drivers do not feel discomfort and therefore
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prefer to reside in. The distinction between safety and comfort zones stems from research
findings which state that drivers tend to avoid DVE states close to the safety zone boundary.
The safety zone generally contains the comfort zone. The border which limits the two zones
is referred to as comfort zone boundary, CZB. [17, 20]

Reasons for exceeding the safety zone can be found in adaption failures of the DVE system
to a specific situation. For instance erroneous perception of the safety zone boundary can
lead to such failures or the overestimation of the physical capabilities of the DVE. Wrong
prediction of situation outcome over time and sudden unexpected events can be further
causes which lead the DVE to exceed the safety zone boundary. [17]
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Figure 2.9: DVE trajectory in different pre-crash scenarios of a rear end collision, image taken from
[20]

In Figure 2.9, pre-crash scenarios are shown which lead to a severe crash. In the initial
situation (1), the DVE resides within the comfort zone. Due to lower attention to the roadway
and the lead vehicle which starts to brake, the DVE is moved out of the comfort zone, hence
the driver feels discomfort but is still able to control the DVE to avoid a crash (2). In situation
(3), the DVE crosses the safety zone boundary, hence a crash becomes inevitable. Situation
(4) marks the last pre-crash state outside of the safety zone where the outcome of the crash
is dependent on impact type and skidding dynamics. [20]
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2.24 Opvertaking manoeuvres

Definitions of “overtaking"

There exists a distinction between overtaking and passing in traffic [21]. Overtaking is
generally defined as the process of moving past another vehicle or road user who is travelling
in the same direction [5]. The German traffic law for example describes overtaking (§5 in [22])
as a special case of passing (§6 in [22]), in which one traffic participant passes another traffic
participant who is moving in front on the same lane and in the same direction. It further
clarifies that an overtaking is an intentional process, hence steering out to the left to gain an
overview of the traffic situation is not an overtaking, whereas steering out at higher speed is
an overtaking. The overtaking is completed as soon as the overtaking vehicle steers back in
front of the overtaken vehicle or when it has travelled far enough in longitudinal direction
that a safe steering back into the original lane is possible. The law states that overtaking is
only allowed when the relative speed to the overtaken vehicle is significantly high, at least 10
km/h, in order to avoid obstruction of the other traffic participants. An overtaking is further
forbidden if the oncoming traffic is obstructed or the visibility conditions not sufficiently good.
[22] With regard to pedestrians, the overtaking definition still holds. Pedestrians who are
walking on the lane in the same direction as the driver, are overtaken. If the pedestrian stops
walking or evades off the lane while the vehicle is approaching, the manoeuvre definition
changes from overtaking to passing. If the pedestrian is walking towards the vehicle, hence
facing the traffic, an overtaking is not present due to different directions of travel. [22] In [21],
the overtaking of pedestrians and cyclists is described as particularly dangerous because
of the high relative speed. In case of oncoming traffic, drivers are forced to slow down
the vehicle well in advance or brake hard enough to avoid a collision. In this thesis, the
term overtaking is used in a more general manner, lumping together classical overtaking
manoeuvres where the pedestrian is walking in the same direction as the vehicle and in the
same lane, with cases where pedestrians are walking outside of the lane but close to it or
facing the traffic. In contrast to most other European countries which have introduced a 1.5
m minimum distance to VRUs, there is no such law established yet in Sweden [2, 23]. The
law only states that there has to be an “adequate” distance towards the overtaken road user
[24].

Definitions of overtaking phases

Overtaking manoeuvres can be performed using three main strategies. In a flying overtaking
manoeuvre, a driver overtakes another vehicle with a roughly constant speed throughout the
whole manoeuvre. An accelerative manoeuvre involves a speed change of the overtaking ve-
hicle, typically a deceleration before reaching the lead vehicle, possibly a following sequence
and an acceleration when the driver starts to steer away to the adjacent lane. The third
strategy, pigqy backing, defines a driver who performs the overtaking manoeuvre by follow-
ing the lead vehicle close by, more or less imitating its behaviour. Piggy backing overtaking
manoeuvres can involve an arbitrary long sequence of vehicles. [6]
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Approach Steer away Pass Return End

Figure 2.10: Concept of overtaking phases, here illustrated with a vehicle overtaking a cyclist, phase
definitions adopted from [6, 11]

In research, vehicle overtaking manoeuvres are generally described using multiple phases.
There exist three, four and five phase approaches. In [6], the manoeuvre of a driver overtaking
a cyclist is defined with a four phase approach. Figure 2.10 visualises the four phase approach
used in [2, 6, 11]. The first phase is the approaching phase up to the time when the vehicle
starts to steer away to enter the second phase. The third phase, called passing phase, begins
when the vehicle has reached a sufficient lateral distance to the cyclist and ends when it
starts to return to the original lane. The process of returning is the fourth and last phase,
which ends when the vehicle is back in its original lane. [6]

2.2.5 Driver interaction with vulnerable road-users

In previous studies, driver interaction with VRU’s has been investigated in lateral and
longitudinal scenarios involving mainly cyclists and pedestrians. Most of the studies made
use of data from simulator experiments and test track experiments and typically involved a
set of participants who executed the same set of tasks. [8, 25, 26]

Longitudinal interaction has been the subject of studies including drivers and cyclists.
Studies have shown that for overtaking manoeuvres of drivers, the main influencing factor on
CZBs and manoeuvre strategy is the presence of oncoming traffic [5-7, 27]. Lateral interaction
has been investigated in [8], in which a crossing scenario with a cyclist and a driver was
characterised from test track and simulator studies. It was found that the main influencing
factor on the driver’s behaviour is the time of visibility of the cyclist in the scenario [8].

Up to date, research on driver interaction with pedestrian solely focuses on lateral conflict
scenarios where pedestrians cross a road while a vehicle is approaching, e.g. in a crossing
scenario [25, 26]. Distinction in driver behaviour is generally made based on the moment
of brake onset, hence the first time the driver applied a brake to avoid colliding with the
pedestrian. Driver behaviour was found to be affected by pedestrian walking speed [26].
Other studies emphasise the importance of eye contact between driver and pedestrian
which resulted in a safer braking behaviour. Furthermore, speed was found to be reduced
significantly with eye contact being present. As a conclusion, the study emphasises the
importance of focus of both driver and pedestrian and suggests warning pedestrians to not
use smart phones while walking, for example [28].

The aim of this thesis is to investigate longitudinal conflict scenarios between drivers and
pedestrians. In Figure 2.11, the concept of CZBs applied to this scenario is sketched.
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comfort zone boundaries safety zone boundaries

comfort zone safety zones

Figure 2.11: Concept visualisation of comfort zone boundaries and safety zone boundaries in a
longitudinal vehicle-pedestrian scenario with oncoming traffic

2.3 Intelligent safety systems

From the FoST framework perspective, intelligent safety systems represent crash prevention
mechanisms which aim at helping the driver by adapting to DVE changes. The aim is to
ensure that the DVE system does not leave the safety zone or in case of an inevitable crash to
mitigate the collision. [10, 17]

The most commonly used ISS for pedestrian protection on the market is currently the AEB
which decelerates a vehicle to a full stop to avoid a crash and FCW which provides an alert
to the driver to warn of an impeding collision. The effectiveness of AEB in speed reduction
is enhanced by improvements in the reliability of the activation algorithm, the earliness
of activation and strength of deceleration. Modern approaches include the use of vacuum
emergency braking (VEB) in which a vacuum pressure mechanism shoots a rubber plate
towards the ground. The applied forces enhance both friction and normal force, resulting in
a maximum deceleration of 16 m/s?. [29]

2.3.1 Threat assessment

To decide if a traffic situation poses a threat to the ego vehicle, a threat assessment algorithm is
implemented in an ISS. In [3], a driver model based threat assessment algorithm is developed
to decide if a vehicle should either brake or steer in case of an imminent collision with a
polygon-shaped object. The CA algorithm assumes that drivers usually steer with a constant
steering wheel angle rate and at some time switch to a constant steering wheel angle input.
Analogously for braking, drivers are assumed to utilise a linear acceleration profile followed
by a constant acceleration as input. The algorithm predicts the ego vehicle’s motion with a
vehicle dynamics model and selects the proper steering or braking input to guide the ego
vehicle off from the collision path. [3, 30]

In threat assessment for FCW systems as well as in the quantification of CZBs, the most
common metric is time to collision (TTC). TTC is for example the time that elapses until a
vehicle which is driving behind a lead vehicle at a faster speed collides with the lead vehicle,
under the assumption that both vehicles maintain a constant speed and stay in the same
lane. TTC is, as written in equation (2.1), defined as the quotient of the distance between
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two road-users d,; and the rate of change in distance, or relative speed v, [31].

drel

Urel

TTC =

2.1)

TTC is further described as a more suitable metric to quantify CZBs than a spatial metric
because it is less affected by vehicle speed [26, 28, 31]. An extension to TTC is ETTC (extended
time to collision) which also takes the relative acceleration into account. In [31], ETTC is
described as an improved metric compared to TTC due to a lower variance among different
drivers [31].

Time headway (THW) is the time that it takes for a vehicle to pass a certain absolute
distance with a constant speed. For example, the time which elapses until a vehicle travelling
at a constant speed reaches a fixed point on the road, or the time which elapses until the
front of a car reaches the front of the lead vehicle with the lead vehicle speed being equal to
zero. THW is defined in (2.2) and is equal to the TTC with the approaching vehicle speed
being v.., and the lead vehicle being static. [32]

drel

Uveh

THW =

(2.2)

Current approaches for ADAS TA make use of the interaction between vehicles and VRUs.
In [33], a TA algorithm is developed which incorporates a walking model for pedestrians in
a control strategy to improve CA.

2.3.2 System evaluation and assessment

ISS are evaluated with respect to performance and safety benefits. Methods of evaluation
comprise the new car assessment programs (NCAPs), Hardware- and software-in-the-loop
tests, field operational tests (FOTs) and test track experiments and simulation tests as well as
analysis of crash data. FOTs are NDS in which system performance is analysed by means
of system activation and intervention in critical situations in real traffic. FOTs are typically
done by research organisations. One example for FOT evaluation is the EuroFOT project in
which AEB interventions in everyday driving were analysed. [17, 34]

NCAPs such as the European NCAP (Euro NCAP) are carried out by independent organi-
sations which assign ratings in form of points to new cars depending on their ISS performance
[34]. Euro NCAP evaluates passive safety systems for pedestrian protection since 1997 while
active ISS were introduced in 2016 [29, 35, 36]. The latest Euro NCAP test protocol for AEB
systems with VRU interaction (version 2.0.2, released in November 2017, valid from January
2018) includes both lateral and longitudinal scenarios which involve cyclists and pedestrians.
Pedestrians are distinguished among age groups. One of the scenarios is Car-to-Pedestrian
Longitudinal Adult (CPLA) in which a forward travelling car approaches an adult pedestrian
who is walking in the same direction inside the car’s lane and who is hit by the car if the
AEB does not intervene or an evasive steering manoeuvre is performed after an FCW. The
scenario is sketched in Figure 2.13. The scenario is divided into one scenario in which the
pedestrian is struck at a lateral offset of 25% of the car’s width (CPLA-25, Figure 2.12a) and
one scenario with 50% offset (CPLA-50, Figure 2.12b) [37].
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Figure 2.12: Euro NCAP scenario “Car-to-Pedestrian Longitudinal Adult” (CPLA) for different
offsets, the 1 m distance is the acceleration distance of the pedestrian, the impact happens after the
dummy pedestrian has walked another 10 m, images recreated from [37]

The assessment methodology is explained in the latest Euro NCAP assessment protocol
for pedestrian protection (version 9.0.2, released in November 2017, valid from January
2018). CPLA-25 tests are performed for FCW'’s at car speeds ranging from 50 to 80 km/h
and a pedestrian speed of 5 km/h, under day and night conditions. CPLA-50 tests for AEB
interventions under the same conditions as CPLA-25 but with car speeds from 20 to 80 km/h.
Euro NCAP assigns a maximum score of 6 points for pedestrian AEB systems combining
both lateral and longitudinal scenarios, including 3 points for day and 3 points for night
scenarios. For CPLA-25 and CPLA-50 a total sub score of 30 points is achievable in which
different speeds yield different amount of points for instance. The sub scores are normalised
and multiplied with 3 points according to the respective condition, day or night. Sub scores
are only awarded if the FCW system of the car triggers a warning at latest 1.7 s TTC. [38]

2.4 Naturalistic driving studies

2.4.1 A brief overview

Naturalistic driving studies (NDS) were introduced in the late nineties of the 20th century
and represent a form of data collection in which driving data is systematically collected from
a set of participants during their everyday trips over a longer period of time. The aim is to
not constrain the data collection by a strict experimental protocol in order to gain insights
into driver’s natural behaviour in traffic. NDS typically record vehicle internal and external
sensor data which ranges from video and audio data to telemetry or even questionnaire
data. Hence, vehicles which are used in NDS are equipped with sensors, cameras and a data
logger to temporarily store the data until the data is extracted for analysis. Gained insights
into driver behaviour as well as interaction with other road users and conflict situations can
be an important input of knowledge to reduce road fatalities and reduce the environmental
impact of transportation. [39, 40]
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Recent NDS are researching the application of deep learning techniques to analyse driver
behaviour. The MIT-AVT (Massachusetts Institute of Technology, Advanced Vehicle Tech-
nology Consortium) NDS for example, conducted within 21 months from 2016 to 2017
investigated driver behaviour and interaction with automation. The study recorded and
evaluated camera, IMU, GPS, and CAN data from the vehicles at all times with a total number
of driven kilometres around 440,000. Driver behaviour patterns were extracted with deep
learning based computer vision techniques to estimate the driving scene, the driver body
pose and the driver state. [40, 41]

2.4.2 UDRIVE

(a) Participating EU countries (b) Views from installed cameras

Figure 2.13: UDRIVE naturalistic driving study, images taken from (a) [42] and (b) [43]

UDRIVE is the acronym for “European naturalistic Driving and Riding for Infrastructure
and Vehicle safety and Environment”. It is the latest completed European NDS issued
by the European Commission and finished in 2017 with the aim to investigate aspects of
sustainability in traffic on European roads. Sustainability includes driving ecology in terms
of driven distance and actuator usage as well as traffic safety by means of driver behaviour
and interaction with other road-users. UDRIVE shall furthermore help at understanding
differences in driver behaviour among different countries and cultures in Europe [44]. The
study is led by 19 European research institutions which have organised the conduction of
the study in six different countries, United Kingdom, Netherlands, France, Spain, Germany
and Poland (Figure 2.13a). The project budget compounds 10.6 million Euro out of which 8
million are covered by EU funding. The data set contains 38,157 h of driving data from 192 car
drivers yielding several million of driven kilometres. All used cars in the study are from a set
of three different Renault compact car types. The cars are equipped with a data acquisition
system (DAS) which logs inertial data from a Phidgets IMU (inertial measurement unit),
CAN (controller area network) data, GPS (global positioning system) data as well as steering
wheel angle. Video cameras provide views of the road, the steering wheel, the driver’s face,
the cabin and the pedals (Figure 2.13b). Furthermore, a MobilEye (ME) camera provides
positions of obstacles around the car obtained from image recognition. The data is hosted
at SAFER in Gothenburg, Sweden, and can be accessed through the partner organisations.
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Chapter 2. Background

Results from UDRIVE are summarised and published in form of project deliverables. [39,
45]

The deliverable D44.1 of the UDRIVE project includes driver interaction with VRUs.
Therein, the interaction between drivers and pedestrians is analysed for possible conflict
situations and driver behaviour in presence of pedestrians on the road. Using the pedestrian
collision warnings (PCWs) triggered by the ME system, the timing of the alert is compared
to the time when the driver takes action, e.g. by braking. Benefits of warning the driver are
verified by the fact that drivers brake harshly after the PCW onset. The study estimates a
benefit of an early alert by a PCW mainly for situations involving high speed. [12]

In deliverable 51.1, driver interaction with VRUs is investigated from near-crashes in the
UDRIVE data. In the results, the study claims that most of the near-crashes would not have
occurred if the car driver and the VRU were physically separated. The study further states
that drivers become more aware of other potential pedestrians when pedestrians are already
present in the scene. Results also show that the more dangerous interactions or conflicts are
associated to higher car speeds which require harsher braking. [45]
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Methodology

3.1 Overtaking manoeuvre terminology

This section describes the terminology used within this thesis to describe an overtaking
manoeuvre. The terminology includes the definitions of the overtaking phases as well as the
definitions of the factors which may influence the driver behaviour.

3.1.1 Definitions of phases

The definitions of the overtaking phases follow the definitions of the phases for bicycle
overtaking manoeuvres defined in [6]. Figure 3.1 shows the start of the overtaking manoeuvre
at time ¢(_,1, the start of phase 1, when the driver recognises the pedestrian and starts the
approaching phase. In this case, the pedestrian is walking in the lane and in the same
direction as the car is travelling which is the proper overtaking scenario according to [21, 22].
However, within this thesis, also other cases where the pedestrian is walking either outside
of the lane or opposite to the traffic, i.e. passing events, will be referred to as overtaking out
of convenience.

Figure 3.1: Start of phase 1 of the overtaking manoeuuvre, driver recognises pedestrian, symbolised by
red circles

Figure 3.2 shows the start of the second phase of the overtaking manoeuvre, called steer
away phase, occurring at time ¢;_,5, when the driver starts to steer the vehicle away from
the collision course with the pedestrian. In accordance with [2], the minimum Euclidean
distance between vehicle and pedestrian at the time of steer away is used as the metric
minimum approaching gap (MAG). Hence, MAG is the Euclidean distance between vehicle
and pedestrian at time ¢;_,,.
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Figure 3.2: Start of phase 2 of the overtaking manoeuvre

Phase 3 of the overtaking manoeuvre starts when the vehicle reaches a longitudinal
distance of 3 m to the pedestrian which marks the moment when the car is approximately
parallel to the pedestrian path. This phase is called passing phase and starts at time ¢5_,3.
The definition leans to the convention used in [2, 6, 23] and will in the following chapters be
investigated for the applicability on pedestrian overtaking manoeuvres.

Figure 3.3: Start of phase 3 of the overtaking manoeuvre

Figure 3.4 shows the end of the passing phase 3 m in front of the pedestrian at time ¢;3_,4
in longitudinal direction which marks the start of phase 4 when the driver steers back to
the original path. Phase 4 is called return phase. The minimum clearance, MC, between
vehicle and pedestrian marks the minimum Euclidean distance between the closest point of
the vehicle to the pedestrian throughout the whole overtaking manoeuvre.

Figure 3.4: Start of phase 4 of the overtaking manoeuvre

The end of the return phase is reached at time t,_,5, as soon as the driver has steered the
vehicle back to its original path. This time marks the end of the overtaking manoeuvre.
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Figure 3.5: Start of phase 5 of the overtaking manoeuvre

3.1.2 Definitions of factors

Table 3.1 shows the factors which are used in this thesis to distinguish among different types
of overtaking manoeuvres. Some of the factors are solely used for one of the two data sets,
UDRIVE and field tests, which is marked in the table.

Factor Type Values UDRIVE | Field tests
Oncoming traffic Categorical | absent, present | used used
Pedestrian direction Categorical | same, opposite | used used
Multiple pedestrians over- | Boolean true, false used not used
taken
Overtaking strategy Categorical | accelerative, fly- | used not used
ing, piggyback-
ing
Pedestrian lateral position Categorical | curb, line used used
Overtaking vehicle type Categorical | short, medium, | notused | used
long

Table 3.1: Overview of the terminology used to describe factors which potentially influence
an overtaking manoeuvre

Oncoming traffic present

The factor oncoming traffic is set to “present” if an oncoming vehicle is approaching in the
adjacent lane within a distance of 120 m from the position of the ego vehicle at ¢,_,; or within
a distance of 20 m from the position at ¢,_,5. Figure 3.6 shows the two conditions which are
adapted from [6].
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Figure 3.6: Overtaking vehicle (white) facing oncoming vehicle (red), the factor oncoming traffic is
set to present if the oncoming vehicle is anywhere between 120 m away when the overtaking vehicle is
starting to approach and 20 m away when the overtaking vehicle has returned

Pedestrian facing driver

The factor pedestrian direction is set to “opposite” if the pedestrian is walking in opposite
direction to the overtaking car, i.e. facing the traffic in the nearest lane. Otherwise it is set to
“same”.

Multiple pedestrians overtaken

The multiple pedestrians overtaken factor is set to true in case the driver overtakes more
than one pedestrian during a manoeuvre.

Overtaking strategy

The factor overtaking strategy is categorical and set to “accelerating” if the absolute speed
reduction during the approaching phase is more than 10 km/h. This definition is in accor-
dance with [11] and [2], in which a clear speed reduction is set as indicator for an accelerative
overtaking manoeuvre. If the speed reduction condition is not met, a manoeuvre is classified
as “flying”. “Piggybacking” is defined if the time headway (THW) of the vehicle with respect
to the lead vehicle is less than or equal to 3 s. This refers to the definition in [6] in which a
THW of 2 s to the lead vehicle is used to detect piggybacking manoeuvres.

Pedestrian lateral position

Pedestrian lateral position is a categorical factor specifying at which lateral offset the pedes-
trian is walking on the road. The value “curb” means the pedestrian is walking close to or
on the road edge, “line” means the pedestrian is walking on the lane marking.

Overtaking vehicle type

The factor overtaking vehicle type, is categorical with possible values “short”, “medium”,
“long” and describes the length of the vehicle which is overtaking. “Short” is defined as a
length less than 5 m, “medium” is defined as between 5 and 10 m, and “long” is defined for
vehicles which are longer than 10 m.
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3.2 UDRIVE data

The following section presents the procedure which is used to extract, annotate and analyse
events from the UDRIVE data set in which drivers overtake or pass pedestrians which are
either in their lane, walking on the lane marking line or in case of a rural road without lane
markings walking on the curb.

3.2.1 Overtaking event extraction

The major part of data screening, querying and extraction for the UDRIVE data is performed
using a tool called “Smart Application for Large Scale Analysis” (SALSA). The tool is de-
veloped in MATLAB by the french non profit organisation CEESAR (“Centre Européen
d’Etudes de Sécurite et d’Analyse des Risques”) and installed on the analysis computers
which have access to the UDRIVE database.

record
d segment i
recor attribute
segment attribute
attribute
segment
timeseries
timeseries

[ timeseries

process
process
signal ~ signal  signal process
input output
input output

Figure 3.7: Data structure in SALSA

In SALSA, users can define a certain hierarchical data structure in order to process data,
shown in Figure 3.7. A record is the top layer of the structure and can have various time
segments. A segment is typically the starting point of a data extraction procedure. Segments
are generated from a user specified signal like a state change signal which yields the start and
end time of the segment. A segment can contain multiple attributes, time series and nodes.
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Attributes are single parameters which can be set automatically or by manual annotation.
Time series contain signals which can be raw signal data or processed signal data from
other segments. Under nodes, users can write MATLAB scripts, so called processes, which
are algorithms that run over the segment, taking into account specified input and output
attributes. Each node can have multiple inputs and outputs which can be used by processes.

One purpose of the tool is data querying and visualisation, exemplified in Figure 3.8.
Users can work in “Test mode” to develop algorithms to search for specific events and test
them on small sub sets of the database, a so called “Batch” process. During a “Push”, the
algorithms developed on the local database can be integrated into the global database. The
algorithms are then run on all data in the global database. In “Production mode”, the global
database can be used [12] to annotate events, i.e. mark different times in an event or set
different factors. In both modes, data from cameras and sensors can be visualised and
queried.

Batch Test mode Production mode

|
|
|
I Update
|
|
|

/—\

Local
database
Global
database

|
|
|
|
| '
|
Push !
| | -
ooo |\ ; Vo
I | | -
Visualisation | Occd o
Querying I =——
: Visualisation
I Querying
I Annotation
1

Figure 3.8: Interaction between global and local database in SALSA

SALSA is a collaborative tool in which multiple partner organisations of UDRIVE develop
algorithms simultaneously. In order to prevent high computational load and to synchronise
segments among UDRIVE partners, the administration “pushes” all temporary changes
to the common database on a regular base. As soon as segments are pushed, they can be
accessed by all partner organisations and can be applied to the whole UDRIVE data set. A
push is usually scheduled weekly by the administration and can take up to three days to be
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processed.

3.2.2 Extracting overtaking candidate segments

The segment developed in this thesis is based on previous work from [11], in which cyclist
overtaking manoeuvres were extracted from UDRIVE. The segment is generated from a state
change signal which yields the start and end time of a segment when the ME camera loses
track of a VRU within 50 m in longitudinal direction if the ego vehicle travels faster than 20
km/h. The start and end time of the segment was set to the time at which the VRU disappears
from the ME view £10 s, respectively, to capture the whole possible overtaking process.
Figure 3.9 illustrates the moment when the VRU, in this case a pedestrian, disappears from
the ME detection field.

Figure 3.9: Pedestrian disappears from ME detection field

After this step, 960282 matching segments were found in the database. Another data
quality filtering step was then done to exclude segments which included less than 15 ME
detections or contained less than 68% of useful variables, hence more than 32% NaN (not a
number) values. To further classify a segment to be an overtaking manoeuvre, a condition on
the peak lateral acceleration was used, based on [11]. Therein, an overtaking candidate is a
segment which passes the quality check and shows a pattern in the lateral acceleration signal.
If the lateral distance to the pedestrian, obtained from ME data 6 time instances around
the peak values of the lateral acceleration, is greater than the mean lateral position of the
pedestrian, a segment is classified to be an overtaking candidate. Another condition which
was used to exclude candidates is based on the steering wheel angle, filtering out events
where steering wheel angles were greater than 180°, to avoid events where pedestrians are
standing still at the corner of an intersection while the driver turns around the corner.

Misclassifications of pedestrians by ME occurred frequently. One common case was a
road sign which was classified as a pedestrians. The other common case was a cyclist which
was located far away and looked similar to a pedestrian from behind until the car approached
closer and the type of detection changed to cyclist. The latter case was treated with a filter
which classifies a pedestrian event only if the last instance of the ME detection is a pedestrian.
After this step, there were 5315 pedestrian overtaking events left. From those events, 117
events were manually selected as proper longitudinal events for analysis, i.e. there was no
misclassification, the event occurred in a rural area and the road was roughly straight. Out
of the 117 events, 77 occurred in France, 27 in United Kingdom, 5 in Germany, 4 in Poland
and another 4 in the Netherlands. Because of the small number of events in other countries
and the limited time frame of this thesis, only events from France were analysed. Figure 3.10
shows a map of the events found in France, which occurred mostly on rural roads in the
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south-eastern parts around Lyon and Avignon.
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Figure 3.10: Map of the 77 pedestrian overtaking events in France. The events mainly occurred in
the south-eastern region.

Repetitions of drivers occur within the used data set of overtaking events in France. Figure
3.11 shows the driver ID distribution. Out of the 77 events, almost half is represented by
three individual drivers.

Figure 3.11: Pie chart of driver 1D distribution, each colour represents one driver ID. The three most
frequently occurring drivers account for almost 50% of the events.
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3.2.3 Manual annotations

To gain values for the mentioned parameters, an annotation panel was developed in SALSA
which could be used by the annotator, i.e. a person, to annotate factors of an overtaking
manoeuvre manually and store this annotation in the database. Table 3.2 gives an overview
of the annotated attributes. The speed of the pedestrian was annotated in a categorical
manner. If the video feed showed the pedestrian standing still, the speed was set to 0. If the
pedestrian was walking the speed was set to 5 km/h and if it was running to 9 km/h. The
overtaking type was set to piggy backing when the front camera video feed revealed that the
driver was clearly following a lead vehicle during the overtaking manoeuvre. Manoeuvres
were annotated accelerative when there was a clear decrease in speed, i.e. 10 km/h, visible
in the CAN speed data during the approaching phase.

The start times of the different overtaking phases were annotated with the help of the
video feed, mainly from the front and the driver facing camera. The approaching phase
start was set to the time when the pedestrian appeared in the video feed of the front facing
camera, in accordance to [11]. The steer away phase start was identified from the steering
wheel angle signal and video feed of the steering wheel facing camera. The start was set to
the time when the driver started to rotate the steering wheel or when a change in steering
wheel angle could be recognised from the CAN data. In contrast to [11] and the definition in
sub section 3.1.1, the passing phase was annotated when the driver had steered the vehicle to
a parallel course next to the pedestrian. This moment was identified from a pause in steering
wheel movement by the driver, indicating that the driver had reached the maximum lateral
deviation. The start of the return phase was then annotated accordingly when the driver
started to steer back from the parallel course. Hence, in events where there was no clear
time period where the driver was keeping the vehicle parallel to the pedestrian, the start
time of phase 3 and 4 were set equal. The end of the return phase was set to the time when
the driver had returned to the original lane.

Attribute Signals used for decision
Oncoming traffic Video (front) and ME
Pedestrian direction Video (front)
Pedestrian speed Video (front, side)
Multiple VRUs present Video (front, side)
Pedestrian lateral position Video (front, side)
Overtaking type Video (front, side), speed
Overtaking phase 1 start Video (front)
Overtaking phase 2 start Video (steering wheel), steering wheel angle
Overtaking phase 3 start Video (steering wheel), steering wheel angle
Overtaking phase 4 start | Video (front, steering wheel), steering wheel angle

Table 3.2: Overview of manually annotated attributes for identified overtaking manoeuvres
in UDRIVE
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3.2.4 Vehicle and pedestrian path reconstruction

Vehicle path estimation

Since the ME detections of the pedestrian usually occurred before the vehicle had passed the
pedestrian, the vehicle path as well as the pedestrian path needed to be extrapolated using
the known positions. The vehicle path trajectory was reconstructed from an integration of the
yaw rate given from the Phidgets gyroscope, wgyro, and using a trapezoidal integration. The
integration was started as late as possible, hence from the time ¢;_,, when the vehicle started
to steer away, in order to reduce the deviation from the actual trajectory by the gyroscope
drift effect. The side slip angle of the car was further assumed to be close to zero during the
overtaking event since it was observed that drivers almost never steered away with a sudden
or large steering wheel input. The dynamical model hence used was a point mass model,
visualised in Figure 3.12.

Figure 3.12: Visualisation of used point mass model for vehicle path extrapolation

The path position of the vehicle, py., could then be estimated from the point mass dy-
namical model by

. _ jjvoh(t) ~ Uveh (t) COs wvch (t)
Puen(l) = [ Jren(?) } ~ [ Vven(t) SInWren (1) } 3-1)
S (= [ el T 32

Discrete trapezoidal integration of the dynamical model yielded the vehicle heading angle

Yrenltirn) & P [ () + ()| 33)

= Tgyro [wgyro(tk) + wgyro(tk+l)] ) (34)

with ¢y, tey1 € [tio2, taa] and Yyen(to = tis2) = 0. fayo = 1/(tkt1 —t) = 30 Hz is the sample
rate of the Phidgets gyroscope.

The position of the vehicle was then estimated by another discrete trapezoidal integration
of the dynamical model in (3.1).
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Pedestrian path estimation

Due to error in the position estimate from the ME camera, the trajectory of the pedestrian
deviated unreasonably much in x and y direction. However, the path of the pedestrian was
usually still visible from the points. In order to obtain a satisfactory trajectory, the path was
assumed to be a straight line which was found to be the most common case observed in the
UDRIVE video data. In order to filter out outliers, a RANSAC algorithm was applied on the
positions.

RANSAC stands for random sample consensus and is an iterative method to find models
in data and return the corresponding inliers of the original data, developed by Fischler at al.
in 1980 [46]. Algorithm 1 shows RANSAC for 2D line fitting. In each iteration, the algorithm
chooses two random points from the original set of points P, fits a line through these points
and determines intercept b and slope m. By comparing the Euclidean distance of all points
in P to the line with a distance threshold 7, the algorithm determines all inliers which are
within this distance. The number of inliers is the objective to be optimised and thus kept
throughout the loops to ensure a steady increase. After the predefined number of iterations
have passed, the line parameters intercept and slope of the best line fit are output together
with the corresponding inliers. [47]

Input  :2D point set P = x; = (z;, y;), threshold 7, maximum number of iterations
Niter, inlier ratio p;,
Output :Line intercept b and slope m, inliers indices i,
Initialise:iy, < 0, 4ty < O
while 4ier < Niter dO
Pick two random points x;,x; € P
Fit a line through x; and x,
bemp, Mump <— intercept, slope of the fitted line
i tmp < indices of points from P within a distance of 7 from the fitted line
lf ’iin,tmp‘ 2 Pin |P| & ’iin,tmp| Z ‘iin‘ then
b, m < btmpa Mtmp
iin — iin,tmp
end
iiter — Z.iter +1
end

Algorithm 1: RANSAC outliers removal algorithm for 2D line search

Figure 3.13 depicts the straight line fit concept for the extrapolation of the ME detections.
For the position detections of the pedestrian, RANSAC was applied with a distance threshold
of 7 = 0.5 m, an inlier ratio of p;, = 0.2 and a maximum number of iterations of N, = 300.
For all overtaking events the RANSAC model was verified manually for consistence with the
video feed. In case of significant deviation, the line fit was done between the mean of all ME
pedestrian positions and another manually selected point.
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RANSAC line fit

Outlier positions Inlier positions

Figure 3.13: Visualisation of RANSAC straight line fit for pedestrian position extrapolation

The position of the pedestrian was extrapolated using the slope of the fitted line and
the speed of the pedestrian. The point through which the trajectory line is going, was set
to the mean of the last five ME detections which were assumed to be the more accurate
detections since they happened closer to the ME camera. The speed of the pedestrian was
determined from either the annotated speed or a speed measure calculated from the relative
speed determined by ME, developed in [11]. The speed determined by ME was chosen if
it did not deviate more than £2 km/h from the annotated speed, otherwise the annotated
speed was chosen.

3.3 Pedestrian data logger

To analyse vehicle overtaking manoeuvres from the pedestrian perspective, a measurement
setup was developed which can be worn by a person to conduct measurements on the road.
The setup allows measuring distances to surrounding obstacles, inertial data as well as GPS
data. During two days of data collection on a public road, data from 630 overtaking events
was collected under the aim of investigating the formulated hypotheses.
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3.3.1 Hardware development
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Figure 3.14: Wiring sketch of the pedestrian data logger

( } Ethernet

The components of the pedestrian data logger (PDL) are depicted in Figure 3.14. Its main
computing unit is a Raspberry Pi (RPi), model 3 B which is running the operating system
Ubuntu 16.04.4 LTS. The RPi houses a Quad Core 1.2GHz Broadcom BCM2837 64 bit CPU
and a 1 GB RAM chip. External devices can be connected through one Ethernet port, 4
USB 2.0 ports and a variety of General-purpose input/output (GPIO) pins. The GPIO pins
offer the possibility to connect input and output devices and include an inter-integrated
circuit (I2C) and a serial peripheral interface (SPI) bus. The main benefit of the RPi is the
comparably low cost and high computational power which has resulted in usage in previous
research projects [4, 48]. To be able to use the actual time for the time stamps in the data, the
Adafruit DS1307 real time clock (RTC) was interfaced to the RPi via I12C.

Sensor overview

The sensors connected to the RPi are summarised in Table 3.3. For range and bearing
measurements, a 2D LiDAR (light detection and ranging) with a minimum and maximum
angle of £95 deg is used which has a maximum detection range of 120 m and a guaranteed
detection range of 30 m. The PhidgetSpatial IMU includes a gyroscope, accelerometer and
magnetometer. The LiDAR is powered separately with a 12 V Yuasa NPW45-12 battery while

33



Chapter 3. Methodology

the RPi is powered with a standard 5 V power bank from Deltaco, using the 2 A USB output

port.
Sensor Product name Connection type | Sample rate
LiDAR Hokuyo UXM-30LAH-EWA | Ethernet 20 Hz
IMU PhidgetSpatial 1044_0 USB 250 Hz
GPS Globalsat BU-35354 USB 1Hz
Camera Creative Live! Cam Sync HD | USB 15 fps
Flag button | - GPIO 10 Hz

Table 3.3: Overview of sensors connected to main computer

Physical arrangement

The LiDAR and the IMU are statically connected with a custom-made adaptor, shown
in Figure 3.15a. The adaptor was designed in Autodesk Inventor 2018 and printed with
polylactic acid (PLA) filament on a Dagoma DiscoEasy200 3D printer. The arrangement
(Figure 3.15a) was chosen such that the IMU gyroscope axis is roughly aligned with the
LiDAR axis. For adjusting the roll angle, a construction was added in form of an adaptor
mounted to the backside of the LiDAR. This adaptor is fixed on one side at the person’s belt
and on the other side screwed to the back of the LiDAR. A rotation between the two sides
is enabled by a joint, such that the angle can be adjusted with sub-degree precision. Other
3D printed components of the PDL include a case for the flag button (Figure 3.15¢) which is
to be held in the hand by the person wearing the PDL as well as cases for the RPi (Figure
3.15d), the camera (Figure 3.15b) and the battery.
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(a) LiDAR and adaptor (b) Camera case

(c) Flag button case (d) RPi case
Figure 3.15: Photos of the 3D printed physical components of the pedestrian data logger

3.3.2 Logger software

The PDL software is developed to allow logging data from a set of the listed sensors. The soft-
ware is realised using robot operating system (ROS) and used via a server client connection
with a web app on a smart phone.

ROS package

ROS is a flexible framework for all kinds of applications involving reading values from sensors
or actuation. There exists a variety of open-source ROS packages online ranging from drivers
over filters to complex robot control applications. The PDL software is developed as a ROS
package called div_datalogger which includes a web socket from the rosbridge package and a
user controller to record data to a .bag file which is a data storage type in ROS. The main node
div_datalogger subscribes to the topics published by the sensors. It further advertises a service
called user_cmd which can be called to change the state in div_datalogger node and receive
a response code, possibly a message and the current recording time. The state machine is
depicted in Figure 3.16. The logger is initialised in the idle state. From idle, the user can
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request a state change to either start recording, state logging, or shut down the program,
state shutdown. Once in logging state, the user can request to stop the logging and return to
idle state.

start

State

shutdown

Figure 3.16: Pedestrian data logger state machine

The recorded topics are summarized in Table 3.4. The user control is enabled by running
a ROS web socket (package rosbridge) in parallel.

Topic Message type Sample rate

/scan Range measurements 20 Hz

/imu/data_raw Accelerometer, gyroscope, mag- | 250 Hz
netometer data

/time_reference GPS time stamp 1 Hz

/vel GPS speed (not derived from po- | 1 Hz
sition)

/ fix GPS position (longitude, lati-| 1 Hz
tude)

/flagbutton_pressed 1 for pressed, 0 for released 10 Hz

/cv_camera/ image_raw/compressed | Compressed image stream from | 15 fps
camera

/rosout ROS master log output -

Table 3.4: Overview of the recorded topics by the PDL

The div_datalogger package is made publicly available .

Frame definitions

ROS packages typically deal with spatial data from several physical components which are
placed at different positions in space with changing orientations. One usually defines a
frame for each component of the body which is defined by the corresponding position and

"https://github.com/ruvigroup/div_datalogger
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rotation. By defining the transformations between these frames, it is possible to construct a
“frame tree” from which coordinates in any frame can be expressed in any other frame. In
Figure 3.17, the different frames from base_footprint on wards are visualised in the rviz tool
in ROS, together with the camera output. The original frame tree is shown in Figure A.1 in
Appendix A.

2
b
13
13

gps

camera

Figure 3.17: Screen shot from rviz visualisation tool in ROS, showing the camera image (lower left
corner) and the frame tree (right side)

The original frame tree includes the map and odom frames which are not used in this
thesis but could serve as reference frames for global positioning and odometry of the data
logger, for example using GPS or IMU data. The branch of the frame tree used in this thesis
and displayed in Figure 3.17 starts at the frame base_footprint which is located on the road
below the PDL. 1.2 m up in z-direction from base_footprint, the base_stabilized frame is located,
which marks the stabilised position of the IMU. The actual IMU orientation is represented
by the base_link frame which is oriented according to the IMU orientation with respect to
the base_stabilized frame. The laser frame is located inside the LiDAR of the PDL by a static
translation from the base_link frame. The gps frame is translated 1.5 m in z-direction up from
base_footprint frame and represents the location of the GPS sensor attached to the pedestrian.

Usage via web app

To facilitate the usage of the PDL, a web application is used which connects to the web server
via WiFi. A WiFi hot spot is started by the RPi at system boot up and the user can connect to
it for example with a smart phone. The user can then open the website which serves as an
interface to the rosbridge web socket. The web app interface contains the options to start and
stop recording data, to shutdown the logger and to visualise the readings of the LiDAR, the
IMU orientation as well as the camera. Figure 3.18 shows two screen shots of the web app,
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the visualisation mode for the IMU orientation (3.18a) and the recording screen (3.18b). Due
to the physical characteristics of the gyroscope sensor, the readings can drift over time, an
effect called bias [49]. In the IMU visualisation it is possible to reset the gyroscope readings
via button click to zero (“zero gyroscope”).

» = 15:43 51% @ ) » = 15:41 52% @

< m 192.168.015 e M + O < m 192.168.015 e M + O

Recording time: 00:00:08

SHUTDOWN

[15:39:23]: /urg_nod

/record_15276012995182352!
ord_15276012995182352!

: /record_15276012995182352!

DESCRIPTION

Rotation [deg]:

-175.8 1.54 -171.02

Acceleration [m/s7:

-0.14 0.77 -9.81

| ZERO GYROSCOPE |

(a) IMU visualisation (b) Recording screen

Figure 3.18: Screen shots of the PDL control web app

The web app code is made publicly available 2.

3.3.3 Data collection

The data collection consists of two days of measurements on the road “Tuvevdgen” in Tuve,
north of Gothenburg, Sweden. The road is about 1 km long, straight and has a speed limit of
70 km/h. Figure 3.19 shows the road with the two corner points A and B between which the
collection was performed.

’https://github.com/ruvigroup/div_datalogger_webapp
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(b) Google Street View

Figure 3.19: Data collection site at Tuvevigen, GPS coordinates point A (57.7682, 11.9357) and
point B (57.7594, 11.9390)

A pedestrian was equipped with the PDL system and instructed to walk four scenarios.
The first scenario includes walking on the lane marking line, case “line”, in the same direction
as the traffic. In the case of line, the pedestrian was walking on the line with the foot which
was closer to the traffic such that the LIDAR was almost positioned inside the lane. The
second scenario includes walking on the line while facing the traffic. The third and fourth
scenario was performed just next to the road edge, case “curb” while walking in the same
and the opposite direction as the traffic, respectively. Figure 3.20 shows the two lateral
positions of the pedestrian, line and curb.

Figure 3.20: Two lateral pedestrian positions tested, in case line the pedestrian is walking and curb

In all scenarios the LiDAR which was mounted at the hip of the pedestrian (see Figure
3.21a) faced into the road, hence, when switching pedestrian direction, the LiDAR needed
to be mounted at the opposite hip. During the data collection, a measurement team was
close by and at all times connected to the pedestrian via cell phone. About 630 overtaking
and passing manoeuvres were recorded in total. Figure 3.21b shows the cockpit of the
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measurement team car, provided by Autoliv AB, during an overtaking manoeuvre. Figure
3.21c shows the pedestrian walking on the line in opposite direction to the traffic.

(c) Pedestrian in line scenario, walking direction opposite to traffic

Figure 3.21: Photos from data collection on 13th March, 2018

3.3.4 Data preparation and analysis

The aim of processing the recorded LiDAR and IMU data was to be able to track vehicles over
time, identify the metrics speed and MC during the overtaking manoeuvre, and to identify
the factors oncoming traffic and piggy backing. The LiDAR and IMU data was used in a
C++ program together with point cloud library (PCL). PCL contains useful implemented
functions for filtering, segmenting and clustering point clouds. Figure 3.22 shows the flow
chart of the analysis process.
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1 2 3
IMU orientation 3D point cloud Road extraction
estimation transformation box filter

4 5 6
Noise, ground Vehicle cluster Cluster
line removal extraction tracking

7
MC and speed
estimation

Figure 3.22: Flow chart of the data analysis process, yellow background indicates use of IMU data,
blue background use of LiDAR data, red background symbolises the final output of the analysis

Orientation estimation

The transformation from the base_link to the base_stabilised frame was estimated from the
IMU data. The Madgwick attitude and heading reference system (AHRS) filter was used
for the estimation. The filter takes accelerometer, gyroscope and magnetometer readings
as input and calculates the orientation in quaternion representation using an optimised
gradient descent algorithm. The advantage in usage of the Madgwick filter compared to other
AHRS filters like the Kalman filter is the low computational cost in terms of mathematical
operations with a simultaneously high accuracy. Furthermore, the Madgwick filter is effective
at low sampling rates down to the order of 10 Hz and has a built in magnetic distortion
compensation and gyroscope bias correction. [50]

Figure 3.23 shows the Euler angle distributions during a 17 min record of walking. The
wobbling motion inherited from the walking style can be seen from the bi-modal distributions
in roll and pitch angle (Figure 3.23a and 3.23b). The yaw angle distribution (Figure 3.23c)
indicates the two walking directions, from point A to B and from point B to A.
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Figure 3.23: Normalised histograms for IMU orientation in Euler angles, retrieved from Madgwick
filter

3D point cloud transformation

The LiDAR data was recorded as a set of 1521 range bearing measurements per sample,
(r,0) = (r;,0;) withi € [1, 2, ..., 1521] in the laser frame. In the laser frame, the 3D point
cloud Praeer can be formulated as

Praser = {p; = i, vi, 2] | xi =1ricos0;, x; =r;sinb;, z;, =0, €[1,2, ..., 1521]}. (3.5)

In order to transform the point cloud into the base_stabilised frame, the orientation quaternion
from the Madgwick filter ¢.; was applied, together with the static transformation from
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base_link frame to the laser frame, gink—iser- Due to the yaw orientation while walking,
stemming from the given road angle in the map frame, the yaw angle was corrected with an
angle offset. The offset was determined manually to align the curb of the road, which could
be observed in the LiDAR data, with the x-axis, by applying a constant rotation quaternion
for the rectification of the point cloud, g,e.t. The total transformation, g;ans, can be expressed
asa product of quaternions,

Qtrans = Qrect * ori * Qlink—laser- (36)

Road extraction, noise and ground line removal

The resulting point cloud contained a substantial amount of noise which is due to detections
of the environment including mainly the vegetation next to the road curb and the road itself,
the ground. The vegetation was first removed by limiting the rectified and transformed point
cloud in y direction to keep only points which lie within 0 and 8 m. A larger distance than
the actual road width was chosen to make sure to include all points which were detected on
the road, also at larger distances in x direction. The point cloud was limited in z direction to
include all points which were located above the ground by filtering out all points which lied
below -0.4 m from base_link origin. Equation 3.7 defines the resulting point cloud P,oaq.

Proad = {P; € Poase | ¥i € [0,8], z > —0.4, i €1, 2, ..., 1501]} (3.7)

RANSAC was used on top of limiting the point cloud to detect lines in P,,q4. Lines which had
a slope corresponding to an absolute angle within the range [15, 75] degrees were marked as
noise as they corresponded most likely to ground detection or the road curb or vegetation.
Hence, all inliers of those lines were removed from P;aq-

Vehicle cluster extraction

Point cloud clustering techniques are used to divide a point cloud which is unorganised
into smaller parts, clusters. The aim is to either save processing time in comparison to using
the whole point cloud or to keep track of clusters over time, like in this thesis. Euclidean
clustering is an algorithm which extracts sub sets of points from a point cloud, called clusters.
The clusters can be described as regions of nearest neighbours, hence sets of points which
have a small euclidean distance between each other. [51]

In its standard implementation in PCL, the euclidean cluster extraction is based on a k-d
tree representation of the input point cloud. K-d trees are binary search trees to associate
points to clusters of nearest neighbours. The nodes of the search tree represent k-dimensional
points which split the space along the k-th dimension into two half-spaces which are rep-
resented by two child nodes. The child nodes each split their corresponding spaces into
half-spaces along the (k-1)-th dimension etc. until the leaves for the last dimension (k = 1) are
reached. The splitting hyper plane is the plane which includes the node point and is perpen-
dicular to the dimension represented by the node. The split points can be chosen for example
as the medians of the corresponding dimension. Using the k-d search tree, new points can
be sorted comparably fast, however the algorithm is approximate and does not guarantee
that points in each neighbourhood are not closer to points in other neighbourhoods. [52]

In this case, a 2-d tree was used to estimate the nearest neighbourhoods. The tree was
used as input to a euclidean cluster algorithm with a cluster tolerance of 1.3. The maximum
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cluster size was set to 1521, i.e. the number of LiDAR points per sample, and the minimum
cluster size to 30, in order to prevent that agglomerated noise clusters were classified as
vehicle clusters.

Vehicle tracking

Figure 3.24 shows the cluster shapes which typically occur when a vehicle overtakes the
pedestrian. The phases (1)-(5) correspond to the defined overtaking phases, i.e. (1) approach-
ing, (2) steering away, (3) passing and (4) returning. In (5), the overtaking manoeuvre is
finished. When the car changes heading angle, i.e. in (2) and (4), the detected cluster is
shaped like an “L”, containing detections from both front and side. In (1) and (5), the vehicle
detections are shaped roughly like a vertical straight line corresponding to front and rear, in
(3) like a straight line corresponding to the side.

L-shape LiDAR origin

Figure 3.24: LiDAR point clusters corresponding to detections of an overtaking car at different phases
of the overtaking event, recorded by the LiDAR mounted to the hip of the pedestrian. Approaching
phase (1) produces a rather vertical line, while the steer away phase (2) causes an L-shape cluster.
When passing (3), the cluster becomes a rather horizontal line, when steering back (4) an L-shape
appears. At the end of the overtaking manoeuvre (5), the cluster appears as a vertical line

Figure 3.25 shows the L-shape cluster as an example of which extreme points are estimated
from each cluster. These points consist of minimum and maximum x-coordinate, p,;, , and
Prax—xs a8 well as minimum and maximum y-coordinate, p,,;,_, and p,,,_,. The point p; .,
marks the intersection between the line fits of front and side which is calculated from the
RANSAC optimised line parameters.

To track vehicles over time for MC and speed estimation, the vehicles were assigned
cluster IDs. Clusters which moved at a reasonable speed, estimated from the change in
x-coordinate z,,,«_x Over a certain amount of time, were assigned the same ID. Oncom:'mg
traffic was identified from comparing the y-coordinate ,.x—x With a threshold of 3.5 m to
decide whether the cluster was in the adjacent lane.
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Figure 3.25: Detected points in cluster when L-shape is present (red), blue points mark the extreme
points of the cluster used for size and velocity estimation. The extremity points are the points with
minimum/maximum x- and y-coordinate as well as the intersection point of the perpendicular line
fits for front and side.

MC and speed estimation

MC was calculated from the minimum range measured among all occurrences of the corre-
sponding cluster. The minimum range is thus a directly measured metric. It is equal to the
MC under the assumption that the pitch angle does not have a significant influence on the
actual clearance which was measured in the laser frame.

To estimate a more precise speed of the overtaking vehicle v, the x-coordinate of the
points with the minimum and maximum x-coordinate, p,;, . and p,,,._, corresponding to
front and rear, respectively, were used. Using RANSAC, a linear line fit was applied to each
of the two sets of points to estimate two constant relative speeds between the front or rear of
the overtaking vehicle and the pedestrian, according to

(vie, Ni) 4 RANSAC(Zmin—x(t), Nie = 1000, k =2, 7 = 0.01, pous = 0.2), (3.8)
(vrt, Niv) <= RANSAC(Zmax—x(t), Ny = 1000, k =2, 7 = 0.01, poy = 0.2), (3.9)
where v, and vf| are the relative speeds of the front and rear, respectively, equal to the

slopes of the RANSAC estimated lines. N and N are the corresponding numbers of inliers.
Using the ratio between the number of inliers of the front data fit and the rear data fit, a
weighted average was then performed to extract the combined relative speed. The absolute
speed of the vehicle v,., was estimated by adding the mean GPS speed of the pedestrian

Selzs over one record to the combined relative speed.
F R

Nln Nln ~GPS
Uyeh ~ NF + NR rel + NF + NR rel + Uped (310)
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Figure 3.26 shows examples of the line fit for an overtaking vehicle (3.26a) and an oncoming
vehicle (3.26b).
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(a) Overtaking vehicle (b) Oncoming vehicle

Figure 3.26: RANSAC line estimation for front (blue) and rear (red) detections for two different
vehicles, inliers are marked in green

3.4 Bayesian modelling of overtaking metrics

There exist two main concepts in statistics of defining what probability is, the frequentist
and the Bayesian approach. In frequentist statistics, unknown quantities are deterministic
and probability is defined as a proportion of outcomes in a repeated test. In contrast, in
Bayesian statistics, unknown quantities are modelled random and probability quantifies the
likelihood of a certain outcome, i.e. a probability density function of the outcome conditioned
on prior knowledge from e.g. data. In this thesis, a model is developed based on a Bayesian
regression model in order to identify changes in overtaking metrics MC and TTC under
certain conditions.

3.4.1 Bayesian statistics

The fundamental principle in Bayesian statistics is based on Bayes’ rule to estimate the
posterior density p(f|D) of parameters ¢, conditioned on the data D. In equation (3.11),
Bayes’ rule is shown. [53, 54]

(3.11)
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In (3.11), p(0) is the prior density of the parameters and p(D|0) is called the likelihood of the
data. p(D) is the prior density of the data which is defined as

p(D) = / p(DI6) p(6) do, (3.12)

and assumed to be a constant normalisation factor. Hence, the posterior density can be
expressed as proportional to the prior of the parameters p(#) and the likelihood of the data

p(DI0).
p(0|D) x p(0) p(D|6) (3.13)

3.4.2 Bayesian regression model

Bayesian regression models (BRMs) aim at approximating the posterior density of a model
with certain parameters conditioned on data. BRMs can be designed with linear and non-
linear distributions. As general statistical models, BRMs can be of multilevel character,
meaning that there is a nested structure or hierarchy of populations in the available data
set. An example is a model which involves students who are each within different classes,
within different schools within different cities, i.e. different levels. Such a model is referred
to as multilevel model (MLM). [54, 55]

Within the Bayesian framework, a linear regression model is expressed in a probabilistic
way which means that model parameters are sampled from probability densities. The i-th
of N responses in the response vector y of a linear BRM, y;, is assumed to be distributed
according to

yi ~D(f(n;),0), i=1,...,N (3.14)

where D is an arbitrary statistical probability function with a set of parameters 6 and the i-th
element of the linear predictor 7;. The linear predictor is for each response i composed of p
tixed effects, contained in X;, and ¢ random effects, contained in Z;, weighted by the model
parameters 5 and u, respectively. X and Z are also referred to as population level and group
level effects, respectively. [55]

n;, = Xi’lﬁl + -+ Xm,ﬁp -+ Zz-,lul 4+ 4 Z@quq (315)

The full response description can be expressed with fixed effect matrix X and random effect
matrix Z,

n =X+ Zu, X € R™P, 7 € R (3.16)

In a BRM, the model parameters are, in contrast to other regression models, assumed to be
sampled from distributions which are characterised by a mean and a lower and upper credible
interval (CI). Credible intervals can be roughly expressed as the pendant to confidence
intervals in frequentist statistics but in contrast tell between which bounds a random variable
is sampled with a certain probability. Having parameters of the model expressed as densities
represents an advantage in contrast to frequentist methods like linear mixed effect models
because one can quantify the uncertainty in parameters with various distribution models,
whereas in linear mixed effect models only a single point estimate is determined. [54]

To estimate BRM parameter distributions as well as the distribution of the response vari-
able, modern solvers make use of so called Markov chain Monte Carlo (MCMC) algorithms.
MCMC algorithms aim at approximating the posterior density using [54, 55]
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3.4.3 Implementation in R

The BRM was fitted in the statistical programming language R using the package brms.
The package brms is developed in the statistical modelling language Stan which allows
performing Bayesian inference and includes implementations of different MCMC sampling
algorithms [56]. brms contains tools for fitting MLM with a variety of distribution families.
The package contains methods for fitting, prediction and comparison of MLM and allows
users to set custom prior densities in case of available knowledge about parameters [55].

The factors oncoming traffic, pedestrian direction and pedestrian lateral position, as well
as the speed are used for the models since they were found to be the main influencing factors
from a first qualitative analysis in frequentist perspective, described in the first of the results
chapter.

Model of minimum clearance

Since the distribution of MC was assumed to have a clear minimum at zero, meaning that
drivers are assumed to leave an MC > 0 to the pedestrian, an asymmetric distribution family
was chosen, in this case a log-normal distribution with link function identity. The i-th
response for one of the data sets yyc ;; is modelled as

ynic,ji ~ 1og N (nj,, 01%40,3-) » Mji = Xwmc,jibvc + Znc,jitmc, (3.17)

where j € {PDL, NDS} is the index of the data set.
The fixed parameters 5 and effects X for the MC model are for both data sets defined as

Xncgi = [ 1 Xonegi Xaingi Xiatji Xomesdirgi Xoji |
512\1/1[(] = |: Bo Bonc Bair Biat Bonexdir Po }7

where 3, is the parameter of the intercept, i.e. effect X,; = 1. The factor oncoming traffic
is represented by [, with effect X, ;, the factor pedestrian direction represented by the
parameter (4, ; with effect Xg;,; and the pedestrian lateral position with 5, ; and X, .
Bone xdiri and Xone«air; are parameter and effect, respectively, of the interaction between
oncoming traffic and pedestrian direction. 3, is the parameter of the vehicle speed effect
Xy

The linear BRM used for modelling the response variable MC from the field test data is
designed as described in (3.19).

(3.18)

YMC,PDL,; ™~ log ¥ (XMC,PDL,i Buc, Ul%/[C,PDL) ) (3.19)

where o3, is the variance of the log-normal distribution.
The distribution for the UDRIVE data is shown in equation 3.20. Since the data set contains
multiple events from same drivers, the driver ID was set as a random effect.

ymeNDs ~ 1og N (Xnenps,i Buic + ZMe,NDS UMC: Taie.NDS ) - (3.20)
with the random effect and parameter, respectively, being defined as

ZyicNps,i = Zip,i (3.21)

unmc = uIp,
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where Up ~ N(O, UIQD).

Both models are fit in brms with 4 MCMC chains, each with a maximum number of 2000
iterations out of which the first 1000 are used for sampler warm-up. Non-informative default
prior distributions are set due to a lack of prior knowledge about the parameters, those
are student’s t-distributions with a larger variance. For the model from UDRIVE data, an
adaptive step size parameter of 0.95 is chosen for finer sampling in the MCMC algorithm
in order to avoid diverging transitions. Figure 3.27 illustrates a Kruschke diagram of the
linear BRM used for the MC model, including the linear predictor, priors and posterior of
the response variable.

/w

Xo Bo + Xone,ppL,i Bone + Xdir,pDL,i Bdir T Xiat,ppL.i Blat + Xoncsdir,PDL,i Boncsdir,i + Xv,PDLi v
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~
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Figure 3.27: Kruschke diagram, adopted from [54], of used BRM for MC
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Model of time to collision at steer away

TTC at steer away was modelled from the UDRIVE data set with a log-normal distribution,
assuming as for MC that drivers generally stay above TTC = 0. The parameters were taken
the same as for the MC model. The i-th response is

yrre, ~ log N (Xrre Buc + Zipg wip, 0Fre) » (3.22)

with Xrc,; being the TTC fixed effect matrix and uip ~ N (0, 03;).

Model of speed next to pedestrian

The speed of the vehicle next to the pedestrian v, i.e. the approximated passing phase
speed, is modelled from field test data with a student’s t-distribution 7, assuming that the
speed distribution among drivers is approximately normally distributed with outliers far
above and far below the speed limit. For the field test data, the model is assumed as

Yv,i ™~ 7- (X’U,i 61)7 Vy, 0-12)) ) (323)

where v, is the number of freedoms.
The parameters and effects were set similarly to the ones used for the MC model, however
excluding the vehicle speed,

Xyi = [ 1 Xonei Xairi Xiati Xoncdiri } ;

3.24
5;{ |: ﬁO ﬁonc ﬁdir Blat Bonc*dir } . ( )
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Results

The following sections present the results from the analysis of the two data sets. Trends and
uncertainties for different parameter constellations are expressed from a Bayesian regression
model.

4.1 Results from UDRIVE data

In this section, the CZB results obtained from the extracted UDRIVE events are presented.
Firstly, general observations from looking at the available signals as annotator are mentioned.
Secondly, the quantitative trends are presented which are product of the explained method-
ology. The data used to generate the models excludes cases in which an overtaking car was

piggy backing.

4.1.1 Qualitative observations

Throughout the data extraction and annotation period, several observations were made after
viewing the UDRIVE data. Generally, it was observed that drivers tend to pass pedestrians
rather than overtake, meaning that drivers do not apply much steering input especially
during flying overtaking manoeuvres. If the visibility of the road permits and no oncoming
traffic is present, drivers slightly steer away long time ahead of reaching the pedestrian.
Furthermore, drivers seemed to generally apply the steering wheel input in a continuous
motion throughout the whole manoeuvre. This means that as soon as drivers evaded from
the collision path, they steered back which gave rise to the assumption that there is no
passing phase as being defined in previous studies [2, 6]. The time of steering back seemed to
happen already before reaching the pedestrian. After each completed overtaking manoeuvre,
drivers looked at the pedestrian through the central rear view mirror or a side view mirror.
Drivers who were piggy backing were observed to imitate the lead vehicle’s trajectory, often
even though there was oncoming traffic present during the event.

4.1.2 Temporal results

Overtaking phases duration

The overtaking phases duration is shown in form of box plot diagrams in Figure 4.3. Figure
4.1a shows the duration of the four phases for accelerative and Figure 4.1b the phases for
flying overtaking strategy. It can be seen that with the accelerating strategy, drivers remain
for a longer time in the approaching phase (1). For flying manoeuvres, the spread of the
returning phase (4) is larger than for accelerative manoeuvres. In both manoeuvres, the
passing phase (3) is significantly shorter than all other phases with the median being zero.
The returning phase is significantly longer than all other phases.
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Figure 4.1: Box plot diagrams showing the phases duration, outliers marked with red plus symbols,
mean marked with white plus

The quantitative results for the overtaking phases duration are summarised in Table 4.1.

Phase 1 [s] | Phase 2 [s] | Phase 3 [s] | Phase 4 [s] | Total

Accelerative | mean 3.22 2.02 1.20 4.45 10.88
std 1.88 0.94 1.81 1.73 2.95

Flying mean 2.70 2.13 0.99 4.13 9.94
std 1.51 1.32 0.89 1.77 2.96

Table 4.1: Overtaking phases duration for accelerating and flying manoeuvres, mean and
standard deviation (std)

Time to collision when steering away

In Figure 4.2, the empirical cumulative distribution function (ECDF) of the TTC at start of
steering away is presented for the two factors oncoming traffic (Figure 4.2a) and pedestrian
direction (Figure 4.2b). Only flying overtaking manoeuvres are included in the analysis
of TTC to prevent braking effects from influencing the TTC at steer away. In the set of
flying overtaking events, one driver had a TTC below the Euro NCAP threshold for FCW
triggering of 1.7 s, corresponding to a share of 4%. In case of oncoming traffic present as
well as pedestrian direction opposite, a tendency towards greater values of TTC is visible.
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Figure 4.2: Empirical cumulative density function of time to collision for factor oncoming traffic and
pedestrian direction

In Table 4.2, the values for TTC are shown under different factor variations for both
overtaking strategies. The overall mean value for TTC is 3.61 s (1.74 s standard deviation).

Oncoming traffic | Pedestrian direction
absent | present | opposite | same | Total
N [-] 12 11 11 14 48
Flying | mean [s] | 4.46 3.32 3.89 3.13 3.68
std [s] 2.47 0.99 3.55 1.38 2.26

Table 4.2: Time to collision at steer away moment for accelerating and flying manoeuvres,
number of observations (N), mean and standard deviation (std)

4.1.3 Spatial results

The spatial CZBs estimated for the UDRIVE data consists of MAG and MC. These metrics
are evaluated for the factors oncoming traffic and pedestrian direction, as well as for both
overtaking strategies accelerative and flying. Figure 4.3a shows the box plot diagrams of the
distributions of MAG dependent on the factors oncoming traffic and pedestrian direction.
From the box plots it is not possible to state any significance. However, it appears that
the MAG is larger if oncoming traffic is absent and the pedestrian is walking in opposite
direction to the traffic. For MC (Figure 4.3a), there is neither a trend nor any significant
change observable.
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Figure 4.3: Box plot diagrams showing the MAG and MC distributions depending on the factors
oncoming traffic and pedestrian direction, outliers marked with red plus symbols, mean marked with
white plus

The ECDF of MC is shown in Figure 4.4 for factor oncoming traffic (Figure 4.4a) and factor
pedestrian direction (Figure 4.4b). Both distributions for each factor are similarly shaped. It
can be stated that about 75% of the drivers stayed below 1.5 m which is a minimum distance
set by law in several European countries [2].
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Figure 4.4: Empirical cumulative density function of minimum clearance for factor oncoming traffic
and pedestrian direction, the red dashed line marks 1.5 m distance which is included in most of the
European countries” policies as a minimum distance [2]

In Table 4.3, the mean and standard deviation values of MC are summarised. The overall
mean value is 0.97 m (standard deviation 0.41 m).

Oncoming traffic | Pedestrian direction

absent | present | opposite same Total

N [-] 5 12 2 10 29
Accelerative | mean [m] | 0.87 1.33 0.98 0.99 1.11
std [m] 0.47 0.53 0.20 0.36 0.47

N [-] 12 11 11 14 48
Flying mean [m] | 1.15 0.99 1.24 1.28 1.17
std [m] 0.36 0.47 0.47 0.72 0.53

Table 4.3: Minimum clearance from UDRIVE events for accelerating and flying manoeuvres,
number of observations (N), mean and standard deviation (std)

4.1.4 Spatio-temporal results

In Figure 4.5, vehicle speed (4.5a) and vehicle longitudinal acceleration (4.5b) when the driver
is passing the pedestrian is shown in form of box plots for the interaction of oncoming traffic
and pedestrian direction. There is a trend observable that with oncoming traffic being present,
the speed is reduced when the pedestrian is walking opposite to the traffic. However, it must
be taken into account that the speed limits on the corresponding roads are not necessarily
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the same which might have had an influence on the passing speed. Acceleration is more
negative and has a larger variance when the pedestrian is walking in the same direction as
traffic.
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Figure 4.5: Box plot diagrams showing vehicle speed and longitudinal acceleration when being next
to the pedestrian, including interaction of factors oncoming traffic and pedestrian direction

In Figure 4.6, the speed change during the four phases of the overtaking manoeuvre is
shown for accelerative (Figure 4.6a) and flying (Figure 4.6b) manoeuvres. For accelerative
manoeuvres, the speed change between in the approaching phase is -10.73 km/h (14.27
km/h standard distribution) and 9.36 km/h (6.81 km/h standard deviation) in the return
phase. For flying manoeuvres, the speed change mean and median is located around zero
with the largest deviations in approaching and returning phase.
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Figure 4.6: Box plot diagrams showing the speed change during the four different overtaking phases,
for accelerative and flying manoeuvres

Figure 4.7 shows scatter plots for TTC (Figure 4.7a) and MC (Figure 4.7b) over speed for
accelerative and flying overtaking manoeuvres. The lines show the trends approximated by
a linear model as well as the 95% confidence interval bands. For flying manoeuvre strategy;,
the TTC increases with speed. For flying manoeuvres, also MC has a trend to increase with
speed. However, for accelerative manoeuvres, there is no clear trend recognizable.
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Figure 4.7: Scatter plots of time to collision (only flying overtaking manoeuvres) and minimum
clearance over speed for accelerative and flying overtaking strategy

4.2 Results from field test data

The following section includes the results from the field data recorded with the PDL after
tracking the vehicles and extracting the metrics MC and speed as well as the factors overtaking
traffic and overtaking type. The data used for the results excludes vehicles which are classified
as piggy backers as well as vehicles with a detected length greater than 5 m in order to
include only passenger cars.

4.2.1 Spatial results

Minimum clearance

Figure 4.8 shows the MC distribution for the factors oncoming traffic and pedestrian direction
in both scenarios, line (Figure 4.8a) and curb (Figure 4.8b). It can be seen that in case oncoming
traffic is present during the overtaking, MC decreases in terms of mean and median. The
notches around the medians of both box plot diagrams only overlap each other when the
pedestrian is walking in the same direction, hence it can be assumed that there is a significant
difference in median values with a confidence of 95%. If a pedestrian is facing the traffic
while walking (factor value opposite), MC generally decreases in comparison to walking in
the same direction as the traffic, independently of the oncoming traffic. This trend is more
evident for the line than the curb scenario.
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Figure 4.8: Box plot diagrams for minimum clearance distribution in field test data, line and curb
scenario in dependence of factors oncoming traffic and pedestrian direction. Means are marked with
white plus symbols, outliers marked with red plus symbols.

In Figure 4.9, the ECDF of the MC is shown for factors oncoming traffic and pedestrian
direction. From the plot it can be concluded that when the pedestrian is walking opposite
to the traffic and oncoming traffic is present, the MC distribution is shifted towards lower
MC values. Almost 75% of the drivers are willing to pass the pedestrian under 1.5 m in
that condition. Cases pedestrian direction opposite and oncoming traffic absent as well as
pedestrian direction same and oncoming traffic present yield similar MC distributions. In
the condition with the pedestrian walking in the same direction and oncoming traffic is
absent, drivers leave the most distance to the pedestrian.
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Table A.1 and A.2 in the appendix show the MC values for the line and curb scenario,
respectively.

Lateral position of overtaking cars

In Figure 4.10, the distribution of the lateral position of the centre of the vehicles is shown,
for line (Figure 4.10a) and curb (Figure 4.10b) scenario, estimated from MC and the detected
cluster width according to

WVB
e = MC + = iy (4.1)

In (4.1), which represents the line scenario, Y.}, is the lateral position of the vehicle and Wiy,
the width of the vehicle. In case oncoming traffic is absent and the pedestrian is walking in
traffic direction, drivers tend to drive further away from the pedestrian and partly evade
into the adjacent lane. Since the notches do not overlap, it can be concluded with 95%
confidence that drivers pass the pedestrian further away if the pedestrian is walking in the
same direction than if the pedestrian is facing the traffic. If oncoming traffic is present, the
MC distributions are less wide and tend to be centred more towards the middle of the lane.
Again, the pedestrian walking direction influences the lateral position, as drivers evade
further towards the adjacent lane when the pedestrian is walking in the same direction (95%
confidence of difference in medians). It can be further stated that drivers tend to be less
willing to evade to the adjacent lane in case of oncoming traffic.

The calculation of the lateral position in the curb scenario takes into account the W, = 0.5
m offset which the pedestrian maintained during the data collection from the lane marking
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Woﬂ‘ =0.5 m,

erh

Yveh = MC + — Wog. (4.2)

A similar trend of the lateral position as in the line scenario can be observed, i.e. when
oncoming traffic is present during the overtaking manoeuvre, drivers tend to stay more in
the centre of the lane and evade less from their path towards the adjacent lane. However, in
contrast to the line scenario, none of the trends can be verified with statistical significance.
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Figure 4.10: Box plot diagrams for the lateral position of the vehicle centre for walking on the line
scenario, interaction between parameters oncoming traffic and pedestrian direction

Figure 4.11 shows results for the vehicle outer lateral position in the line (Figure 4.11a)
and curb (Figure 4.11b) scenario. The corresponding equations for the vehicle outer lateral
position, i.e. the left side, for line and curb scenario are for the line scenario

Yveh = MC + erha (43)
and for the curb scenario
Yyveh = MC + erh - Woffa (44)

respectively.

The distributions of the vehicle outer lateral position confirm findings for the centre
lateral position. When the pedestrian was walking in the same direction as traffic, drivers
evaded more into the adjacent lane than in case of opposite direction. In the curb scenario,
no significant differences can be observed among factors oncoming traffic and pedestrian
direction.
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Figure 4.11: Box plot diagrams for the lateral position of the vehicle centre for walking on the line
scenario, interaction between parameters oncoming traffic and pedestrian direction

4.2.2 Spatio-temporal results

Figure 4.12 shows the speed distributions for the factors oncoming traffic and pedestrian
direction in the line scenario, for line (Figure 4.12a) and curb 8line (Figure 4.12b). There are
neither trends nor significant differences in median speed between any of the four factor
combinations.
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Figure 4.12: Speed of overtaking vehicles in walking on the line scenario with factors oncoming traffic
and pedestrian direction, dashed line: speed limit

In Figure 4.13, the speed distributions for the curb scenario is shown. There is a visible
trend that in case of oncoming traffic absent, drivers overtake at higher speeds if the pedes-
trian is walking opposite to the traffic direction. However, there is no statistically significant
trend recognisable from the notches of the box plot diagrams in Figure 4.12.
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Figure 4.13: Empirical cumulative density of speed under influence of interaction between factors
oncoming traffic and pedestrian direction

In Figure 4.14, MC is plotted against vehicle speed for the two different scenarios line
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(4.14a) and curb (4.14b). The linear estimates are shown together with the corresponding 95%
confidence bands. In both cases, MC tends to increase with vehicle speed and for oncoming
traffic absent, the slope is slightly larger. In the curb scenario, the increase is more evident
than in the line scenario.
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Figure 4.14: Minimum clearance over vehicle speed in walking on the line and curb scenario with
factors oncoming traffic, vertical dashed line: speed limit, horizontal dashed line, 1.5 m limit set by
other EU countries

Results for different types of vehicles

In Figure 4.15, the ECDF of MC is shown for different vehicle types under the absence or
presence of oncoming traffic. Vehicle type medium represents vehicles with a length of
greater than 5 m and less or equal 10 m. Long vehicles are vehicles with a length more than
10 m. It can be seen that the longer vehicles leave less space to the pedestrian and almost
three fourth of the long vehicles stay under the recommended distance of 1.5 m, line and curb
scenario together. For all vehicle types, the trend can be observed that MC decreases under
the presence of oncoming traffic. In Figure 4.16, the distribution of the lateral position of the
centre of the vehicle is shown with respect to factors vehicle type and oncoming traffic. It can
be noted that longer vehicles overtake the pedestrian using a similar lateral position in the
lane as other vehicle types, which decreases towards the centre of the lane when oncoming
traffic is present.
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Figure 4.16: Empirical cumulative density of speed under influence of interaction between factors
oncoming traffic and pedestrian direction

4.3 Driver modelling with Bayesian regression

The following section shows an attempt to model a pedestrian overtaking manoeuvre using
linear Bayesian regression. The aim is to be able to predict posterior distributions of metrics
like MC or TTC based on a linear formula with different factors. Using the Bayesian approach,
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changes due to certain factor levels can be expressed as a density with an estimate as well as
uncertainty to allow a realistic quantification of driver behaviour.

4.3.1 Minimum clearance model

Model from UDRIVE data

Figure 4.17 displays the density of the data and 100 posterior densities sampled, i.e. predicted,
from the MC model fit in form of ECDFs (blue lines) for the UDRIVE data set, so called
posterior predictive checks. The red line marks the real, measured data. As can be seen, the
model is able to predict similar densities to the real MC ECDF, suggesting that the model fit
is reasonable.
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Figure 4.17: Empirical cumulative distribution functions of posterior predictive checks from UDRIVE
data using 100 samples from the fitted model (blue lines) for minimum clearance from UDRIVE data,
red line marks the measured data

The parameters oncoming traffic, pedestrian direction and lateral position have previously
been identified as the main influencing factors on MC. Figure 4.20 shows the fitted and
the predicted distributions from the MC model. The fitted distributions are obtained from
applying the model to the original data while the predicted distributions are obtained
from new data, hence contain generally a larger spread. For each interaction between the
parameters, the fitted distribution is shown with the mean as well as the 1 and 2 ¢ bounds,
corresponding to 66 and 95 % of the distribution, respectively. As can be seen, the predicted
posterior densities conditioned on the factor interactions, represent similar distributions as
the fitted densities, supporting the model fit quality.
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Figure 4.18: Model estimates of minimum clearance from UDRIVE data under different levels of the
interaction between factors oncoming traffic, pedestrian direction and lateral position for field test
data, fitted estimates are marked with black coloured bars. Fitted distributions are plotted with mean
(circle), 66 % (thick line) and 95 % estimates (thin line). Predicted distributions are plotted with 50
%, 80 % and 95 % intervals. The red dashed line marks 1.5 m, the minimum distance set by law in
other European countries.

Model from field test data

In Figure 4.19, samples from the model of MC from the field test data are shown (blue lines)
together with the real data (red line). The sampled densities represent a reasonable fit to
the real data which leads to the conclusion that the model appropriately represents the
behaviour of the drivers captured in the field tests.
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Figure 4.19: Empirical cumulative distribution functions of posterior predictive checks using 100
samples from the fitted model (blue lines) for minimum clearance from field test data, red line marks
the measured data

Figure 4.20 shows the fitted and predicted distributions of the MC model from field
test data under influence of the interaction between the three main influencing factors. In
comparison to the UDRIVE model, the fitted and predicted densities have less spread. As
for the UDRIVE model of MC, the predicted densities are similar to the fitted ones.
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data, fitted estimates are marked with black coloured bars, predicted with blue colour scale
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4.3.2 Time to collision model

Model from UDRIVE data

In Figure 4.21, the data for TTC (red line) are shown together with 100 sampled posterior
densities from the TTC model for UDRIVE data. The real data lies within the bounds of the
estimated posterior densities, hence it can be assumed that the model is a fair representation
of the TTC distribution.
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Figure 4.21: Empirical cumulative distribution functions of posterior predictive checks using 100
samples from the fitted model (blue lines) for minimum clearance from field test data, red line marks
the measured data

Figure 4.22 shows the model estimates for TTC, fitted and predicted distributions. As for
the previous models, the predicted densities are similarly shaped as the fitted ones with a
larger spread. For some interactions, the 95% credible interval ranges about 8 s.
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Figure 4.22: Model estimates of time to collision under different levels of the interaction between
factors oncoming traffic, pedestrian direction and lateral position for UDRIVE data, fitted estimates
are marked with black coloured bars, predicted with blue colour scale, red dashed line marks the Euro
NCAP 1.7 s TTC minimum limit for FCW trigger

4.3.3 Speed model

The model for speed is tested for the field test data. Figure 4.23 shows the ECDF of the
posterior predictive checks of the speed model together with the data. It can be observed
that the model is able to predict the speed distribution in a reasonable manner.
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Figure 4.23: Empirical cumulative distribution functions of posterior predictive checks using 100
samples from the fitted model (blue lines) for vehicle speed from field test data, red line marks the
measured data

Figure 4.24 shows the fitted and predicted densities of the model for the different factor
interactions. The mean values of the predicted densities correspond roughly to the mean
values of the fitted densities, supporting the fit of the model. The spread of values for the
predicted densities is however clearly larger than for the fitted densities.
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speed limit (70 km/h)
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Discussion

5.1 Hypotheses review

Hypothesis 1. When the pedestrian walks closer to the middle of the lane, MIC decreases

The factor of the lateral position of the pedestrian could only be analysed for the field test
data in which there is a sufficiently large amount of data for both line and curb conditions to
indicate significant differences. The results from the field test data analysis show that MC
decreases when walking on the line, in contrast to walking on the curb. However, analysis of
the lateral position of the car centre from the lane marking reveals that drivers do not deviate
much from the lane centre in the curb scenario. An interpretation could be that drivers
see the lane marking between their lane and the pedestrian as a safety zone boundary and
expect that the pedestrian will stay in his dedicated “lane”.

Hypothesis 2. When driver and pedestrian face each other, MIC decreases

Results from the field tests show that when a pedestrian walks opposite to the traffic, i.e.
facing the traffic, MC decreases which indicates a confirmation of the hypothesis. It seems
that drivers regard a pedestrian differently based on its walking direction. One possible
interpretation is that when drivers see a pedestrian walking towards them, they assume
that the pedestrian sees them and is aware of the situation. Hence, there could be a mutual
agreement between driver and pedestrian to not suddenly deviate from their path and accept
a lower clearance. Pedestrians who are walking with their back facing the driver instead
of their face, could be classified as more dangerous by the driver because the driver thinks
that the pedestrian might not be aware of the situation because he cannot see the vehicle
approaching from behind. The driver might fear sudden actions in terms of turning around
or stepping into the lane in an attempt to cross the road. Hence, drivers give more space to
the pedestrian. Driver uncertainty in the situation of not facing the pedestrian might also be
inherited from the traffic law which prescribes pedestrians to walk opposite to the traffic in
order to face the vehicles.

Hypothesis 3. When the pedestrian walks slightly out of the lane, meaning next to the lane marking
or on the curb, drivers do not steer away

From the outer lateral position, obtained from the field test data, it is visible that drivers
tend to evade less into the adjacent lane when the pedestrian is walking on the curb instead
of the line, which indicates that the hypothesis is true. This relation is even clearer when
the pedestrian is walking opposite to the traffic. Similarly, the lateral position of the vehicle
centre decreases when changing from line to curb scenario. The UDRIVE data set could
not be used to indicate significant results due to the low number of cases in which the curb
scenario was present.
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Hypothesis 4. When drivers face oncoming traffic, M(C decreases

Results from the field tests show that MC decreases when drivers face oncoming traffic,
hence the hypothesis can be verified. This result implies that drivers are willing to give less
space to pedestrians who are walking in their lane in order to avoid a collision with the
oncoming traffic. It can be interpreted that drivers see the oncoming traffic as a more serious
threat than the pedestrian to be avoided. Furthermore, the large relative speed between
vehicle and pedestrian makes it difficult for drivers to slow down sufficiently much without
affecting the traffic coming from behind, to stay behind the pedestrian and wait for the
oncoming traffic to pass. Hence, drivers are more willing to overtake the pedestrian even if
oncoming traffic is present.

Hypothesis 5. When drivers face oncoming traffic, speed is reduced

Results from the field tests show that drivers reduce speed when facing oncoming traffic,
which can be seen in both scenarios line and curb. It can therefore be assumed that the
hypothesis is true. A significant speed reduction in presence of oncoming traffic is only
observed when the pedestrian is walking opposite to the direction of the traffic. This fact
underlines the importance of walking in opposite direction on rural roads as a pedestrian.

5.2 Comparison between UDRIVE and field test data results

In contrast to the field test data, the UDRIVE data is sparser in number of overtaking events.
On the other hand one can argue that the events from UDRIVE are more realistic since they
are recorded in everyday driving and not in an artificially created scenario like the field tests.
On top of that, the pedestrian in the field tests wore a reflective vest for safety reasons which
may have affected approaching drivers to keep a larger distance to the pedestrian. Another
difference between UDRIVE and field test data is that the UDRIVE data contains repetitions
of drivers, i.e. certain driver account for several overtaking events. While the field test data
is assumed to contain only unique participants with potentially a few repetitions, the 77
events found in UDRIVE are distributed among 22 individual drivers. One participant was
involved in 16 of the overtaking manoeuvres. Hence, the field test data is richer in variety of
different drivers.

The results from UDRIVE reveal similar trends for the statistically significant findings
from the field test data for the effects of factors oncoming traffic and pedestrian direction
on MC and TTC. However, different mean values for MC are reported for the different data
sets. Overtaking events from the field test data, line scenario and small vehicle type, were
performed with a mean MC of 1.51 m and standard deviation 0.43 m, while in UDRIVE
a mean MC of 1.15 m and a standard deviation of 0.50 m is reported. It can therefore be
noted that the overtaking manoeuvres on the rural roads in France were generally performed
under the recommended distance threshold of 1.5 m [2, 23]. A reason could be a higher
exposure of those drivers to the scenario of having a pedestrian in the lane in the local region,
meaning that those drivers are more used to overtake pedestrians. Lower deviations of the
1.5 m threshold also occurred during the field tests, with an alarming minimum MC of 0.29
m.
The UDRIVE results do not include any information about other vehicle types apart
from passenger cars. From the field test data, it could be observed that with an increase in
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vehicle length, MC decreases, especially when oncoming traffic is present. However, the
lateral position of the vehicle centre was found to be similar among different vehicle lengths,
giving rise to the conclusion that longer vehicles give less distance to pedestrians due to
their geometric size. This fact emphasises the danger for pedestrians when walking on rural
roads which are shared among different vehicle types.

5.3 Comparison to existing studies

5.3.1 Driver interaction with cyclists

The analysis of MC from UDRIVE and field test data reveals a decrease in MC when oncoming
traffic is present which is in accordance with previous findings from studies investigating
cyclist overtaking manoeuvres in [2, 6, 7, 11].

In [4], overtaking phases duration and CZBs were studied from field tests on the same
road as in this thesis, including a bicycle which was equipped with the same LiDAR as in
this thesis and overtaken by vehicles. Since similar definitions for the different phases were
followed, a comparison to the UDRIVE findings from this study is possible, for which the
duration of different phases is available. Both studies report a shorter approaching phase
for flying overtaking manoeuvres in contrast to accelerative manoeuvres. Overall, shorter
approaching phases are observed in this study, most probably due to the higher relative
speed and a difference in definition of approaching phase start. While in [4], the start of the
approaching phase was set to the time when a vehicle entered the field of view of the LiDAR,
in this study the start was set to the time when a pedestrian became visible in the UDRIVE
front camera video feed. Similar to this study, the steer away phase duration was roughly
equal among both overtaking types. However, this study reports slightly larger values. The
passing phase duration in [4] was found to be generally present and with lower variance
than in this study, where the passing phase was often missing when drivers immediately
returned after completing the steer away phase. The end of the return phase was reached
faster in [4] than in this study, however, the contrast in definition has to be taken into account
as for the approaching phase. Results in [4] further show that drivers keep about 2.03 m (0.28
m standard deviation) distance to cyclists in accelerative overtaking manoeuvres and 1.60 m
(0.49 m standard deviation) in flying overtaking manoeuvres. Values obtained from the field
tests in this thesis have a mean of 1.51 m and are therefore lower in average. However, most
of the overtaking manoeuvres were executed in a flying manner, therefore the distances are
similar to [4]. MC values from UDRIVE were found to be clearly lower, giving rise to the
assumption that driver behaviour varies among different countries or cultures. In [4], CZBs
were found to be not influenced by speed. In contrast, this study suggests that there is a
slight proportionality between vehicle speed and MC, especially for the curb scenario.

In [2, 11], lateral clearance to cyclists, maintained by drivers, was obtained from UDRIVE
data collected in France. Results showed that drivers on average left 1.29 m (0.5 m standard
deviation) distance to cyclists which is under the recommended minimum distance of 1.5
m. In this study, similar but slightly lower values are reported from UDRIVE for MC with
a mean of 1.15 m (0.5 m standard deviation). A trend towards lower MC values for larger
vehicle types goes in accordance to [57], in which drivers of busses and heavy good vehicles
drove significantly closer to the cyclists while overtaking.

The slight trend for the increase in MC with an increase in speed during the passing
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phase, which is found in this work, is also reported for driver overtaking manoeuvres of
cyclists in [23]. In the same study, it is reported that lateral clearance decreases when the
distance between lane edge and cyclist increases which is a comparable result found in this
thesis where drivers are found to give less space to a pedestrian who is walking closer to
their lane instead of walking on the curb.

5.3.2 Driver interaction with pedestrians

In [28], interaction with pedestrians in road crossing situations was analysed under the
influence of the presence and absence of eye contact. Eye contact was found to be a factor
under which the TTC at brake onset of drivers increased, i.e. influenced the CA strategy in
form of braking. TTC at brake onset was found to be decreased when the pedestrian looked
at a smart phone while walking. In this study, similar results are reported for CA by steering
manoeuvres in which drivers on average started to steer away about one second TTC earlier
when facing the pedestrian. Similar to the field tests in this study, [28] reports an influence
on driver behaviour when eye contact is present, which can be assumed as well when the
pedestrian was walking opposite to the traffic.

5.4 Impact on ADAS design and evaluation

Models such as the BRMs of the overtaking manoeuvre metrics could be used in ADAS
or autonomous driving to quantify the interaction between vehicle and pedestrian. The
models derived in this thesis can be used as a prior distribution which is then trained to the
individual driver to be able to draw samples from a distribution which resembles the driver
behaviour as closely as possible. Predicting metrics close to the individual driver behaviour
can enhance product acceptance and avoid that drivers switch off or ignore the system.

For example, by extending an FCW system in which the algorithm is TTC based with a
driver model such as the one derived in this thesis, the warning could be triggered when TTC
falls below the individual lower 95% credible interval. However, the AEB or a CA system for
steering should still intervene before the DVE surpasses a general comfort zone boundary,
which also takes into account the comfort of the pedestrian, and the safety zone boundary to
avoid the collision with the pedestrian.

In [58], driver overtaking manoeuvres of other road users like cyclists were investigated in
a simulator experiment with participants involved. Results showed that subjective ratings of
automated driving features suggested longer lateral distances to the cyclist and earlier steer
away times than in manual driving. Similar findings might need to be expected as well in
pedestrian overtaking manoeuvres such that systems rather activate earlier when the vehicle
is in automated mode.
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Conclusion

In this thesis, two data sets of overtaking manoeuvres involving were obtained and analysed.
The first data set was extracted from the NDS UDRIVE using a similar methodology which
has been used in a previous study on bicycle overtaking manoeuvres in UDRIVE. The
extracted UDRIVE data set contains 77 pedestrian overtaking manoeuvres which happened
on rural roads in France. Based on the available events, overtaking phases were annotated,
based on a four phase manoeuvre approach. An analysis methodology was developed to
reconstruct the vehicle and the pedestrian trajectory during the overtaking manoeuvre in
order to retrieve the MC metric. Other metrics include speed, acceleration, TTC and MAG to
the pedestrian.

The second data set was obtained from field tests with a data logger mounted on the hip
of a pedestrian. The data logger was implemented using ROS running on an RPi to record
data from sensors like LiDAR, IMU, GPS and camera. During two days of collection, 630
overtaking events were recorded on a rural road stretch in Sweden. Two different pedestrian
lateral positions, walking on the lane marking line and walking 0.5 m away from it at the
road curb, were tested. For both lateral positions, two possible walking directions were
tested, walking in the same and opposite direction to the traffic. After transforming the
2D LiDAR data into a 3D point cloud with the estimated orientation from the IMU data,
noise from vegetation and ground was removed and the point cloud was clustered to detect
vehicles. By tracking the clusters over time, an average speed and an MC value could be
estimated for an overtaking vehicle. For the remaining 481 vehicles, the factors overtaking
strategy piggy backing present or not, and oncoming traffic were evaluated according to
existing literature.

Results of the UDRIVE data set show that the passing phase of the analysed overtaking
manoeuvres are significantly shorter than the other phases (mean 1.16 s for accelerative
and 1.03 s for flying manoeuvres). For accelerative manoeuvres the median passing phase
duration is 0 s and for flying overtaking manoeuvres 1.03 s, suggesting that in accelerative
manoeuvres, drivers return to their original path as soon as they have steered away enough to
pass the pedestrian. Qualitative observations from video and signal data of the steering wheel
have confirmed this assumption. Flying manoeuvres usually occurred when the driver had a
good overview of the scenery and evaded earlier into the adjacent lane, hence prolonging the
passing phase. Drivers were often found to return even before having reached the pedestrian.
The average time of returning was found to be 0.52 s (0.72 s standard deviation) before the
front of the vehicle reached the pedestrian.

TTC at the moment of steering away was found to be increased in the presence of oncoming
traffic as well as when the pedestrian was walking in opposite direction of traffic, giving
rise to the assumption that eye contact or at least seeing a pedestrian from the front plays
a key role in the interaction between driver and pedestrian. 96% of all flying overtaking
manoeuvres in the UDRIVE data set were performed above the TTC = 1.7 s limit set by
Euro NCAP for the CPLA scenarios, i.e. the Euro NCAP scenario goes in accordance to the
CZBs measured for the drivers in this thesis. Both MC and TTC were found to be slightly
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increasing with vehicle speed.

The results from the field tests confirm an increase in MC to the pedestrian when oncoming
traffic is present. When the pedestrian is walking outside of the lane, MC increases, hence
drivers give more space to the pedestrian, but steer away less. Furthermore, a decrease of
MC is observed when the pedestrian is walking in opposite direction to the traffic. This fact
gives further rise to the assumption that eye contact between driver and pedestrian plays a
crucial role in the interaction.

Linear Bayesian regression models for MC, TTC and passing speed were developed and
estimated to reflect driver behaviour dependent on the most influencing factors oncoming
traffic, pedestrian direction and vehicle speed. Model fits predict the measured values for
the metrics well, meaning that the measured data lies within the credible intervals of the
predicted densities. Estimated contrasts between different factor levels reveal distributions
which coincide with the qualitative frequentist analysis.

In an ISS like AEB or FCW, Bayesian regression models could be used to take into account
driver behaviour when approaching pedestrians to enhance acceptance of the systems and
to prevent false positive interventions or alerts. The Bayesian regression model therefore
needs to be computed for the individual driver, hence values presented in this thesis can only
resemble defaults or used as a prior to estimate the individual driver’s posterior densities
for the different metrics.
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Limitations and further work

This work includes analysis of overtaking manoeuvres from two data sets of participants,
one from drivers in France and the other one from a particular road stretch in Sweden.
Further research should aim at investigating the generalizability of the results to include
other regions or cultures of drivers. In addition, future tests should aim at quantifying the
pedestrian’s comfort zone to verify that it matches with the estimated comfort zone for the
driver.

In the UDRIVE data analysis, the extraction of overtaking events and analysis depends
on the amount of ME detections. Hence, there is an unknown set of pedestrian overtaking
manoeuvres which was filtered out because the number of ME observations was too low. In a
future work, the use of image analysis methods could be investigated to identify and localise
pedestrians from the video cameras installed in the car, or to fuse that information with
the ME position estimates. For UDRIVE, TTC is calculated using the minimum Euclidean
distance between vehicle and pedestrian. This can only be a valid approximation if the road
is straight, hence, further work could aim at estimating the actual path length to get a more
accurate TTC estimate.

The extracted metrics from the PDL data contain neither spatial nor temporal information
about the overtaking phases because it was not possible to extract those due to the fact that
the LiDAR was wobbling too much during the field tests. In similar research in the future, it
could be useful to either stabilise the LiDAR using a gimbal construction which is also used
to stabilise cameras, or to use a 3D LiDAR. Further missing is the classification of overtaking
manoeuvre strategy due to the lack of temporal data.

As an inheritance from the missing temporal data of the overtaking phases, it should be
further investigated if the four phase approach is appropriate for a longitudinal manoeuvre
including cars and pedestrians. From the UDRIVE results for the phases duration, there is
a clear trend that drivers do not enter a passing phase but rather steer back immediately
after gaining enough lateral clearance to the pedestrian. However, this hypothesis should
be tested on a larger data set to permit a change in definition of phases or e.g. remove the
passing phase from the definition.
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Pedestrian data logger

A.1 Software

view_frames Result

Recorded at time: 1521633720.916

Broadcaster: /local map_tf

Average rate: 48.687 Hz
Most recent transform: 1521633720.936 ( -0.020 sec old)
Buffer length: 4.971 sec

Broadcaster: /odom_2_base footprint
Average rate: 48.687 Hz
IMost recent transform: 1521633720.936 ( -0.020 sec old)

Buffer length: 4.971 sec
base footprint

Broadcaster: /base_footprint_2_base_yawchange
Average rate: 48.687 Hz
Most recent transform: 1521633720.936 ( -0.020 sec old)
Broadcaster: /player

Buffer length: 4.971 sec
base_stabilized
Average rate: 476.450 Hz
IMost recent transform: 1521633720.906 ( 0.010 sec old)
Buffer length: 5.035 sec

Broadcaster: /gps_base_footprint
Average rate: 48.687 Hz
Most recent transform: 1521633720.936 ( -0.020 sec old)
Buffer length: 4.971 sec

Broadcaster: /robot_state_publisher

Average rate: 10000.000 Hz
Most recent transform: 0.000 ( 1521633720.916 sec old)
Buffer length: 0.000 sec

Figure A.1: Frame tree of pedestrian data logger, for each frame, the broadcasting node, the update
rate, the time of the latest update and the buffer length is shown
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Figure A.2: ROS nodes and topics overview of div_datalogger package



Appendix A. Pedestrian data logger

A.2 Field test data overview

Oncoming traffic
absent present
Pedestrian direction
opposite | same | opposite | same | Overall

N [] 55 54 71 28 208

small | mean[m]| 1.54 1.76 1.28 152 | 151
std [m] 0.44 0.44 0.34 0.33 0.43

N [-] 2 21 4 7 34

medium | mean [m] 1.50 1.63 1.41 1.22 1.51
std [m] 0.09 0.60 0.22 0.28 0.52

N [-] 6 7 3 1 17
long | mean [m] 0.97 1.62 0.91 1.78 1.22
std [m] 0.32 0.63 0.08 0 0.55

Table A.1: Minimum clearance from field test overtaking manoeuvres for line scenario,
including number of observations (N), mean and standard deviation (std)

Oncoming traffic
absent present
Pedestrian direction
opposite | same | opposite | same | Overall

N [] 31 23 17 18 89
small | mean[m] | 1.87 2.00 1.57 1.83 | 1.84
std [m] 0.44 0.47 0.29 0.47 0.45

N [-] 1 6 1 4 12
medium | mean [m] 1.13 1.88 1.69 1.64 1.72
std [m] 0 0.47 0 0.13 0.39

N [-] 1 1 1 3 5
long | mean [m] 2.38 1.54 1.43 1.85 1.81
std [m] 0 0 0 0.60 0.50

Table A.2: Minimum clearance from field test overtaking manoeuvres for curb scenario,
including number of observations (N), mean and standard deviation (std)
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B

Bayesian regression models

B.1 Minimum clearance model
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Figure B.1: MC model fit from field test data, including parameter posterior distributions (left) and
MCMC chains (right), part 1
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Appendix B. Bayesian regression models
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Appendix B. Bayesian regression models

B.2 Time to collision model
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B.3 Vehicle speed model
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Figure B.7: Speed model fit from field test data, part 1
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