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Abstract

Due to recent advancements in automated driving systems, drivers are able to withdraw themselves
from the control loop of the vehicle in certain driving situations. However, system limits occur rela-
tively frequently, which results in the driver having to take back control. Itis argued most currently used
take-over quality quantification methods, such as identifying the minimum time-to-collision or maximum
lateral acceleration, neglect inherent criticality of the driving scenario. This can lead to poor overall qual-
ity assessment, especially in challenging take-over scenarios. This thesis proposes a novel method of
quantifying how well the driver performed in the task of executing an emergency automation-to-manual
control takeover, by means of a scenario-specific quality reference in the form of an optimized trajectory.
Firstly, a human-in-the-loop driving simulator study was carried out using a high fidelity 6-DOF driving
simulator (n=25). The simulated environment consisted of a two-lane highway setting. During the drive,
six different automation-to-manual takeover scenarios occurred. Optimized trajectories were also gen-
erated for these scenarios, using a State-of-the-Art trajectory planner developed at Volkswagen Group
Research Facility, Wolfsburg. The independent variables were the time budget (5s, 7s, and 20s), and
the traffic density (5 veh/km, and 10 veh/km). A variety of dependent variables were determined for
both the human driver trajectories and the optimized trajectories: minimum time-to-collision, minimum
distance-to-lane-boundary, minimum distance-to-overtaking-vehicle, maximum forced braking of the
overtaking vehicle, maximum and standard deviations of accelerations (lateral and longitudinal), max-
imum and standard deviations of jerk (lateral and longitudinal), and lateral quickness. Based on the
findings from this human-in-the-loop driving simulator study and the generated optimized trajectories,
a quantification framework was developed. The framework subdivides take-over quality assessment
into two separate parameters. One with regard to safety, and one with regard to comfort. The safety
parameter quantifies criticality of the human driver take-over based on the sum of normalized weighted
quantification scores. These scores are computed for the metrics minimum time-to-collision, minimum
distance-to-lane boundary, minimum distance-to-overtaking vehicle, and maximum forced braking of
the overtaking vehicle, and are based on the difference to the metric values corresponding to the opti-
mized trajectory. The comfort parameter quantifies comfort in a similar manner based on the metrics
lateral quickness, maximum lateral and longitudinal jerk, and standard deviation of lateral and longi-
tudinal jerk. The final quantification scores are comprised of a value between 0 and 1 for both the
safety and comfort parameters. A perfect score of 0 would indicate all metrics were identical, or bet-
ter than the optimized reference trajectory. A value of 1 indicates a crash for the safety parameter,
and highly uncomfortable driving for the comfort parameter. The resulting quantification framework is
scenario-specific as the quantification is performed relative to an optimized reference trajectory.






Nomenclature

Acronym Meaning

ADAS Advanced Driver Automation System

ACC Automated Cruise Control

BAS Brake Assist System

CPU Central Processing Unit

DOF Degrees Of Freedom

GPU Graphical Processing Unit

LKA Lane Keeping Assist

MDLB Minimum Distance to Lane Boundary

MDOV Minimum Distance to Overtaking Vehicle

PID Proportional Integral Derivative

SA Situational Awareness

SAE Society of Automotive Engineers

TB Time Budget

TD Traffic Density

TTC Time-to-Collision

TOC Take Over Controllabilty

TOR Take Over Request

TOPS Take Over Performance Score

RDB Relational Database

Symbol Meaning Units
Y Quantification Score [-]
k Exponential tuning parameter [-]
Subscript | Meaning

Linear indicates a linear metric quantification

Piecewise indicates a piece-wise metric quantification
Exponential | indicates a exponential metric quantification
Comfort Overall comfort quantification

Safety Overall safety quantification
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Introduction

Over the past decade, significantimprovements in the field of sensor technology and feedback-controlled
systems have led to a substantial increase in vehicle automation becoming available to the public.

These developments have attracted a great deal of attention as the main short-term focal points of
automating privately-owned vehicles are primarily found in the domains of driver comfort and safety.

ADAS (Advanced Driver Assistance Systems) such as Automated Cruise Control (ACC) and Brake

Assist (BAS), which control longitudinal motion of the vehicle, are broadly dispersed throughout the au-

tomotive industry and have the potential to increase both driver comfort and safety respectively [18][5].

These systems however, still require the driver to maintain lateral control over the vehicle, which is one

of the primary driving tasks as described by [9], as well as according to the definition stated by the SAE
(Society of Automotive Engineers). The arrival of assistance systems that can acquire lateral control

such as Lane Keeping Assist (LKA) has led to a situation where the driver is presented the option to

fully extract him-or herself from the control loop of the vehicle. Although in current and near-future

levels of automation (SAE level 2/3), the human driver still fulfills the role of fallback-system as the

automated driving systems face strict limitations, both with regard to their operational domain as well

as with handling certain unforeseen road situations.

It has been shown that being out of the control loop can lead to a degradation of situational aware-
ness (SA), mental underload, complacency, over-reliance, and a mental overload in case the automa-
tion reaches a system boundary and prompts the driver to take back control [14]. This paradoxical
situation where the operator faces rapid workload changes has been described by Bainbridge [1], in a
paper appropriately named the Ironies of automation. The combination of having an out-of-the-loop hu-
man supervisor subject to all the before mentioned accompanying side-effects, that is still responsible
for taking over control when needed to potentially avoid a dangerous collision in a time-critical situation,
has sparked human factors research in the field of vehicle automation. Studies have revealed that the
manner in which the take-over request (TOR) is issued influences the quality of the take-over itself
[5]1 [13]. However, different studies often use different take-over quality quantification methods. Mean
longitudinal acceleration has been used as a takeover quality metric by [16], in a study investigating the
influence of varying traffic conditions on take-over quality. In [22], maximum lateral acceleration and
center-line deviation were used when studying the impact of cognitive-visual load on take-over quality.
Additionally, steering wheel reversal rate, hands-on time, gaze reaction time, and many other metrics
have been used to describe take-over quality. A comprehensive list of take-over quality metrics found
throughout literature is presented in [17].

In most cases however, take-over quality is quantified using temporal metrics, most frequently used
metric being Minimum Time-to-Collision (MTTC). Although an indicator for criticality of the take-over
situation, it is argued that temporal metrics alone do not fully capture how well the driver performed from
a vehicle control perspective. On the other hand, purely looking at vehicle dynamics-related metrics
might be just as inadequate as vehicle stability in itself does not guarantee a safe and obstacle-free
trajectory. Recently, two different so-called quantification frameworks have been published. These
frameworks combine a variety of different metrics into a single overall take-over quality score. Firstly,

1



2 1. Introduction

the Take-over Controllability Rating (TOC) quantifies take-over quality through a standardized coding
sheet, which trained expert use to grade human driver takeover performance by close inspection of
video footage [12]. Secondly, The Take-over Performance Score (TOPS) combines metrics chosen
through expert assessment into three separate parameters related to vehicle guidance, mental pro-
cessing, and subjective rating. These three parameters can be combined into a single quality score
[17].

It is argued these frameworks are an improvement to traditional methods based on conclusions
drawn from standalone metrics. However, even in the recently published methods mentioned above,
the scenario itself is neglected in the quantification process. More time-critical take-over scenarios will
generally result in ‘'worse’ metric values (lower MTTC, higher accelerations and so on and so forth...),
but often this is unavoidable due to the inherent criticality of the scenario, and thus fails to reflect ac-
curately on the driver’s performance. It is clear the scenario thus has large influence on the metrics
themselves, but this tends to be neglected in quantification. Therefore, take-over quality quantification
could benefit from an approach that is tailored specifically to the scenario that is being studied. In this
thesis, a novel quantification method, from now on referred to as a quantification framework, will be pro-
posed. The framework shares similarities to the Take-over Performance Score, as it combines multiple
normalized metrics into seperate parameters. However, inherent scenario criticality and difficulty will
be taken into account in the quantification framework by taking the included metric values relative to an
optimized, scenario-specific, quality baseline value. This results in an arguably fairer driver take-over
quality quantification, as high take-over quality scores can be achieved even with unfavourable values
for traditional 'unreferenced’ quality metrics, in critical situations. The reference, or quality baseline,
will be determined through a state-of-the-art trajectory optimization algorithm.



Methods

2.1. Study Design

In order to quantify human driver take-over quality whilst taking the inherent criticality of the situation into
account, a scenario-specific quality reference is used in the form of an optimized trajectory. A State-of-
the-art trajectory planner developed at Volkswagen Group Research, Wolfsburg, was used to generate
the optimized trajectories. The quantification framework proposed in this paper is based on differences
between the human driver trajectory, or metrics belonging to the trajectory, and those corresponding
to the optimized reference trajectory. The quantification is performed offline. However, theoretically it
could also be performed in real time — as the trajectory planner is designed for real-time application as
integral part of an autonomous driving system. In order to design this framework, a human-in-the-loop
driving simulator study has been carried out using multiple different driving scenarios. Additionally, an
optimized trajectory was generated for all driving scenarios. Background information on the trajectory
planner used to generate the optimized trajectories will be given in section 2.4.

2.2. Participant Sample

A total of 31 Porsche AG employees were recruited to participate in this study. They were required to
have a valid driver’s license, as well as normal or corrected-to-normal vision. A total of 6 participants
had to be excluded due to incomplete data recordings. Therefore, the analysis was performed on data
sets from 25 participants (n = 13 females). The majority of the sample fell in the age category of
21 — 30 years old (44%), the second largest category was 31 — 40 years old (36%). The remainder
was divided between 41 — 50 and 51 — 60 years old (16% and 4%, respectively). It was not permitted
to ask participants’ age directly due to Porsche AG privacy protection regulations, making it impossible
to accurately determine mean age and standard deviation of the sample. Two participants indicated
having participated in a simulator study regarding automated driving before.

2.3. Human-in-the-loop Driving Simulator Study

The drive-setting was a two-lane motorway with a speed-limit of 130km/h, which was exceeded by
10km/h for simulated left-lane overtaking vehicles. There was no hard-shoulder. At the start of the
drive, the participants were asked to engage the automated driving function while driving in the right
lane. The automation could be activated using a button located on the steering wheel. Upon activa-
tion, a message was shown in the combi-display indicating that the driver is now allowed to take his
hands off the steering wheel. Activation was confirmed by the grey steering wheel icon (automation
available) turning green (automation active). See figure 2.1. The participants were asked to then enjoy
a secondary activity in the form of watching a leisurely video (Brooklyn Nine-Nine S1E1 & S1E2 ) which
automatically started playing on the 10.9 inch center-display when the automated driving function is en-
abled. This secondary activity was chosen as it fits the use-case of SAE level 3 automated driving, and
no cognitive measures were required. During the approximately 30 minute-long drive, multiple take-
over scenarios occurred. During which the driver is requested to take over by means of a one-stage
auditory signal (details confidential) and a visual warning on the combi-display. The steering wheel icon

3



4 2. Methods

switches to red along with two hands holding it, as seen in figure 2.1. Additionally, the center-display
turns black and shows a disclaimer stating 'Limited functionality while driving manually’. The driver is
required to take-over longitudinal and lateral control of the vehicle and perform an evasive manoeuvre
due to road-works (length 361m) on the right lane. The driver is asked to return to the right lane when
possible, and manually re-engage the automated driving function.

PILOT '@‘

L

Figure 2.1: Automated driving function icons. Left to right; Available - Active - Take-over!

A 3x2 multi factorial within-subject design was used in the human-in-the-loop driving simulator study.
A total of six different take-over scenarios occurred, comprised of each possible combination for the
conditions time budget and traffic density as shown in table 2.1. All take-overs took place on a straight
stretch of road. Both conditions time budget and traffic density have been shown to affect take-over
quality in previous studies based on traditional quality metrics [16] [5]. The three time budgets were
5 seconds, 7 seconds, and 20 seconds. 5 seconds is generally seen as highly critical. 7s has been
determined as the minimum threshold for a safe take-over after being engaged in a secondary task [5].
The 20 second condition has been included to investigate human satisficing effects on the proposed
quantification framework. The above-mentioned time budgets were combined with the condition ‘traffic
density low’ and ‘traffic density medium’. Defined in literature as 5 veh/km and 10 veh/km respectively
[7]. For the medium traffic density scenarios, a left-lane overtaking vehicle, which was driving at a
constant speed of 140km/h, was positioned directly behind the ego-vehicle at the time of the take-over
request— making an immediate lane-change highly unsafe. As can be seen in figure 2.2, which shows
the exact scenario layout for scenario 1.

722m 361m
[ ; |
, 1083m 5 |
! 255 @140kmh Z.5s @140kmih : !
7.2m R 57.3m
) frver) == .'/I N | fr)
frved) ————| [£Ga<) AXXAXXXXXX XX

723m 7,  Obstacle disance = 180.6m (3s)

yd ™. TAKE-GVER
~ . WARNING
4/ \\
/ \

Figure 2.2: The road layout including dimensions and traffic conditions for take-over scenario 1 [TB = 5s, TD = med.]. Detailed
visualizations of scenario 2,3,4,5, and 6 can be reviewed in Appendix A.1.

In the low traffic density condition, an immediate lane-change was possible due to the absence of
nearby vehicles at the time of the take-over request. The exact road layout and positioning of other
vehicles, similar to figure 2.2, for scenario 2,3,4,5 and 6 can be reviewed in Appendix A.1. The order
in which the scenarios appeared was randomized in Latin-square design to counterbalance for order-
related effects. The automated driving time in between take-overs was varied between 3 and 5.5
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minutes in 30 second increments to counteract expectation. However, all automated driving times
were identical for all participants.

Scenario | Time budget [s] | Traffic Density [veh/km]
1 5 10 (medium)

2 5 5 (low)

3 7 10 (medium)

4 7 5 (low)

5 20 10 (medium)

6 20 5 (low)

Table 2.1: Scenario composition of both conditions 'Time Budget’ and 'Traffic Density’.

2.3.1. Dependent Variables

To ensure a fair comparison with the optimized trajectory generated by the trajectory planner, all de-
pendent variables are either temporal or vehicle dynamics-related metrics. Driver-related metrics such
as take-over-time and time to eyes-on-road are therefore not of interest in this study. Table 2.2 shows
an overview of all objective dependent variables. The way in which they are incorporated in the quan-
tification framework is discussed in section 2.6.

Metric Vehicle Description Units
TTC was determined as the time until

Minimum Time-to-Collision E a collision with the roadworks occurs.

(MTTC) 90 Minimum value is computed in accordance ls]
with [6]

Lateral Quickness is defined as V¢ /dofsset-
Where d,fse; is the maximum lateral displacement

Lateral Quickness Ego during the lane change and V,; is the maximum (1/s]
lateral velocity during said lane change [2]

Maximum Absolute Acceleration E Maximum absolute acceleration value determined between 2

(Lateral and Longitudinal) 90 the take-over request and the road-works end [m/s”]

Maximum Absolute Jerk E Maximum absolute jerk value determined between the 3

(Lateral and Longitudinal) 90 take-over request and the road-works end [m/s°

STD of Acceleration Standard deviation of acceleration determined 2

(Lateral and Longitudinal) Ego between the take-over request and the road-works end [m/s°]

STD of Jerk E Standard deviation of jerk determined between the 3

(Lateral and Longitudinal) 90 take-over request and the road-works end [m/s°]
Minimum distance to the left lane outer boundary.

- . Linear inversely related to lane change overshoot.
Minimum distance to lane boundary Ego Determined between the take-over request [m]

and the road-works end

Computed as the Euclidean distance between the
Minimum distance to overtaking vehicle Ego ego-vehicle and the overtaking vehicle. Determined between | [m]
the take-over request and the road-works end

The deceleration of the overtaking vehicle indicates
the level of critical interaction with the ego-vehicle. 2
Determined between the take-over request [m/s°]
and the road-works end

Maximum deceleration of overtaking vehicle | Overtaking

Table 2.2: Overview of all dependent variables, which vehicle they relate to, a brief description, and the corresponding units of
each variable.

Additionally, four subjective dependent variables were included. For each take-over scenario, a
7-point Likert-scale rating on criticality [Sehr Unkritisch - Sehr kritisch], complexity [Sehr unkompliziert
- Sehr kompliziert], comfort [Sehr komfortabel - Sehr unkomfortabel], and subjective time budget [Mehr
als ausreichend - Viel zu Wenig] was asked. The subjective rating questionnaire as used in the human-
in-the-loop driving simulator study can be reviewed in Appendix A.1.

Dikablis eye-tracking glasses in conjunction with Dlab behavioural research software (Version 3.5)
was used to confirm the driver’s gaze was directed at the center-display at the time of each take-over
request. The dataset was excluded if this was proven false. Eye-tracking was also used in order to
be able to determine the gaze-related metrics required to determine the Take-over Performance Score
[17]. This was done to allow for future method comparison.
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2.3.2. Apparatus

The high-fidelity hexapod driving simulator at the Porsche Research and Development Facility in Weis-
sach, Germany was used for this study. The hexapod was fitted with a fully functional mock-up of
a Porsche Macan. The 6-DOF moving base platform (eMove eM6-640-1800) has an actuator stroke
of 640mm. It's specifications can be reviewed in Table 2.3. A classical washout algorithm was used
during the study.

Excursions Velocity Acceleration
Single DOF Non-single DOF
Surge | -0.48 0.60 [m] -0.64 0.63 [m] 0.8 [m/s] 7 [m/s2]
Sway | -0.50 0.50 [m] -0.66 0.66 [m] 0.8 [m/s] 7 [m/s2]
Heave | -0.41 0.41 [m] -0.41 0.41[m] 0.6 [m/s] 10 [m/s2]
Roll 23.8 23.8[deg] | -29.2 29.2[deg] | 35 [deg/s] | 250 [deg/s2]
Pitch -23.7 26.0 [m] -28.2 32.9[m] 35 [deg/s] | 250 [deg/s2]
Yaw -25.4  25.4 [m] -28.7 28.7 [m] 40 [deg/s] | 500 [deg/s2]

Table 2.3: eMove eM6-640-1800 moving base platform system specifications.

The visualized field of view is 180°, achieved by projectors displaying 3.840 x 2.160 pixels on all
three sides, as well as overhead. The visualization is refreshed at a frequency of 60Hz. The simulator
is shown in figure 2.3, during one of the take-over scenarios.

Figure 2.3: The hexapod simulator during take-over scenario 1. The participant has regained manual control and executed an
emergency lane change to the left lane. Roadworks can be seen projected on the right lane.

The integrated vehicle dynamics model was a complex multi-DOF model corresponding to the high-
performance electrically powered Porsche Taycan. Technical details on this model are confidential. The
tyre-road friction coefficient was set to 1 for simplicity.

2.3.3. Procedure

All participants were scheduled into one hour time-slots. After welcoming the participant and thanking
him or her for participating, the participant was asked to read the instruction form (shown in Appendix
A.1). After having read the instruction form, there was the possibility to ask questions. However, it
was made sure that no extra information was given about the purpose of the study. The demographic
questionnaire was filled out along with a consent form. When finished with the paperwork, which took
approximately 10-15 minutes on average, the participant was asked to take place inside the driving
simulator. The assistant took place in the passenger seat and while stationary explained how to ac-
tivate the automated driving function, how the subjective ratings could be filled out on the tablet, and
went over the general instructions. When finished, the eye-tracking glasses were handed over to the
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participant and calibrated using DLab behavioral research software (Version 3.5). A 5 minute test drive
followed during which the participant could get used to the manual controls, automation, display icons,
and tablet. After the test drive the moving base platform was brought down and the assistant got out of
the simulator. Once the moving base platform was re-activated, the main study began. The participant
engaged the automated driving function as soon as it became available. A requirement was that the
vehicle was driving in the right lane. There was no speed requirement for activation, although it was
advised to activate the automated driving function when driving approximately 130km/h as this is set
as the automated driving function target velocity. When activated at a different speed, the automated
driving function would accelerate or decelerate to the target speed of 130km/h. When the automated
driving function is engaged, a video (Brooklyn nine-nine) is automatically played on the center-display.
The participants’ gaze was monitored using the front-view eye tracking cameras. In case the gaze
was frequently directed at the road instead of the center-display, the intercom was used to remind the
participant to trust the automated driving function and enjoy the video displayed. At a certain moment,
the automated driving function prompts a take-over request. The driver is required to regain manual
control and avoid a static obstacle in the form of roadworks, while being aware of any potential left lane
overtaking vehicles.

After the roadworks, which is 361m long, the participant returns to the right lane and re-engages the
automated driving function. The participant fills out the subjective rating questions with regards to the
take-over scenario. From the control room, it was checked if the form was received properly. If this was
not the case, the participants was kindly asked through the intercom to re-submit the subjective rating
form. When finished with the subjective rating questions, the participant continues watching the video
displayed on the center-screen. This order of events is repeated for a total of six times, with differ-
ent take-over scenarios. After the 6t" take-over scenario, the intercom is used to ask the participant to
bring the car to a standstill. The moving base platform is lowered and the participant exits the simulator.

A brief post-drive questionnaire with regards to simulator sickness and simulator fidelity is filled
out. On this questionnaire, the participant also has the opportunity to give open feedback regarding
the study. The participant is offered something to drink (non-alcoholic), as well as a sweet. After any
potential questions the participant has regarding the study are answered, the participant is once again
kindly thanked for their time.

2.4. Trajectory Optimization
2.4.1. CudaDP Trajectory Planner

The trajectory planner used to generate the quality reference trajectories for all six scenarios is offi-
cially called the CudaDP planner, after the C/C++ derived programming language Cuda in which it is
developed, and the term ‘Dynamic Programming’.

Dynamic Programming can be defined as ‘a method for solving a complex problem by breaking it down
into a collection of simpler subproblems, solving each of those subproblems just once, and storing
their solutions using a memory-based data structure’. For dynamic programming to be applicable to a
problem, it must exhibit the following characteristics [3].

» Bellman’s Principle of Optimality — a globally optimal solution constructed by locally optimal ones.

* The problem can be broken down into recursion.

When, perhaps slightly oversimplified, defining the problem as getting from the vehicle’s initial state
to a goal state — defined here as the end of the take-over section, these characteristics are clearly met.
The global optimal solution is constructed by locally optimizing the vehicles’ motion to a next state.
Where each state is defined by the set [x;,y;, v;, a;, wheelangle;, yaw;]. This can be performed in a
recursive manner until the goal-state is reached. In order to achieve this, the CudaDP planner not
only harnesses the computational power of the CPU (Central Processing unit) — but also of the GPU
(Graphics Processing unit). The CudaDP planner relies on high-end GPU’s manufactured by Nvidia
Corporation. Nvidia Corporation states: ‘Architecturally, the CPU is composed of just few cores with
lots of cache memory that can handle a few software threads at a time. In contrast, a GPU is composed
of hundreds of cores that can handle thousands of threads simultaneously. The ability of a GPU with
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100+ cores to process thousands of threads can accelerate some software by 100x over a CPU alone.
What's more, the GPU achieves this acceleration while being more power- and cost-efficient than a
CPU.’ This cooperation between CPU and GPU makes it possible for the CudaDP planner to compute
and assess all available states simultaneously. The interaction between the CPU and GPU during one
step from an initial state to a subsequent state is shown in pseudo-code below:

1. Upload valid initial state (CPU > GPU)

Generate motion transitions to available states (GPU)

Integrate vehicle dynamics for all possible transitions (GPU)

Set up motion costs for all possible transitions during integration (GPU)
Determine new state-space discretization (GPU)

Select the best candidate from the available states

S L S < R

Download new solution (GPU > CPU)

Figure 2.5 shows an illustration of the available states (approximately 15.000) the CudaDP plan-
ner generates in a single timestep (40ms). The motion costs for each transition to an available state
are based on optimizing progress to the goal-state, while at the same time minimizing the variables
acceleration, jerk, wheel angle, wheel angle change, and object proximity. A PID-controller is used
to follow the best-candidate trajectory determined by the optimization process. This is represented
schematically in figure 2.4.

Maximizes

Y

Progress to
destination

Sensor input
or » CudaDP Planner
Simulation input

Y
Y

Chosen Traji y PID-Controller

Minimizes

Acceleration
Jerk
Wheel angle
Wheel angle change
Object proximity

Y

Figure 2.4: Simplified schematic representation of the optimization process executed by the CudaDP planner during trajectory
planning.

In order to do so more efficiently, so-called 'masks’ are created. These masks are placed on ‘no-
go’ zones, such as sidewalks and lanes of opposite direction traffic, and unsurprisingly correspond
to large motion cost offsets. Each of the before mentioned variables has an accompanying weight.
These can be changed to alter the driving style of the algorithm. It is for instance possible to lower
weights for acceleration (which is minimized) and increase the weight for progress (which is maximized).
This makes the algorithm choose best-candidate states that lead to a more dynamic driving style. In
some cases, such as for distance to obstacles, exponential variable weights are used. This results
in exponentially increasing motion costs for states that linearly close in on an object. The weights
generally used in the CudaDP planner have been determined by Volkswagen Group Research by
a process similar to backtracking, where vehicles were driven manually and for each time step and
corresponding state within the world, the ‘human’ weights were computed. Averaging out the human
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weights over a plentitude of driving data led to the weights used in the CudaDP planner, although
generally ‘safer’ weights are used in real-life autonomous driving tests.

Figure 2.5: CudaDP planner available states: A state is defined as the set [x;, y;, v;, a;, wheelangle;, yaw;]. Visualized in the
image is x and y position in the horizontal plane, and velocity in the vertical plane. Green are comfortable states, yellow/orange are
non-comfortable states, red are collision states. The distance in time corresponds to the variable look-ahead time in simulations,
or sensor range in real-life application. Image courtesy of Volkswagen Group Research.

To decrease computational effort, all states are divided into three categories. Comfortable (depicted
as green), uncomfortable (depicted as yellow-orange), and collision (depicted as red). When available,
the best-candidate selection algorithm only looks at comfortable states. An example of a transition to
a non-comfortable state would be if high deceleration is required, or if the vehicle is forced to divert
onto the sidewalk to avoid a collision. In case neither comfortable nor non-comfortable states exists,
the selection criteria are based on minimizing impact energy during collision.

2.4.2. Take-over Simulations

In order to obtain an accurate comparison between the human trajectories and those generated by the
CudaDP planner, the same files (openDRIVE extensions .XODR and .XML ) describing the simulation
environment including all simulated vehicles were used. However, some modifications had to be made
in order for it to function in conjunction with the CudaDP planner. Figure 2.6 below shows the original
road layout as used in the human-in-the-loop driving simulator study. Instead of using a single circuit or
stretch, the road layout was designed as to facilitate take-over scenario randomization. The six green
sections are the automated driving sections, whereas the blue sections are the take-over sections.
A simulation technique called ‘jumping’ is utilized where the egovehicle ‘jumps’ from one location in
the world to another, without the driver noticing. These jumps occurred between the ends of each
automated driving section to the start of the required take-over section. This technique also made it
possible to reset all other vehicle positions at the start of each take-over sections. This guaranteed
scenario consistency over all participants. At the end of each take-over sections, the ego vehicle
position automatically jumps back to the next automated driving section.
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Figure 2.6: Road layout as used to create the simulation. Green sections are automated driving sections, whereas the equally
sized red sections are sections where the take-over scenarios take place. During the human-in-the-loop driving simulator study,
the ego-vehicle jumps between automated sections and take-over sections unbeknownst to the driver.

As it was only required for the CudaDP planner to generate a trajectory through the take-over sec-
tions, the automated driving sections were left out. Each take-over section was isolated and separate
files (OpenDRIVE extensions .XODR and .XML) were created describing each individual take-over
scenario. As the CudaDP planner was in continuous control of the ego-vehicle, the look-ahead time of
the CudaDP planner was changed as to correspond with the time budget for each specific scenario.
This recreated an identical urgency as for the participants of the human-in-the-loop driving simulator
study.

The software and GPU-related hardware used to run the CudaDP planner simulations for this study is
described in table 2.4

Name Manufacturer | Type Function

VTD Vi Softw Builds and simulates the openDrive environment

2.1 res OftWare 1 gescribed in the .XODR and XML files

\Z/g%al Studio IDE Microsoft Software Compiles the CudaDP planner code

Cuda Toolkit - Development environment for creating high performance
8.0 Nvidia Software GPU-accelerated applications

Q?IF Elektrobit Software Visualizes CudaDP planner trajectories

ADTF-VTD Toolbox | Sedenius Softw Connection toolbox for ADTF visualization within VTD
4.1.0 Engineering ottware constructed simulations

Quadro P5000 Nvidia Hardware | High performance GPU

Table 2.4: An overview of the software and GPU-related hardware used to run the CudaDP planner simulations.

The ego-vehicle dimensions were those of a 2012-model Volkswagen Golf, although a simpler
bicycle-model was used to describe the vehicle dynamics. A PID-controller controlled the vehicle con-
trol inputs in order to minimize deviations from the trajectory computed by the cudaDP planner [20].
Data logging was done using the RDB-datastream generated within the VTD software environment,
which contains timestamped position, velocity, and acceleration data of the both the ego-vehicle and
other simulated vehicles.

2.5. Analysis

The statistical analysis of the dependent variables focuses on main effects for the conditions time bud-
gets and traffic density, as this is gives insight into the usefulness for application in quality quantification.
Furthermore, additional effort was put into investigating which metrics are suitable for comfort quan-
tification. This was done through a linear regression analysis for the dependent variable subjective
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comfort, as well as a Principal Component Analysis (PCA). General differences between the human
driver trajectories and the optimized trajectories were also studied.

Based on these analyses combined with learnings from literature, a detailed quantification frame-
work will be proposed in chapter 4, which can be used to quantify human driver take-over quality relative
to an optimized quality reference. The general form of the quantification framework will be described
in section 2.6.

2.6. General Framework

The framework as proposed in this thesis subdivides the matter of human driver take-over quantifica-
tion in two separate parameters - one being the safety parameter, second being the comfort parame-
ter. Similar to the TOPS framework, each parameter will be constructed through weighted addition of
a selection of metrics. However, the novelty is introduced in the application of the metrics used. In-
stead of normalizing the original metric value, e.g. MaxAccy, iy, the difference to the optimized value
MaxACC river - MaxACCoptimizea 1S cOmputed and normalized. This normalized value is then used to
determine the metric score through a metric-specific quantification function. This leads to a quantifi-
cation score between 0 (Identical to optimized) and 1 (Worst quality) for that particular metric. Where
worst quality equals a crash when looking at the safety parameter, and highly uncomfortable driving
in the comfort parameter. Thus, external factors such as the criticality of the scenario are taken into
account as the optimized trajectory could also exhibit e.g. large maximum lateral accelerations if the
situation so requires. This 'referenced normalization’ process is performed on all metrics, for both the
safety parameter and comfort parameter. A schematic representation of the quantification framework
is shown in figure 2.7. Which metrics are included, as well as which normalization values and quantifi-
cation functions are chosen is partly depended on the results from the analysis described in chapter 3.
A detailed application of the quantification framework on the dataset collected in the human-in-the-loop
driving simulator study is described in chapter 4.

2. Determine

optimized metric €
value

Poptimized

1. Determine human
—» driver metric value
Padriver

3. Normalize Pdriver
relative to Poptimized iNnto
linear metric score:
Y-iinear-P

v

4. Apply suitable
quantification function
F(v-inear-p) = Y-P
Where F is piecewise,
exponential, or other.

v

5. Repeat for all
included metrics

v

6. Parameter Score
constructed through
weighted addition of all
included metric scores

Figure 2.7: Schematic representation of the quantification framework. The metric P is a fictive metric for illustration purposes.
Detailed descriptions of steps 3,4,5, and 6 are provided in chapter 4.






Results |: Statistical Analysis

3.1. Pre-processing

Multiple steps were performed in the pre-processing of the data. As mentioned earlier, six participants’
data were excluded from analysis due to incomplete recordings. After reviewing the eye-tracking data,
no further participants had to be excluded due to their gaze not being directed at the center screen
during the TOR.

Jerk was not logged during data collection and was therefore algebraically computed using Matlab
R2018b as the temporal derivative of acceleration. Before doing so, the data was filtered using a
Butterworth Filter (bandpass [0.1 — 0.4HZz] for the CudaDP data — bandpass [0.1 — 0.7Hz] for the driving
simulator data). These bandwidths were based on a spectral analysis of the signals. MTTC was also
computed with Matlab R2018b in accordance with the MTTC definition as described in [6]. In case of
leaving the road boundaries, negative values for the metric ‘distance to lane boundary’, were set to
0 to prevent outliers. The entire Matlab script used for data visualization and pre-processing can be
reviewed in Appendix A.3.

3.2. Trajectories

Figure 3.1 shows all 25 participants’ trajectories for all six scenarios. Additionally, the optimized refer-
ence trajectory as driven by the CudaDP planner is shown. The scenario numbers are related to the
conditions time budget and traffic density as clarified in Table 2.1. A crash-event is defined as;

1. A collision with the road-works. Identified as MTTC = 0.

2. Collision with the overtaking vehicle (only for scenarios 1,3,and 5). Identified as 'MDOV —2m = 0.
The -2m subtraction is due to vehicle dimensions, as explained in section 4.1.3.

3. Leaving the road boundaries. Identified for the outer left lane boundary as '’MDLB = 0, or other-
wise through visual inspection.

Six crashes were identified in scenario 1. Two of which due to a collision with the roadworks, three
due to loss of control and leaving the road, and one due to a collision with the overtaking vehicle. Six
crashes were also identified in scenario 2. However, only one was due to contact with the roadworks.
The other five crashes in scenario 2 were caused by crossing the road boundaries. One crash was
identified in scenario 3, due to leaving the road. This is not immediately visible from figure 3.1, but can
be explained by the sideways offsets due to the vehicle width. No crashes occured in scenario 4,5,
and 6.

13
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Figure 3.1: Overview of all participant trajectories as well as the optimized trajectory for all six scenarios. Scenario 1 [TB = 5s,
TD = med.], Scenario 2 [TB = 5s, TD = low], Scenario 3 [TB = 7s, TD = med.], Scenario 4 [TB = 7s, TD = low], Scenario 5 [TB =
20s, TD = med.], Scenario 6 [TB = 20s, TD = low].

3.3. Main Effects

Acceleration-related metrics

The effects of the two conditions time-budget and traffic density were analysed using SPSS Statistics
(Version 25). A two-way repeated measures Anova on maximum absolute lateral acceleration yielded
a main effect for Time budget, F(1.4, 30.8) = 27.3, p < .01 (Greenhouse-Geisser corrected as Mauchly’s
sphericity test was significant). Pairwise comparison (Bonferroni corrected, p < 0.01) show significant
differences for maximum absolute lateral acceleration between all time budgets, such that an inverse
relationship between maximum lateral acceleration and time budget is determined. No main effects
were determined for the traffic density condition. Additionally, the within subject means for maximum
absolute longitudinal acceleration yielded a main effect for both time budget F(2, 44) = 11.5, p < .01
and traffic density F(1, 22) = 13.9, p <.01. Pairwise comparisons (Bonferroni corrected, p < 0.05) show
that maximum absolute longitudinal acceleration is lower for the 5 and 7 second conditions compared
to the 20s condition. The maximum absolute longitudinal acceleration is also shown to be higher in the
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medium traffic density condition compared to the low traffic density condition.

A Two way repeated measures Anova performed on the standard deviations of both lateral and lon-
gitudinal acceleration showed similar results. For the standard deviation of lateral acceleration metric
- a main effect was only found for time budget, F(1.2, 26.9) = 29.3, p < .01 (Greenhouse-Geisser cor-
rected). For the standard deviation of longitudinal acceleration, a main effect was determined for time
budget, F(2, 44) = 13.6, p < .01, as well as traffic density, F(1,22) = 13.5, p < .01. Pairwise comparisons
(Bonferroni corrected, p < 0.05) were performed on both lateral and longitudinal standard deviations of
acceleration. The standard deviations of lateral acceleration decreased significantly with increases in
time budgets - both from 5 seconds to 7 seconds, as well as for an increase from 7 seconds to 20 sec-
onds. The standard deviation of longitudinal acceleration showed a decrease for both 5 seconds and 7
seconds as compared to the 20 second time budget. All within subject means of all four acceleration-
related metrics are shown for the different scenarios in figure 3.2. The error bars indicate the metrics’
respective standard errors.

Acceleration Metrics
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Figure 3.2: Overview of scenario-averaged results for the metrics Maximum Absolute Lateral Acceleration, Maximum Absolute
Longitudinal Acceleration, STD Lateral Acceleration and STD Longitudinal Acceleration. The error bars indicate the standard

STD(X . .
error computed as ) —— . Where X represents the respective metric.
Jnumberofobservations

Jerks-related metrics

Unsurprisingly, highly similar results were found when analyzing the temporal derivatives of the above
mentioned acceleration-related metrics. Both maximum absolute lateral jerk and the standard deviation
of lateral jerk show a significant effect for time budget - (F(1.4, 31.3) = 36.5, p < .01 (Greenhouse-
Geisser corrected) and F(1.3, 29.3) = 32.9, p < .01 (Greenhouse-Geisser corrected), respectively.
Maximum absolute longitudinal jerk and standard deviation of longitudinal jerk also show a main effect
for time budget - F(2, 44) = 12.3, p < .01 and F(2, 44) = 18.5, p < .01, respectively. Additionally, both
metrics also show a signifcant difference between the low and medium density traffic density - F(1,22) =
13,p <.01and F(1,22) = 15.4, p < .01 respectively. Pairwise comparisons for all above mentioned jerk-
related metrics yield identical results as for their acceleration-based counterparts (Bonferroni corrected
, p < 0.05). Figure 3.3 shows the within subject means for four jerk-related metrics, across all six
scenarios. The error bars indicate the metrics’ respective standard errors.
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Table 3.1 shows a comparison of the within-subject means for all acceleration-and jerk related met-
rics discussed above and the value corresponding to the CudaDP planner simulation, for each scenario.

Max Acceleration | STD Acceleration Max Jerk STD Jerk
[m/s?] [m/s?] [m/s®] [m/s’]

Scenario Lat. Long. Lat. Long. Lat. Long. | Lat. | Long.
1 Within Subjects Mean | 4.83 5.65 1.32 1.94 1525 | 11.32 | 3.93 | 2.44
CudaDP Planner 0.37 3.48 0.16 1.39 1.85 146 | 0.54 | 0.27

9 Within Subjects Mean | 4.39 3.94 1.33 1.43 1425 | 6.94 | 3.65 1.68
CudaDP Planner 0.39 0.47 0.18 0.22 0.38 0.58 | 0.14 | 0.18

3 Within Subjects Mean | 3.21 6.01 0.80 2.21 9.69 11.25 | 2.20 | 2.60
CudaDP Planner 0.63 3.35 0.24 1.65 1.47 116 | 0.34 | 0.24

4 Within Subjects Mean | 2.40 2.66 0.63 0.96 6.29 4.78 150 | 1.13
CudaDP Planner 0.40 0.76 0.18 0.35 0.32 0.71 | 0.12 | 0.28

5 Within Subjects Mean | 1.40 3.12 0.35 1.02 2.83 5.57 | 0.67 1.36
CudaDP Planner 0.56 0.80 0.20 0.25 0.49 0.59 | 0.16 | 0.19

6 Within Subjects Mean | 1.30 2.40 0.36 0.67 2.53 452 | 062 | 0.90
CudaDP Planner 0.33 0.51 0.13 0.25 0.26 0.38 | 0.08 | 0.14

Table 3.1: Comparison of CudaDP Planner values and averaged human driver values for all acceleration and jerk-related metrics,
for all scenarios.

MTTC

Analysis of the minimum time-to-collision revealed a main effect for time budget F(1.19, 26.2) = 533.4,
p < .01 (Greenhouse-Geisser corrected). Pairwise comparison (Bonferroni corrected, p < 0.05) show
significantly lower MTTC for the 5 second time budget compared to both the 7 seconand 20s time bud-
get. There was no significant effect for traffic density. The within subject means for each scenario are
shown in figure 3.4, along with the values corresponding to the CudaDP Planner’s trajectories. The
errors bars depict the standard error.

Lateral Quickness

Atwo-way repeated measures Anova on lateral quickness yielded main effects for Time budget, F(2, 32)
=21.9, p<.01 and Traffic Density F(1,16) = 4.6, p < 0.05. Pairwise comparison (Bonferroni corrected, p
< 0.05) show significant differences for lateral quickness between all time budgets, such that an inverse
relationship between lateral quickness and time budget is determined. The low traffic density condition
resulted in lower values for lateral quickness compared to the medium traffic density condition. Figure
3.5 shows the within subject means along with their respective standard errors. Moreover, the lateral
quickness belonging to the CudaDP Planner trajectories are added for visual comparison.
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Minimum distance to lane boundary

Due to the violation of sphericity and the resulting Greenhouse-geisser correction, a significant effect of
time budget on distance to lane boundary was not proven. (p = 0.059, Greenhouse-Geisser corrected).
There was no significant effect for traffic density.
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Minimum distance to overtaking vehicle

A one-way Anova (for time budget only, overtaking vehicle was only present in the medium density
condition) resulted in a significant effect F(2,48) = 8.7, p<0.01 for time budget on the distance to the
overtaking vehicle. Pairwise comparison (Bonferroni corrected, p < 0.05) showed that the minimum
distance to the overtaking vehicle was lower for the 5 second time budget compared to the 7 and 20
second time budgets.

Distance to overtaking vehicle
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Figure 3.6: Comparison of the scenario-averaged human driver MDOV and the CudaDP planner MDOV. The error bars indicate
STD(MDOV)

the standard error computed as —
Jnumberofobservations

Maximum deceleration of overtaking vehicle

In this case, the normality assumption for data distribution was strongly violated. A non-parametric
Friedman test of differences among repeated measures was conducted and rendered a Chi-square
value of 6.46 which was significant (P<0.05).

Subjective Ratings

For use in the quantification framework as described in Chapter 4, the subjective criticality rating and
comfort rating play an important role. The complexity and subjective time budget ratings were merely
included as to allow for future comparison with the TOPS method [17], and are therefore not currently
analyzed for statistical significance. A two-way repeated measures Anova on the subjective comfort
rating yielded main effects for both time budget F(2, 44) = 45.5 p < .01 as well as traffic density F(1,22) =
47.8, p < .01 Pairwise comparison (Bonferroni corrected, p<0.05) show significant differences between
all time budgets, as such that lower comfort ratings corresponds to the higher time budgets. Additionally,
the low traffic density condition resulted in lower subjective comfort ratings. Keep in mind that a high
comfort rating refers to an uncomfortable manoeuvre, and vice versa. This was done for consistency
with the positive [0] tot negative [6] Likert scales belonging to the criticality, complexity and subjective
time budget ratings. For criticality, main effects were found for both time budget F(2, 44) = 110.1 p < .01
and traffic density F(1, 22) = 24.7 p < .01. Where lower time budgets as well as the higher traffic density
condition were rated more critically. Figure 3.7 shows the within subject means for all four subjective
measures, over all six scenarios. The errors bars indicate the standard errors.
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Figure 3.7: Overview of scenario-averaged results for the 7-point Likert scale subjective ratings on criticality [Sehr Unkri-
tisch - Sehr kritisch], comfort [Sehr komfortabel - Sehr unkomfortabel], complexity [Sehr unkompliziert - Sehr kompliziert],
and subjective time budget [Mehr als ausreichend - Viel zu Wenig]. The error bars indicate the standard error computed as

‘/numbei;ig?ewmons. Where X represents the respective subjective rating.
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3.4. Comfort Analysis

In order to determine which objective metrics are suitable to quantify a phenomenon as subjective and
susceptible to individual perception as comfort, theoretical and statistical approaches were combined.
The purely statistical approach consisted of a linear regression analysis for the dependent variable
subjective comfort rating. The theoretical part consisted of a literature analysis on comfort metrics,
combined with a somewhat unorthodox use of principal component analysis. Lastly, Pearson correla-
tions between all metrics of interest and the subjective comfort rating were studied.

3.4.1. Linear Regression Analysis

A linear regression analysis was performed to give insight into which of the objective metrics maximum
absolute lateral acceleration, maximum absolute longitudinal acceleration, std of lateral acceleration,
std of longitudinal acceleration, maximum lateral jerk, maximum longitudinal jerk, std of lateral jerk,
std of longitudinal jerk, and lateral quickness, were significant predictors for the dependent variable
subjective comfort rating. The data was combined at the level of trials in order to capture between-
scenario variability, resulting in a sample-size of n = 140 participants. A stepwise method was used for
the regression analysis. The Durbin-Watson statistic of the final model (4th) was 2.15. Two statistically
significant (p < 0.01) predictors were included in this model, being std of longitudinal jerk and lateral
quickness. This can be reviewed in figure 3.8, along with the step-wise model construction, coefficients,
t-values, and collinearity statistics.

Coefficients?

Standardized
Unstandardized Coefficients Coefficients Collinearity Statistics
Model B Std. Error Beta t Sig. Tolerance VIF
1 (Constant) 1,461 ,180 8,135 ,000
MaxJerk_lat , 110 ,017 ,493 6,654 ,000 1,000 1,000
2 (Constant) 872 ,215 4,047 ,000
MaxJerk_lat ,088 ,016 ,394 5,398 ,000 ,906 1,103
STDjerk_long 472 ,107 ,322 4,403 ,000 ,906 1,103
3 (Constant) -,099 ,482 -,205 ,838
MaxJerk_lat ,024 ,033 ,105 ,713 A77 ,215 4,640
STDjerk_long ,521 ,108 ,355 4,830 ,000 ,869 1,151
Quickness_|lat 2,725 1,216 ,320 2,241 ,027 ,231 4,334
4 (Constant) -,343 ,339 -1,010 , 314
STDjerk_long ,546 ,102 ,372 5,359 ,000 ,971 1,030
Quickness_lat 3,482 ,592 ,409 5,885 ,000 ,971 1,030

a. Dependent Variable: Comfort_likert

Figure 3.8: Linear regression model summary as outputted by SPSS; showing the stepwise model construction as well as the
coefficients, std errors, t-values, significance levels, and collinearity statistics on each model.

3.4.2. Principal Component Analysis

To obtain further information about the variance distribution within the data set, a principal component
analysis was performed on the same data selection as for the regression analysis. Although PCA is a
data-reduction method, it is used here as to examine which metrics account for similar variances within
the data. This gives added insight into which metrics should or should not be included in the comfort
quantification, which will be described in Chapter 4. The kaiser-Meyer-Olkin Measure of Sampling
yielded 0.762, and Bartlett’s test of Sphericity was significant (p < 0.01, approximated Chi-Square =
1412.3). Two components were constructed based on visual inspection of the spree plot as shown in
figure 3.9.
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Scree Plot

Eigenvalue

Component Number

Figure 3.9: Spree plot used for PCA component number determination. Construction of 2 components was selected in the
analysis.

The Oblimin with Kaiser Normalization rotation method was used to construct the components. The
two components account for a cumulative percentage of explained variance of 94.86%. The pattern
matrix is shown is table 3.2, where component factors that load less than 0.3 on the respective com-
ponent are not displayed.

Component
1 2
MaxAccLateral | 0.985
StdAccLat 0.981
StdJerkLat 0.977

MaxdJerklat 0.970
QuicknessLat | 0.922

MaxAccLong 0.989
MaxJerkLong 0.984
StdJerkLong 0.976
StdAccLong 0.969

Table 3.2: The Pattern matrix showing the component loadings for the two constructed components. Loadings less than 0.3 are
not displayed.

As logic would suggest, lateral dynamics-related metrics load strongly on one component (1), whereas
longitudinal dynamics-related metrics load strongly on another (2). This indicates that in order to cap-
ture most variety in variance, metrics from both components must be included into the comfort quantifi-
cation framework. However, due to the high intercorrelations between the second and third temporal
derivates of position, it is argued that only acceleration or jerk be used for comfort quantification. This
decision is made based on the Pearson correlations as shown in figure 3.10, and will be dealt with in
detail in section 4.2.
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Quickness_Ta
t

Criticality Tk
ert

Comfort_Tiker
t

TTC MaxAcc_lat | MaxAcc_long | STDacc_lat | STDacc_long | Maxjerk_lat | Maxjerk_long | STDjerk_lat | STDjerk_long
TTC Pearson Correlation 1 -,495 -,494" -,248 -,476 -,301 -,524 -,256 -,499 -,290 -,625 -,566
Sig. (2-tailed) ,000 ,000 ,002 ,000 ,000 ,000 ,002 ,000 ,000 ,000 ,000
N 148 140 148 148 148 148 148 148 148 148 148 148
Quickness_lat  Pearson Correlation | -,495 1 890" 104 823" 136 871 101 819" 1717 476 4737
Sig. (2-tailed) ,000 ,000 ,220 ,000 ,109 ,000 ,233 ,000 ,043 ,000 ,000
N 140 140 140 140 140 140 140 140 140 140 140 140
MaxAcc_lat Pearson Correlation | -,494 ,890" 1 12207 L9597 277 981" 2617 ,960 3217 488" ,488"
Sig. (2-tailed) ,000 ,000 ,007 ,000 ,001 ,000 ,001 ,000 ,000 ,000 ,000
N 148 140 148 148 148 148 148 148 148 148 148 148
MaxAcc_long Pearson Correlation | -,248 104 2207 1 166 9427 264" L9527 2017 9367 3677 436"
Sig. (2-tailed) ,002 ,220 ,007 ,044 ,000 ,001 ,000 ,014 ,000 ,000 ,000
N 148 140 148 148 148 148 148 148 148 148 148 148
STDacc_lat Pearson Correlation | -,476" ,8237 9597 166 1 2267 L9457 2177 9737 2767 465 1436
Sig. (2-tailed) ,000 ,000 ,000 044 ,006 ,000 ,008 ,000 ,001 ,000 ,000
N 148 140 148 148 148 148 148 148 148 148 148 148
STDacc_long Pearson Correlation | -,301" 136 277 9427 1226 1 3137 919" 244" 9327 13757 448"
Sig. (2-tailed) ,000 ,109 ,001 ,000 ,006 ,000 ,000 ,003 ,000 ,000 ,000
N 148 140 148 148 148 148 148 148 148 148 148 148
Maxerk_lat Pearson Correlation | -,524 871 981" 1264 ,945 313 1 12997 9717 ,359 519 511
Sig. (2-tailed) ,000 ,000 ,000 ,001 ,000 ,000 000 ,000 ,000 ,000 ,000
N 148 140 148 148 148 148 148 148 148 148 148 148
Maxjerk_long  Pearson Correlation | -,256 ,101 1261 9527 2177 919" 299" 1 240" 1965 376 454"
Sig. (2-tailed) ,002 ,233 ,001 ,000 ,008 ,000 ,000 ,003 ,000 ,000 ,000
N 148 140 148 148 148 148 148 148 148 148 148 148
STDjerk_lat Pearson Correlation | -,499 819" 960" 2017 973" 2447 9717 2407 1 296 1486 1460
Sig. (2-tailed) ,000 ,000 ,000 ,014 ,000 ,003 ,000 ,003 ,000 ,000 ,000
N 148 140 148 148 148 148 148 148 148 148 148 148
STDjerk_long  Pearson Correlation | —,290 171 3217 936" 276 9327 13597 ,965 1296 1 417" 487"
Sig. (2-tailed) ,000 ,043 ,000 ,000 ,001 ,000 ,000 ,000 ,000 ,000 ,000
N 148 140 148 148 148 148 148 148 148 148 148 148
Criticality_likert  Pearson Correlation | -,625 476" ,488" 367 1465 3757 5197 376" ,486" 4177 1 7727
Sig. (2-tailed) ,000 ,000 ,000 ,000 ,000 ,000 ,000 ,000 ,000 ,000 ,000
N 148 140 148 148 148 148 148 148 148 148 148 148
Comfort_likert  Pearson Correlation | -,566 4737 ,488" 4367 14367 448" 5117 454" 460" 487" 7727 1
Sig. (2-tailed) ,000 ,000 ,000 ,000 ,000 ,000 ,000 ,000 ,000 ,000 ,000
N 148 140 148 148 148 148 148 148 148 148 148 148

Figure 3.10: Overview of Pearson correlations (including significance levels) for

all objective dependent variables related to
acceleration or jerk, lateral quickness, MTTC, and the subjective comfort and criticality rating.
**_Correlation is significant at the 0.01 level (2-tailed).
*. Correlation is significant at the 0.01 level (2-tailed)




Results II: Quantification Framework

4.1. Safety Parameter

The safety parameter describes how well a human driver performed a take-over manoeuvre from a
purely safety-critical perspective. Currently, due to a lack of a situation-specific benchmark, absolute
values of traditional safety metrics are used. However, this generalizes quantification for all take-over
scenarios without taking the actual specifics of the scenario into consideration.

To properly describe the quality from a safety standpoint of an executed take-over manoeuvre,
distance to static obstacles is important, as shown by the significant effect of time budget on subjective
criticality. The MTTC also yielded significant differences for the condition time budget. Moreover,
interaction with other road users should be taken into account. A significant effect of traffic density
on subjective criticality was found. This indicates the presence of an overtaking vehicle - and thus the
interaction with said vehicle - effects perceived criticality. Furthermore, the crash-events as described in
chapter 3 relate to three types of incidents; a collision with a static obstacle, collision with another road
user, and a loss of control/leaving the road. All of these crashes, or nearness of such crashes, must
therefore be taken into account when quantifying safety. For the scenario-specific safety quantification
proposed in this paper, the following metrics were included:

1. Minimum time-to-collision [s]
2. Minimum distance to lane-boundary [m]
3. Minimum distance to overtaking vehicle [m]

4. Maximum forced braking overtaking vehicle [m/s?]

Metrics time-to-collision, minimum distance to lane boundary, and minimum distance to overtaking
vehicle lend themselves perfectly for quantification due to the nature of their scale. A value of 0 for
either of these metrics, is by the definition given in chapter 3 defined as a crash event. When taking the
respective metric value related to the optimized trajectory, a scale between 0 [optimum] - 1 [crash] can
be constructed using normalization. The metric Maximum forced braking overtaking vehicle is included
as it portrays the level of interaction with the overtaking vehicle. In case the driver cuts off the overtak-
ing vehicle, the amount of deceleration required by the overtaking vehicle to prevent a collision gives
important insight into the criticality of the situation. This differs from distance to overtaking vehicle, as
this deals with the ego-vehicle crashing into the overtaking vehicle from either the side or rear, which
will not induce braking action by the overtaking vehicle. Additionally, minimum distance to overtaking
vehicle can often be relatively small without the situation being highly critical. A cut-ff manoeuvre ex-
ecuted e.g. 5 meters in front of the overtaking vehicle already has the potential to be highly critical
due to the possible velocity differences between both vehicles, whereas the minimum distance to the
overtaking vehicle is often much smaller than 5 meters in uncritical scenarios. However, the maximum
deceleration of the overtaking vehicle does not range between 0 [optimum] and 1 [crash] as the other
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included safety metrics do. Therefore, a value of 10m/s? is taken as indicating an emergency braking
action [17]. The metric minimum distance to lane-boundary can be rewritten as 1 — LaneOvershoot,
however due to the direct link with a crash event (minimum distance to lane-boundary = 0), this metric
was deemed more suitable in safety quantification.

4.1.1. Minimum Time-to-Collision
The quantification score Yy for MTTC can be constructed by normalizing the human driver MTTC
with respect to the optimized MTTC as shown in equation 4.1.

0 MTTCdriveT = MTTCOptlleed

Vi -MTTC = MTTCqyi (4.1)
inear _ W% MTTCyriver < MTTCgptimized

However, this results in a straight-line quantification between the optimized minimum time-to-collision
and a static-object collision defined by MTTC4,iver = 0. According to [19], only encounters with a
MTTCyriver < 1.55 must be considered critical. Therefore, an approximated non-linearity is incorpo-
rated in the quantification based on a piece-wise function with MTT Cy,;er = 1.5s as threshold value
for the steeper line segment. This threshold is normalized with regard to the optimized trajectories’
MTTC as seen in equation 4.2. This is done as to place the cut-off point for the steep segment of the
piece-wise function at the appropriate location in relation to the optimized MTTC value. Placing the
y-coordinate for the cut-off point at half the value of the normalized x-coordinate allows for an approx-
imated non-linearity. The slope and constant for the steep line segment are determined based on the
x-and y cutoff points as shown in equations 4.4 and 4.5.

1.5

X, _ =1l—-— 4.2
cutof f—-mttc MTTCoptimized ( )
Ycutoff—mttc =0.5% Xcutoff—mttc (4-3)

1- Ycutoff—mttc
o = (4.4)

mete 1- Xcutoff—mttc
bmete =1 — Ameec (4.5)

The piecewise function can now be formulated as shown in equation 4.6.
Y. ] _ 0.5 * Yinear MTTCdriver > 1.5s (4 6)
plecewtse-MTTC Amtte * Ylinear + bmttc MTTCdriver <15s '

The piece-wise function, which is dependent on the optimized time-to-collision, is shown in figure
4.1 for all six scenarios. It is clearly visible that the cut-off points for the steeper line segments related
to MTTCyriver < 1.5s are shifted further to the right as MTTC,ptimizea — MTT Ceriticar increases. All
optimized and average participant minimum time-to-collisions can be reviewed in figure 3.4. Hence,
the time-to-collision piece-wise quantification function take into account if the driver’s minimum time-
to-collision is in the critical region, which leads to rapidly decreasing quality values for MTTC metric.
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Figure 4.1: Piecewise quantification functions for all six scenarios.

4.1.2. Minimum Distance to Lane-boundary

The minimum distances to lane-boundary (MDLB) over the entire study range between Om and 1.36m.
Where 0 indicates leaving the road and 1m can be interpreted as a 'zero-overshoot / zero-undershoot’
manoeuvre. A similar approach to quantify the MDLB-related quality is adopted as for time-to-collision.
As drivers have been shown to usually keep a MDLB of 0.4m, a critical threshold of 0.4m distance to
lane-boundary is used for the steeper section of the quantification curve [8]. Minimum-distance-to-lane
boundaries smaller than 0.4m will therefore reduce the manoeuvre quality more drastically compared
to values that are within the range 1 < MDLB < 0.4. Due to unexplained differences in the optimized
MDLB when examined over all six scenarios, the cut-off point will not be determined relative to each
scenario-specific optimized MDLB, as done with the time-to-collision metric. Instead, the scenario-
average optimized MDLB will be used. Once again, the driver’s minimum distance to-lane boundary
will be normalized with respect to the (averaged) optimized value as shown in equation 4.7.

0 MDLBgriyer 2 MDLBoptimized

Vinear-mpLe = MDLBgyiver (4.7)
———————— MDLBgiper < MDLByytimi
MDLByytimizea driver optimized

The piecewise quantification function is determined based on the averaged optimized MDLB as
shown in equations 4.14 through 4.11

0.4
X _ =1- (4.8)
cutoff-MPLE MDLBaveraged—optimized
Yeutorf—mpLe = 0.5 * Xcytorf—mpLB (4.9)
1 —Yeutoff-mpLB
AmpLB = 1 _Xcu . (4.10)

cutoff-MDLB

bypre =1—aupLp (4.11)
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The resulting piecewise quantification function with regards to the MDLB metric is shown in 4.12
below.

0.5« Yiinear-mpLB MDLBgyiyer = 0.4m

v b = { (4.12)
piecewise aupLe * Viinear—mpLg + buprs  MDLBgriper < 0.4m

These piece-wise line segments that quantify the driver’s MDLB are visualized in figure 4.2.
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Figure 4.2: The piece-wise quantification function for the MDLB metric, valid for all six scenarios

4.1.3. Minimum Distance to Overtaking Vehicle

As seen in figure 3.6, the minimum distance-to-overtaking-vehicle (MDOV) for the optimized trajectory
is close to 4m for all three medium-density scenarios. This is logically explained due to this being the
lane-width, and also the distance between both vehicle’s reference points when exactly next to each
other while in their own respective lane. Due to non-equal vehicle dimensions around the reference
point, the distances between the actual reference points were used in this analysis. Nonetheless, a
MDOV < 2m indicates a collision due to the smallest possible distance from the reference point to non-
occupied space of 1m for both vehicles (approximated due to varying simulated overtaking vehicles).
During highway driving, it is not uncommon for vehicles to get relatively close to each other. However,
this is mainly the case when no collision-intersect is present [6]. This means that low MDOV values
are generally seen during overtaking - when both vehicles are parallel to each other. As seen with
the optimized trajectory, the lowest ideal MDOV in a scenario that includes a completed overtaking
manoeuvre is 4 meters (for the used road layout). Values slightly smaller than 4m are to be expected
as minor centerline-deviations are very frequent in human driving [22] [10]. These small deviations
will affect MDOV-related quality less, when compared to MDOV values below a certain cut-off point.
Therefore, piecewise line segments are used to quantify the driver's MDOV. The cut-off point is set
to a MDOV of 0.5m. However, this value may need to be adjusted based on new research efforts.
Additional options are proposed in the discussion of this document in chapter 5. Firstly, the normalized
linear value is determined according to equation 4.13. The before mentioned 2 meter minimum-collision
threshold is subtracted from the MDOV values.
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0 MDOVdriyer = MDOVOptimized

n. —_MDOV = A4DC”Q i -2 (4-13)
inear _ MDOVopt:::ed — MDOVgriver < MDOVoptimizea

As the optimized trajectories’ MDOV are very similar for all medium-density scenarios (MD OV, ptimizeqa =
4m), a single piecewise function will be used for quality quantification with regards to the driver’'s MDOV.

0.5
Xeutoff—mpov = 1= (4.14)
cutoff=Mbov MDOVaveraged—optimized

Yeutoff-mpov = 0.5 Xcutof f-MDOV (4.15)

1- Ycutoff—MDOV
a = (4.16)

Mpov 1- Xcutoff—MDOV
bupov =1 — ampov (4.17)

The resulting piecewise quantification function with regards to the MDOV metric is shown in 4.18
below.

Y 0.5 * Yiinear—mpov MDOVgyiyer =2 0.5m

' N (4.18)
precewtse {aMDOV *Yiinear-mpov + bupov  MDOVgriyer < 0.5m

The line segments used for quantification are shown in figure 4.3.
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Figure 4.3: The piece-wise quantification function for the MDOV metric, valid for all six scenarios
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4.1.4. Maximum Forced Braking Overtaking Vehicle

Itis argued that any non-zero forced braking by the overtaking vehicle deteriorates quality strongly. The
amount of deceleration required to prevent an accident is a measure of the severity of the overtaking
vehicle cut-off. A maximum value of 10m/s? is used, as this can be seen as a full emergency braking
action. The value itself is based on the limits of friction forces between the tyre and road-surface [17].
As no overtaking vehicle deceleration occurred for any of the optimized trajectories, the baseline value
is simply zero. However, this must not be generalized to all possible cases. Therefore, the linear
normalization is defined as seen in equation 4.19.

0 ForcedBrakinggriver < ForcedBraking,ptimized

Y;; _ L=
linear-ForcedBraking {AForcedBraking/m ForcedBrakinggrier > ForcedBrakingoptimizea

(4.19)

Where AForcedBraking = ForcedBrakinggyiyer — ForcedBraking,ptimizea-

Due to notion that interaction with other road users involving forced braking manoeuvres should be
avoided - an exponential quantification scale is applied. This exponential scale is defined by equation
4.20.

ek*ylinear—ForcedBraking -1

Yexponential—ForcedBraking = ek —1 (4-20)

The variable k is a tuning parameter for the exponential quantification curve. Multiple curves ranging
between —5 < k < —1 are displayed in Figure 4.20. Higher values for k will result in a harsher
quantification for nonzero forced braking of the overtaking vehicle.
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Figure 4.4: Multiple different quantification curves for the forced braking metric, with varying tuning parameter k
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4.1.5. Safety Parameter Construction

The overall safety quantification value can now be constructed as a function of the parameter values
described in sections 4.1.1, 4.1.2, 4.1.3, and 4.1.4. As all values are normalized to the range of 0 to 1,
simple weighted addition can be used to generate an overall quantification value for safety. However,
if one of the parameters MTTC, MDLB, or MDOV is given a value of 1, this indicates a crash-event.
Therefore, a worst safety score of 1 is given for those cases. Mathematically this can be described as
shown in equation 4.21.

0 Yrre V Yupis V Yupovr = 1

Ysafety = YW1 Yrre + W2 * Yyprg + W3 * Yypoy + w4 * Ypp (4.21)
v S, Yrre & Yuprp & Yupov # 1
L

As all four parameters have already been determined on their own specifically tailored functions
(piece-wise or exponential), the weights (w1, w2, w3, and w4) will be set to 1. However, this can be
adjusted based on future validation efforts of the quantification framework. The safety parameter yields
a value between 0 and 1, which ranges from the optimized reference safety value (0), to a crash-event
(1). This scale is displayed in figure 4.5.

Safety Quantification Scale

| | | | |
0.1 0.2 0.3 04 05 06 07 08 0.9

Identical-to-
Optimized Crash-event

Figure 4.5: The final safety parameter score will be a value on the scale shown above, ranging from identical-to-optimized to a
crash-event.
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4.2. Comfort Parameter

Similarly to the safety parameter, a comfort parameter is constructed based on multiple metrics. These
metrics are based not only on literature, but also partly on the findings obtained during this study. It
was decided to include the jerk-related metrics (longitudinal and lateral maximum absolute jerk and
longitudinal and lateral standard deviation of jerk) instead of their acceleration-related counterparts.
This decision was based on the following findings as described in chapter 3.

1. Lateral acceleration-related metrics and lateral jerk-related metrics have a high intercorrelation
as seen in table 3.10. The same goes for their longitudinal counterparts. This result is backed
by the Principal Component Analysis, which placed all lateral metrics (max/STD cceleration and
max/STD jerk) and longitudinal metrics (max/STD acceleration and max/STD jerk) in the same
strongly-loaded components. Including both acceleration-related and jerk-related metrics would
add only limited information. More instinctively, this is no surprise as jerk is the temporal derivative
of acceleration so no ‘'new’ information is added.

2. Based on literature, jerk is seen as a valuable objective comfort metric. Arguably even more
so than acceleration, as rapid changes in acceleration are paired to higher discomfort than high
acceleration in itself [11][4].

3. The Pearson correlations between the subjective comfort rating and acceleration-related metrics
/ jerk-related metrics were compared. It was found that the jerk-related metrics correlate slightly
higher to the subjective comfort rating compared to their acceleration-related counterparts as
seen in table 3.10.

The way in which the jerk-related metrics are included in the comfort parameter is explained in
detail in section 4.2.2 and 4.2.3. Additionally, the lateral quickness metric is included in the comfort
parameter.

4.2.1. Lateral Quickness

The linear regression analysis of which the results were shown in chapter 3 indicated lateral quickness
to be a significant (p < 0.01) predictor for the dependent variable subjective comfort rating. This result
corresponds to those found in [2], where lateral quickness was used to differentiate between driving
styles. The exact definition of lateral quickness was clarified in section 2.3.1. As described in chapter
3, significant differences in lateral quickness were discovered for both time budget and traffic density.
The pairwise comparisons for time budget yielded an inverse relationship between lateral quickness
and time budget. This, along with the findings in literature and results from the regression analysis
described in section 3.4.1 make lateral quickness a valid addition to the comfort quantification param-
eter. However, the upper-bound of the comfort scale is not as easily defined by physical constraints
as for the safety parameter, which is limited either by a physical crash-event or by frictional forces dur-
ing emergency braking. Therefore, the difference A, 4teraiguickness Petween the optimized trajectory
and human driver trajectory will be normalized with respect to the average lateral quickness during
scenario 1. This scenario was considered most critical (TB = 5s, TD=medium), which showed in the
subjective comfort rating. The human drivers rated their take-over manoeuvres most uncomfortable
(subjectiveComfortAveraged = 4.36 on a scale of O to 6 [ very comfortable - very uncomfortable])
when compared to the other scenarios (F(2, 44) = 45.5 p < .01 for time budget, F(1,22) = 47.8, p <
.01 for traffic density, as can be seen in figure 3.7. Additionally, the highest average lateral quickness
(LateralQuicknessAveraged = 0.685 was recorded for this scenario, as seen in figure 3.5. Therefore,
the highest scenario-averaged lateral quickness value of 0.685 is rounded of to 0.7 and applied as the
value used in normalization. This results in equation 4.22 defining the quantification line.

0 LateralQuicknessgyiyer < LateralQuickness,ptimized

Ylinear—LQ = ALQ ) ) (422)
7 LateralQuicknessgyiyer > LateralQuickness,ptimized

Where A, = LateralQuickness yiyer — LateralQuickness,ptimimizea
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Additionally, from figure 3.5 it is visible that the lateral quickness for the optimized trajectory is
relatively constant over all scenarios (min = 0.21, max = 0.27). When looking at the raw data for
all participants, over 95% of values for lateral quickness fall within LateralQuickness,ptimizeq and
1. This means that for this range, a LateralQuickness  iyer = LateralQuicknessyptimizea Will result
in the highest possible comfort score, Yipeqr-o = 0. On the other extreme, a A, = 0.7 is only
possible with LateralQuickness,,iyer Values on the very upper side of the range, more specifically
LateralQuicknessgriyer > 0.92 for the lowest LateralQuickness,pytimizeqa(0.22). This means that this
quantification scale normalizes more than 95% of all values to within the range of 0 to 1. The few outliers
that obtain a Yjneqr-1o > 1 will be cut off to a value of 1, as this corresponds to worst possible lateral
quickness-related comfort on this scale. Contrary to the safety metrics, a simple linear quantification
line is used.

4.2.2. Maximum Jerk

Maximum absolute longitudinal and maximum absolute lateral jerk are both included in the comfort
quantification parameter, as they describe the largest momentary peaks in longitudinal and lateral jerk,
respectively. As jerk is often used as a comfort metric, these peaks can be viewed as peaks in dis-
comfort [2]. The statistical analysis performed in chapter 3 yield significant differences in both absolute
lateral and longitudinal maximum jerk for all three time budgets. More specifically, their relation is in-
verse, indicating higher jerk values are to be expected in more time-critical conditions. Additionally, a
significant effect of traffic density was also determined for maximum absolute longitudinal jerk. This
can be explained by the driver decelerating in order for overtaking vehicles to pass before executing
an emergency lane change. These statistical findings support the use of maximum jerk values in a
quantification framework. As normalization value the scenario-average for both absolute lateral and
longitudinal maximum jerk belonging to scenario 1 [TB = 5s, TD = medium] are used. This can be
seen as a suitable value is it results in relatively uncomfortable maximum jerk-related quantification
values for scenario 1, which is deemed most critical. This also corresponds with the subjective comfort
rating, which showed most drivers perceived their executed manoeuvre for this scenario as uncom-
fortable (average comfort subjective rating = 4.36, std error = 0.28). The maximum absolute lateral
jerk normalization value is therefore set to 15m/s3, whereas the maximum absolute longitudinal jerk
normalization value is set to 11m/s3. Besides this difference, the quantification lines describing lateral
and longitudinal maximum jerk are constructed in similar fashion as shown in 4.23 and 4.24. Both will
be kept linear.

0 MaxjerkLatgriper < MAxJerkLat,piimizea
Yiinear-maxjerkLat = AM%?RW MaxjerkLatyyiper > MaxjerkLat,peimizea (4.23)
1 AyaxjerkLat = 15
0 Max]erkLonggriver < MAxJerkLongoptimizea
Yiinear—maxjerkrong = W MaxjerkLonggriyer > MaxjerkLongoptimizea (4.24)
1 AmaxjerkLong 2 11

Where Aygxjerk = Maxjerkgriver — Maxjerkoptimimizea fOr both equations.

4.2.3. Standard Deviation of Jerk

As opposed to the maximum longitudinal and lateral jerk metrics, the standard deviation of jerk sheds
light on the spread of jerk over time, instead of a momentary peak. A higher standard deviation of jerk
indicates an overall ’jerky’ driving style, often perceived as uncomfortable. [2] Additionally, significant
differences in standard deviation of both lateral and longitudinal jerk were determined for the different
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time budgets. Traffic density only influenced the standard deviation of longitudinal jerk. Standard de-
viation of longitudinal jerk was also found to be a significant predictor (p < 0.01) for subjective comfort
rating. The quantification line can be constructed in similar fashion as for the maximum jerk metrics.
As the standard deviation of jerk depends on the time-window inspected, and the type of manoeuvre
carried out inside that time-window, it is difficult to obtain a suitable value which can be used for normal-
ization. Therefore, similar to the maximum jerk quantification,the scenario-average standard deviations
of lateral and longitudinal jerk from scenario 1 [TB = 5s, TD = medium] are used. Using these averages
will result in relatively uncomfortable standard deviation of jerk-related quantification values for scenario
1. However, as with the maximum jerk quantification, this corresponds well to the perceived subjective
comfort ratings for this highly critical scenario. The normalization value for standard deviation of lateral
jerk will therefore be set to 4m/s3. The normalization value for standard deviation of longitudinal jerk
will be set to 2.5m/s3. Both linear quantification lines are defined as shown in equation 4.25 and 4.26.

0 STDJerkLatgyiver < STDJerkLat,ptimized
Yiinear-srpjerkLat = W STDjerkLatgyiyer > STDJerkLatoytimized (4.25)
1 Astprerkrat = 15
0 STDJerkLongariver < STDJerkLongoptimizea
Yiinear—stpjerkLong = ASTD];# STDJerkLonggriver > STDJerkLong,ptimizea (4.26)
1 Agrpjerkrong = 11

Where Agrpjerk = STD]erkgriver — STD]erkptimimizea fOr both equations.

4.2.4. Comfort Parameter Construction

The overall comfort quantification score can now be constructed using the metric-specific quantification
values as computed in sections 4.2.1, 4.2.2, and 4.2.3. Similar to the construction of the safety param-
eter, a weighted sum is used. The overall comfort quantification score can be displayed mathematically
as shown in equation 4.27.

_ wl * YLQ + w2 « YMax]erkLat + w3 * YMax]erkLong + w4 « YSTD]erkLat + wb * YSTD]erkLong
YComfort: - Z W
i

(4.27)

According to [17], lateral dynamics influence comfort perception more than longitudinal dynamics
by an approximated factor 2. Therefore the weights for lateral quickness, maximum lateral jerk, and
standard deviation of lateral jerk are weighed a factor 2. Meaning w1,w2 and w4 are set to 1, whereas
w3 and w5 are set to 0.5. This does demand future validation and/or adjustment.
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Comfort Quantification Scale

0.1

Identical-to-
Optimized

0.2 0.3 0.4 0.5 0.6 0.7 0.8

0.9

Highly
Uncomfortable

Figure 4.6: The final comfort parameter score will be a value on the scale as shown, ranging from identical-to-optimized to highly

uncomfortable.

4.3. Applied Results

All take-over manoeuvres performed during the human-in-the-loop driving simulator study were quanti-
fied according to the framework as described in the previous sections. The raw results visualizing each
participants’ score for all included metrics can be reviewed in Appendix A.2. Table 4.1 below displays
the scenario-averaged scores for both the safety parameter and comfort parameter. All thresholds
were set to the values as described previously. For quantification of forced braking, the exponential
tuning parameter k was set to -3.

Scenario

Average Safety Score [-]

Average Comfort Score [-]

1 (TB =5s, TD = med) 0.40 (0.39) 0.67 (0.21)
2 (TB =5s, TD = low) 0.32 (0.43) 0.53 (0.19)
3 (TB=7s, TD = med) 0.16 (0.20) 0.45 (0.25)
4 (TB =7s, TD = low) 0.08 (0.10) 0.36 (0.19)
5 (TB = 20s, TD = med) 0.06 (0.08) 0.26 (0.10)
6 (TB =20s, TD = low) 0.01 (0.03) 0.22 (0.12)

Table 4.1: Scenario-averaged human driver take-over quality scores and their standard deviation (shown in parentheses) as
computed with the proposed method.






Discussion

This discussion will elaborate on strengths and flaws of the quantification framework as described in
chapter 4. But before doing so, the methods and results from both the human-in-the-loop simulator
study and CudaDP planner simulations will be discussed, as they were vital instruments in the de-
velopment of this framework. Therefore, they are inexplicably connected to the discussion about the
quantification framework itself.

One thing that became instantly clear during this research, was the difficulty involved in creating
a fair comparison between two completely separate simulations, something that strongly decreases
applicability of this method. Effectively, the sensor inputs (environment, static objects, and dynamic
objects) normally used as input for the CudaDP planner were replaced by the simulated environment
as described by the same files (see section 2.4.2 for details) used to run the human-in-the-loop driv-
ing simulator study. This created the problem that the CudaDP planner ’knew’ everything from {=0,
which would result in the scenario specific time-budgets not being respected. To counteract this, the
look-ahead time of the CudaDP planner was adjusted to fit each time-budget. However, this was not
as exact as hoped, which meant average human reaction times could not be included in the CudaDP
planner simulations. It could also be argued that this was not necesary to begin with, as the goal was
to find a near-optimum trajectory, and human cognitive limitations are inherently sub-optimum. It must
also be noted that it is not claimed the trajectories created by the CudaDP planner are in fact, optimum.
Rather, they are trajectories optimized for a specific set of variables as described in section 2.4.2. The
CudaDP planner is a non-deterministic system, meaning it might drive slightly differently on identical
settings, simply due to uncertainties and slight variations in the simulated environment. Due to this
phenomenon, it could also not exactly be explained why the MDLB varied as much over scenarios.

Nonetheless, the results it produces are generally extremely good when compared to human drivers.
This holds mostly for the time-critical scenarios with time budgets of 5 and 7 seconds combined with
the medium traffic density. Whereas many drivers were startled by the upcoming roadworks whilst not
being able to make a direct lane change, the CudaDP planner gently decelerates and lets the vehicle
pass before executing a smooth lane change. In doing so, it keeps lateral accelerations to an absolute
minimum, and safe collision-margins to static and dynamic obstacles. Table 4.1 shows that both safety
and comfort scores generally improve when criticality of the scenario decreases. This indicates that the
differences between a human driver take-over manoeuvre and that of the CudaDP planner are larger
for the critical scenarios, which can most likely be attributed to limitations in human reaction times and
cognitive overload [21][22]. In scenario 5 and 6, participants scored very good on safety (Meang =
0.06(0.08), meang = 0.01(0.03) ) as well as comfort (means = 0.26(0.10), meang = 0.22(0.12)). This
suggests obtaining a ’perfect’ safety score is much more achievable than a perfect comfort score. On
the other hand, the average subjective comfort scores for scenario 5 and 6, being 1.56 and 0.68 respec-
tively, indicate the human drivers perceived these manoeuvres as relatively comfortable. Therefore,
values between 0 and 0.2 for the comfort parameter may not be easily reached. This could be due to
limitations in the human as a feedback-controlled operator, but could also simply be a matter of satis-
ficing.
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A flaw in the comparison however, is in the vehicle dynamic models used. Where the CudaDP
planner is linked to a vehicle dynamic model of an ordinary Volkswagen Golf, the human drivers were
'in control’ of a high performance electric sportscar capable of much greater lateral and longitudinal
accelerations than a Golf. Additionally, they might not have fully noticed high accelerations due to the
inherent limitations of simulator fidelity [15]. This was made clear with one participant, who accelerated
to over 180km/h (in mere seconds), without even noticing it. Multiple participants have also stated
in the open remark of the post-drive questionnaire that high accelerations did not feel realistic. This
could potentially also have lead to perceived comfort being dependent more on visual cues than haptic
feedback, compared to real driving situations. On the topic of visual cues, it is worth noting that there
was a small blind-spot in the left mirror. This was not noticed until a participant pointed it out. Due to
consistency for all participants it was decided not to seek a solution.

The 20 second time budgets were included to look for satisficing effects in human driving, and
to compare these to an optimized trajectory. As expected, an optimized trajectory for a non-critical
takeover scenario is not clearly ’better’ in any way. In fact, most acceleration/jerk related metrics are
very similar to the more time-critical 5 and 7 seconds time budgets. This indicates that the CudaDP
planner tends to want to finish the manoeuvre more quickly, rather than decrease lateral accelerations
below a certain value. As the CudaDP planner does not seem to exhibit large differences in lateral
quickness and maximum lateral jerk, and all well within dynamic vehicle constraints, it could be as-
sumed that even more time-critical scenarios could quite easily be tackled successfully by such driving
algorithms. In non-critical situations, it appears to be much more difficult to give useful information
regarding quality. Even though the exact same metrics can be quantified, the values can hardly be
linked to what is 'good’ and what is not. In critical scenarios, the safety metrics are directly linked to
nearness to a crash, based on the critical thresholds. The comfort metrics vary significantly for each
time budget and have been shown to be correlated to the subjective comfort rating. For non-critical
scenarios however, it can hardly be said a MTTC of 17 seconds is safer than a 10 second MTTC. This
can most likely be purely bestowed upon personal preference. This touches upon the next important
point of this discussion; the quantification framework is less suitable to quantify take-over quality in
non-critical scenarios. Up to which criticality-threshold (e.g. time budget) useful results can be inter-
preted would need to be examined. For the 5 and 7 second time budgets however, the quantification
framework looks promising. It is the first method proposed that objectively quantifies take-over quality
in a situation-specific manner. As an example; A high safety score could be comprised of critical MTTC,
and low MDLB - but only in case the optimization algorithm yields a similar trajectory (which indicates
an extremely critical scenario). The differentiation must clearly be made that the quality of the human
driver take-over manoeuvre execution is quantified, not safety itself.

An improvement that could be made to the framework is to replace the minimum distance-to-
overtaking vehicle by a time-to-collision type metric. As explained, the smallest MDOV values tend
to occur when both vehicles are driving parallel (during overtaking), and small values do not neces-
sarily indicate criticality. However, this would require a time-to-collision based on lateral velocity of the
vehicle, rather than longitudinal velocity. Additionally, the collision intersect computation needs to be
altered for such an application of the TTC metric. Another point of interest are the values used for
normalization in the comfort parameter. These values are based on results from this particular driving
simulator, and can not be generalized to other datasets. It is expected that different driving simula-
tor, especially with different vehicle dynamics models, produce different acceleration and jerk-related
values. This effect may be strengthened by the less-than-realistic force-feedback provided by driving
simulators [15]. Therefore, it is advised to newly determine these normalization values in similar man-
ner, but based on the dataset at hand, when using the framework for quantification. This issue would be
of lesser importance when applied in conjunction with real vehicles instead of a simulator. Something
that is highly recommended for the comfort parameter.

Admittedly, the framework needs validation with different data. Also, it would be higly interesting to
compare quality quantification with other frameworks recently proposed, such as TOPS and TOC-rating
[17][12]. The quantification values generated by the proposed framework are heavily dependent on
the chosen quantification functions (linear, piecewise, or exponential) and accompanying thresholds.
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These were not only based on literature, but also an attempt to include realistic human behaviour.
Comparison to different take-over quality quantification frameworks could help improve and validate
the quantification functions used in this method.






Conclusion

Many conclusions could be drawn purely based on the results from the human-in-the-loop study. Al-
though the metrics themselves were not a focal point of this research, it is worth mentioning some of
the outcomes here. MTTC was confirmed to have a strong negative correlation to subjective criticality
(p<0.01), and a significant effect for the time budget condition was statistically shown. This corresponds
to most recent literature regarding this topic. Another confirmation of previous studies can be found
in the maximum absolute accelerations and maximum absolute jerks. For both lateral maximum ac-
celeration and lateral maximum jerk, significant differences were found for the condition time budget.
As lateral maximum acceleration and jerk can be related directly to vehicle stability through the tyre
forces, the time budget is confirmed to be one of the main contributors to scenario criticality. This is
strengthened by the medium and large correlation (p<0.01) to the subjective criticality rating for the be-
forementioned acceleration and jerk-metric, respectively. Their longitudinal counterparts also showed
a significant difference for the traffic density condition, which can be explained due to the required brak-
ing action, especially in the 5s and 7s time budget scenarios. Due to sphericity and normality violations,
no strong statistical conclusions can be drawn regarding the MDLB and Forced Braking metrics. How-
ever, their importance in driving safety can be related directly to crash events, as the largest number
of occurred crashes was due to leaving the lane boundary (N¢yqsh-mpLs = 8), and one crash occurred
due to a collision with the overtaking vehicle.

Regarding the comfort-related metrics, traditional views on acceleration and jerks were confirmed.
Both the maximum and standard deviations of lateral and longitudinal acceleration and jerk exhibit
medium to large correlations (p<0.01) to the subjective comfort rating. More surprisingly however, was
lateral quickness, as it was one of two significant predictors (p<0.01) for subjective comfort based on a
step-wise regression analysis. This indicates that it could be beneficial to research this metric in greater
detail in the future, as it is still relatively new to the automotive sector.

In general, it can be concluded that first steps have been taken regarding a novel approach that
utilizes an optimized quality baseline trajectory for take-over quality quantification purposes. Addition-
ally, it can be said that the quantification framework is situation-specific in the sense that it takes into
account the inherent criticality of a takeover scenario, as the criticality is represented in the optimized
reference trajectory created by the CudaDP planner. However, it must be noted that this method is
highly time-consuming due to the effort currently needed to prepare and run simulations using the Cu-
daDP planner that are identical to those performed in a driving simulator study. Although the method
itself is not limited to use in conjunction with the CudaDP planner alone. Use of other, more user-
friendly, trajectory planners could make this method easier to use and thus more widely applicable.

In the future, method validation using different data is recommended. Additionally, improvements
can be booked by implementing a time-to-collision metric with respect to other road users. Init’s current
form, the euclidean distance to an overtaking vehicle is used for the MDOV metric. This is difficult to
relate directly to situation criticality as there is not necessarily a collision intersect, and velocities with
which the two vehicles are ’closing in’ on each other are neglected. Also, the normalization values
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used in the comfort parameter may not be directly applicable for use with a different driving simulator.
Real time applications, however far-away, are highly interesting. Theoretically, the CudaDP planner
could run real-time. This implies the framework could also be used to quantify human driver takeover
performance in real time. This information could potentially be used to detect driver fatigue, among
other things. It is recommended to compare the take-over quantification scores of this method with the
Take-over Performance Score (TOPS), as the methods share many similarities.
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PORSCHE

INSTRUKTIONEN

Willkommen zu unserer Studie zum hochautomatisierten Fahren. Wir méchten uns herzlich bei lhnen bedanken,
dass Sie sich die Zeit genommen haben, uns zu unterstiitzen. Zu Beginn einige Informationen zum Ablauf und
der Vorgehensweise. Wir bitten Sie, die Instruktionen sorgfaltig durchzulesen. Bei Fragen wenden Sie sich jeder
Zeit an den Versuchsleiter.

Zu Beginn ist ein demographischer Fragebogen auszufiillen, welcher grundlegende Fragen zu lhnen enthélt.
Ferner ist eine Einverstandniserklarung angehangt - wir bitten Sie diese zu unterschreiben.

Eine 5-minitige Trainingsfahrt dient zur Gewdhnung an die Fahrdynamik des Fahrsimulators. Das Fahrzeug ist
mit einer hochautomatisierten Fahrfunktion ausgestattet. Das heift, das Fahrzeug kann selbststéndig bremsen,
beschleunigen und die Spur halten. Sobald die Automation verfiigbar ist, kénnen Sie diese iiber einen Knopf am
Lenkrad aktivieren. Bitte beachten Sie, dass die hochautomatisierte Funktion nur auf der rechten Fahrspur
verfligbar ist. Der aktuelle Status der Automation wird durch ein Icon im oberen Bereich des Kombiinstruments
dargestellt. Mégliche Ausprégungen und die entsprechenden Bedeutungen der Icons sind wie folgt:

rany
A & yoN

Nicht verfiigbar Verfiigbar Aktiv Ubernahmeaufforderung

Nach der Trainingsfahrt kénnen noch offene Fragen geklart werden. Sind alle Fragen ausgerdumt, folgt die
Versuchsfahrt, welche auf einer 2-spurigen Autobahn sein wird. Zu Beginn ist der Autopilot noch nicht verfligbar.
Bitte beschleunigen Sie auf eine Geschwindigkeit von 130 km/h und fahren Sie auf der rechten Fahrspur. Sobald
der Autopilot verfiigbar ist, bitten wir Sie, die Automation zu aktivieren. Nach der Aktivierung bewegt sich das
Fahrzeug im automatisierten Modus mit einer Geschwindigkeit von 130 km/h. Wihrend der
hochautomatisierten Fahrt kénnen Sie sich voll und ganz der Nebenaufgabe widmen. Als Nebenaufgabe steht
eine Folge der US-Sitcom , Brooklyn-nine-nine auf dem Center Display zur Verfiigung

Seien Sie sich jedoch bewusst, dass Sie stets der verantwortliche Fahrer bleiben.
Die Automation kann nicht jede Situation meistern. Sobald sie an eine
Systemgrenze stofen, werden Sie visuell und auditiv aufgefordert die
Fahrzeugfiihrung zu ibernehmen. Bitte beachten Sie, dass es Ihre oberste Prioritét
sein sollte, das Fahrzeug sicher und gemaf3 den Regeln der
Straflenverkehrsordnung zu steuern.

Im Falle einer Ubernahmeauffcrderung, bitten wir Sie, die Automation wieder zu aktivieren sobald dies risikofrei
mdglich ist. Sollte eine derartige Situation auftreten, wiirden wir Sie bitten, nach der Reaktivierung der
Automation, 4 Fragen auf dem Tablet rechts neben lhnen zu beantworten. Nachdem Sie die Fragen beantwortet
haben, kénnen Sie sich wieder voll und ganz der Serie widmen. Im Anschluss an die ca. 30-minitige
Versuchsfahrt, bitten wir Sie noch 3 weitere Fragen zu beantworten.

Vielen Dank

Figure A.1: The instruction form participants were handed out in preparation for the simulator study.
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Ubernahme Fragebogen

Wie sicherheitskritisch empfanden Sie diese
Ubernahmesituation?

0 1 2 3 4 5 6

Sehrunkritisch O O O O O O (O  Sehrkritisch

Wie kompliziert empfanden Sie diese Ubernahmesituation?
0 1 2 3 4 5 6

Sehrunkompliziet O O O O O O (O Sehrkompliziert

Wie komfortabel empfanden Sie lhre Ausfiihrung des
Ubernahmemanévers?

0o 1 2 3 4 5 6

Sehrkomfortabel () O O O O O (O Sehrunkomfortabel

Wie empfanden Sie die zur Verfligung gestellte Zeit zur
Ubernahme?

Mehralsausreichend O O O O O O (O Vielzuwenig

Figure A.2: The subjective rating questionnaire as filled out on the tablet, by the participants of the human-in-the-loop driving

simulator study after each take-over scenario.
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Figure A.3: The road layout including dimensions and traffic conditions for take-over scenario 2 [TB = 5s, TD = low].
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Figure A.4: The road layout including dimensions and traffic conditions for take-over scenario 3 [TB = 7s, TD = med.].
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Figure A.5: The road layout including dimensions and traffic conditions for take-over scenario 4 [TB = 7s, TD = low].
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Figure A.6: The road layout including dimensions and traffic conditions for take-over scenario 5 [TB = 20s, TD = med.].
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Figure A.7: The road layout including dimensions and traffic conditions for take-over scenario 6 [TB = 20s, TD = low].
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A.2. Quantification Results
The following figures show the participant quantification scores for each metric included in the frame-
work, both for the safety parameter as well as the comfort parameter. The scenario-averaged param-

eter scores can be seen in table 4.1.
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Figure A.8: Scenario 1: Safety metrics quantification for all participants (n=25)
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Figure A.9: Scenario
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Figure A.10: Scenario 2: Safety metrics quantification for all participants (n=25)
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Figure A.11: Scenario 2: Comfort metrics quantification for all participants (n=25)
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Figure A.12: Scenario 3: Safety metrics quantification for all participants (n=25)
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Figure A.13: Scenario 3: Comfort metrics quantification for all participants (n=25)
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Figure A.14: Scenario 4: Safety metrics quantification for all participants (n=25)
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Figure A.15: Scenario 4: Comfort metrics quantification for all participants (n=25)
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Figure A.16: Scenario 5: Safety metrics quantification for all participants (n=25)



A.2. Quantification Results 53

Quantification Lat. Quickness - Quantification Max Lat. Jerk
Y.lingar-LQ g ‘v-lingar-MasJ erkLat
L *  Participant a *  Participant
@ w
S05 505
t =
= o
g =
*
m
[# = 0
] 0.5 1 0 0.5 1
[Deltal_o.l"‘ltl) [De”aMaxJerkLat"l 15)
o Quantification Max Long. Jerk - Quantification STD Lat. Jerk
- T
g Y-linear-MaxJerkLong g ‘r-linear-STDJerkLat /
] #  Participant A #  Participant
g
e -
Lps5 E 0.5
= o
m
g B
8 0 =
m
= 0 0.5 1 " 0.5 1
[De“ar\-'laxJerkLong 111) [DeltaSTDJkamM}
T Quantification STD Long. Jerk
@
5 -linear-STDJerkLong
5] *  Participant
=
Los
=)
=
5
£ o
w0 0.5 1
(Delta gy o ong 1 2-5)
Figure A.17: Scenario 5: Comfort metrics quantification for all participants (n=25)
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Figure A.18: Scenario 6: Safety metrics quantification for all participants (n=25)
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A.3. Matlab Script

SIS SIS SIS/ S/ S S S S S S S S S S S S S S S SIS/ SIS IS SISISISISISISISISISISISI SIS SISIS/S/S/S/S/S/SVo

% Erik Loosveld %%
%k Porsche AG %%
%o %%

%k Trajectory optimization — Pre processing & analysis %%
SRS/ SISV SISV S VSIS IS SIS SV SIS IS SIS SV S/ SIS SISV SV S/ SIS SIS/ S/ SISISIS IS/ S/ SISISISIS/S/So

%/ Clear all
clc

clear all
%close all

%% Choose Desired measures and plots
% Settings
scenario = 1;
cuda_id = 7;
participant_id

1;

% Measures and plots
measures = 0;
cuda_trajectories = 0;
euclidean_plot = 0;
threeD_plot = 0;
TwoD_plot = 0;
all_participants = 0;
TTC_plot = 0;

velocity gradient = 1;
animation_participant = 0;
animation_cuda = 0;
time_derivatives =0;
quantification = 0;
quickness =0 ;
output_cuda =0;
output = 0;

%% Load Cuda Data
switch scenario

case 1
disp(’'Loading Scenario 1...")
[num, txt, raw] = xlsread( Ego Vehicle Scenariol’);
[num2, txt2, raw2] = xlIsread( Overtaker Vehicle Scenariol’);
[num3, txt3 , raw3] xlsread (’Follower_Vehicle_Scenario1’);
lane_offset = 8.45;
%Takeover Warning
takeover1y = [1038.4 1038.4];
takeoverix = [-2 2];
%obstacle
obstacley = [1222 1222 1583 1583];
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s Obstaclex = [-2, 2, 2 -2];

56

s participant_id_vector = [2 6 7 8 9 10 11 12 13 14 15 17 18 20 21 22 23 24
25 26 27 28 29 30 31];

ss str_id = cell(1,numel(participant_id_vector));

59

oo D = num; %Ego data

s O = num2; %0Overtaking vehicle data

22 F = num3;

e ids_total = numel(find(D(:,1)==1)); % amount of different simulations
%

e ids = 1:ids_total; % IDS vector

65

e Clear num txt raw num2 txt2 raw2 num3 txt3 raw3

67

e start_y = 938.4;

e end_y = 1550;

70

7 case 2

2 disp(’Loading Scenario 2..."7)

7 [num, txt, raw] = xlsread(’'Ego_ Vehicle Scenario2’);

=« lane_offset = 2008.45;

s %Takeover Warning

7 takeover1ly = [1038.4 1038.4];

n takeoverix = [-2 2];

s %obstacle

9 Obstacley

o Obstaclex

81

2 participant_id_vector = [2 6 7 8 9 10 11 12 13 14 15 18 20 21 22 23 24 25
26 27 28 30 31];

s %IN17 deleted due to lack of data

s« %IN29 deleted due to lack of data

s str_id = cell(1,numel(participant_id_vector));

86

7 D = num;

e ids_total = numel(find (D(:,1)==1)); % amount of different simulations

%

o ids = 1:ids_total; % IDS vector

90

9 clear num txt raw

92

s start_y = 938.4;

@« end_y = 1550;

95

96 case 3

o7 disp(’'Loading Scenario 3..."7)

¢ [num, txt, raw] = xlsread(’'Ego_ Vehicle Scenario3’);

9 [num2, txt2, raw2] = xlsread(’ Overtaker Vehicle Scenario3’);

w0 [num3, txt3, raw3] = xIsread(’ Follower_Vehicle Scenario3’);

11 lane_offset = 4008.45;

102 %Takeover Warning

1w0s takeoverly = [966.2 966.2];

104 takeoverix [-2 27;

105 Y%0bstacle

10s Obstacley = [1222 1222 1583 1583];

[1222 1222 1583 1583];
[-2, 2, 2 -2];
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obstaclex = [-2, 2, 2 -2];

participant_id_vector = [2 6 7 8 9 10 11 12 13 14 15 17 18 20 21 22 23 24
25 26 27 28 29 30 31];
str_id = cell(1,numel(participant_id_vector));

D = num; %Ego data

O = num2; %0Overtaking vehicle data

F = num3;

ids_total = numel(find (D(:,1)==1)); % amount of different simulations
%

ids = 1:ids_total; % IDS vector

clear num txt raw num2 txt2 raw2 num3 txt3 raw3

start_y = 866.2;
end_y = 1550;

case 4
disp(’Loading Scenario 4...")
[num, txt, raw] = xlsread( Ego Vehicle Scenariod’);
lane_offset = 6008.45;
%Takeover Warning
takeover1ly = [966.2 966.2];
takeoverix = [-2 2];
%obstacle
obstacley
obstaclex

[1222 1222 1583 1583];
[-2, 2, 2 -2];

participant_id_vector = [2 6 7 8 9 10 11 12 13 14 15 17 18 20 21 22 23 24
25 26 27 28 29 30 31];
str_id = cell(1,numel(participant_id_vector));

D = num;

ids_total = numel(find(D(:,1)==1)); % amount of different simulations
%

ids = 1:ids_total; % IDS vector

clear num txt raw

start_y = 866.2;
end_y = 1550;

case 5
disp(’Loading Scenario 5..."7)
[num, txt, raw] = xlIsread( Ego_Vehicle_Scenario5’);
[num2, txt2, raw2] = xlIsread( Overtaker Vehicle Scenario5’);
[num3, txt3, raw3] = xIsread( ' Follower_Vehicle_Scenario5’);
lane_offset = 8008.45;
%Takeover Warning
takeover1ly [622 622];
takeover1x [-2 2];
%obstacle
obstacley
obstaclex

[1347 1347 1583 1583];
[-2, 2, 2 =2];
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participant_id_vector = [2 6 7 8 9 10 11 12 13 14 15 17 18 20 21 22 23 24
25 26 27 28 29 30 31];
str_id = cell(1,numel(participant_id_vector));

num; %Ego data

numa2; %0vertaking vehicle data

numa3;

ds_total = numel(find (D(:,1)==1)); % amount of different simulations
%

ids = 1:ids_total; % IDS vector

(olw)
nonou

— M

clear num txt raw num2 txt2 raw2 num3 txt3 raw3

start_y = 522;
end_y = 1550;

case 6
disp(’Loading Scenario 6..."7)
[num, txt, raw] = xlIsread( Ego_Vehicle_Scenario6’);
lane_offset = 10008.45;
%Takeover Warning
takeoverly = [622 622];
takeoverix = [-2 2];
%obstacle
obstacley
obstaclex

[1347 1347 1583 1583];
[-2, 2, 2 -2];

participant_id_vector = [2 6 7 8 9 10 11 12 13 14 15 17 18 20 21 22 23 24
25 26 27 28 29 30 31];

str_id = cell(1,numel(participant_id_vector));

D = num;

ids_total = numel(find(D(:,1)==1)); % amount of different simulations
%

ids = 1:ids_total; % IDS vector

clear num txt raw

start_y = 522;
end_y = 1550;

otherwise
disp(’Non—existent scenario input’)
end

%% Cuda Butterworth initialization

Fs cuda = 25;

o0_cuda = 3;

wn_cuda = [0.01 .4]*2/Fs_cuda;

[b_cuda,a cuda] = butter(o_cuda,wn_cuda, 'bandpass’);

%% Creating Data struct for data storage
%Starting points for each simulation
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starting_points = find(D(:,1)==
end_point = length(D(:,1));
starting_points = [starting_points’ end_point];

switch scenario
case {1,3,5}

0);

%Assigning specific simulation vehicle data to struct

for k = 1:(ids_total)

Data(k).cuda.raw = D(starting_points(k):starting_points (k+1)—-2,:);
Data(k).cuda.raw_idstart =

1,1);
Data(k).cuda.raw_idend
1,1);

find (abs(Data(k).cuda.raw(:

,5) — start_y) <

= find (abs(Data(k).cuda.raw(:,5) — end_y) <

Data(k).cuda.overtakerraw = O(starting_points(k):starting_points (k+1)

—-2,1);

Data(k).cuda.followerraw = F(starting_points(k):starting_points (k+1)

—-2,1);

Data (k) .cuda.ego.posx

= Data(k).cuda.raw(Data(k).cuda.

(k).cuda.raw_idend ,4)—lane_offset;
= — Data(k).cuda.ego.posx;

Data (k) .cuda.ego.posx
Data (k) .cuda.ego.posy

(k).cuda.raw_idend,

Data(k).cuda.ego.velx

(k).cuda.raw_idend,

Data(k).cuda.ego.velx
Data(k).cuda.ego.vely

(k).cuda.raw_idend,

Data(k).cuda.ego.accx

(k).cuda.raw_idend,

Data(k).cuda.ego.accx
Data(k).cuda.ego.accx
Data(k).cuda.ego.accy

(k).cuda.raw_idend,

Data(k).cuda.ego.accy
Data(k).cuda.ego.time

(k).cuda.raw_idend,

Data(k).cuda.overtaker

)
13);

e N

Data (k) .cuda.raw(Data(k).cuda
Data (k) .cuda.raw(Data(k).cuda.

— Data(k).cuda.ego.velx;

= Data(k).cuda.raw(Data(k).cuda

14);

= Data(k).cuda.raw(Data(k).cuda.

22);

3);

[ NG A A |

2);

. posx

raw_idstart:Data(k).cuda

Data(k).cuda.overtaker
Data(k).cuda.overtaker

. posx
.posy

raw_idstart:Data(k).cuda

Data(k).cuda.overtaker

.velx

raw_idstart:Data(k).cuda

Data(k).cuda.overtaker
Data(k).cuda.overtaker

.velx
.vely

raw_idstart:Data(k).cuda

Data(k).cuda.overtaker

.adCcCX

raw_idstart:Data(k).cuda

Data(k).cuda.overtaker
Data(k).cuda.overtaker

.accx
.accy

raw_idstart:Data(k).cuda

— Data(k).cuda.ego.accx;
filter (b_cuda, a_cuda,Data(k).
Data (k) .cuda.raw(Data(k).cuda.

raw_idstart:Data

.raw_idstart:Data

raw_idstart:Data

.raw_idstart:Data

raw_idstart:Data

cuda.ego.accx);
raw_idstart:Data

filter (b_cuda,a_cuda,Data(k).cuda.ego.accy);
Data(k).cuda.raw(Data(k).cuda.raw_idstart:Data

= Data(k).cuda.overtakerraw (Data(k).cuda.

.raw_idend ,4)—lane_offset;

= — Data(k).cuda.overtaker.posx;
= Data(k).cuda.overtakerraw (Data(k).cuda.

.raw_idend ,5);

= Data(k).cuda.overtakerraw (Data(k).cuda.

.raw_idend,13);

= — Data(k).cuda.overtaker.velx;
= Data(k).cuda.overtakerraw (Data(k).cuda.

.raw_idend,14);

= Data(k).cuda.overtakerraw (Data(k).cuda.

.raw_idend,22);

= — Data(k).cuda.overtaker.accx;
= Data(k).cuda.overtakerraw (Data(k).cuda.

.raw_idend,23);
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250 Data(k).cuda.overtaker.time = Data(k).cuda.overtakerraw (Data(k).cuda.
raw_idstart:Data(k).cuda.raw_idend,2);

251

250 Data(k).cuda. follower.posx = Data(k).cuda.followerraw (Data(k).cuda.
raw_idstart:Data(k).cuda.raw_idend ,4)—lane_offset;

253 Data(k).cuda.follower.posx = — Data(k).cuda.follower.posx;

254 Data(k).cuda. follower.posy = Data(k).cuda.followerraw (Data(k).cuda.
raw_idstart:Data(k).cuda.raw_idend,5);

255 Data(k).cuda. follower.velx = Data(k).cuda.followerraw (Data(k).cuda.
raw_idstart:Data(k).cuda.raw_idend,13);

256 Data(k).cuda.follower.velx = — Data(k).cuda.follower.velx;

257 Data(k).cuda. follower.vely = Data(k).cuda.followerraw (Data(k).cuda.
raw_idstart:Data(k).cuda.raw_idend,14);

258 Data(k).cuda.follower.accx = Data(k).cuda.followerraw (Data(k).cuda.
raw_idstart:Data(k).cuda.raw_idend,22);

259 Data(k).cuda.follower.accx = — Data(k).cuda.follower.accx;

260 Data(k).cuda. follower.accy = Data(k).cuda.followerraw (Data(k).cuda.
raw_idstart:Data(k).cuda.raw_idend ,23);

261 Data(k).cuda.follower.time = Data(k).cuda.followerraw (Data(k).cuda.
raw_idstart:Data(k).cuda.raw_idend,2);

22 end

263

264

265 case {2,4,6}

26 for k = 1:(ids_total)

267

268 Data(k).cuda.raw = D(starting_points(k):starting_points (k+1)—-2,:);

269 Data(k).cuda.raw_idstart = find (abs(Data(k).cuda.raw(:,5) — start_y) <
1.1);

270 Data(k).cuda.raw_idend = find (abs(Data(k).cuda.raw(:,5) — end_y) <
1,1);

271

272 Data(k).cuda.ego.posx = Data(k).cuda.raw(Data(k).cuda.raw_idstart:Data
(k).cuda.raw_idend,4)—lane_offset;

73 Data(k).cuda.ego.posx = — Data(k).cuda.ego.posx;

274 Data(k).cuda.ego.posy = Data(k).cuda.raw(Data(k).cuda.raw_idstart:Data
(k).cuda.raw_idend,5);

275 Data(k).cuda.ego.velx = Data(k).cuda.raw(Data(k).cuda.raw_idstart:Data
(k).cuda.raw_idend,13);

276 Data(k).cuda.ego.velx = — Data(k).cuda.ego.velx;

277 Data(k).cuda.ego.vely = Data(k).cuda.raw(Data(k).cuda.raw_idstart:Data
(k).cuda.raw_idend,14);

278 Data(k).cuda.ego.accx = Data(k).cuda.raw(Data(k).cuda.raw_idstart:Data
(k).cuda.raw_idend,22);

279 Data(k).cuda.ego.accx = — Data(k).cuda.ego.accx;

280 Data(k).cuda.ego.accx = filter (b_cuda,a_cuda,Data(k).cuda.ego.accx);

281 Data(k).cuda.ego.accy = Data(k).cuda.raw(Data(k).cuda.raw_idstart:Data
(k).cuda.raw_idend,23);

282 Data(k).cuda.ego.accy = filter (b_cuda,a_cuda,Data(k).cuda.ego.accy);

283 Data(k).cuda.ego.time = Data(k).cuda.raw(Data(k).cuda.raw_idstart:Data
(k).cuda.raw_idend,2);

284

285 end

266 end

287
28 % Cuda Standard deviation/mean/max of acceleration
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Data(cuda_id) .cuda.ego.STDaccy
Data(cuda_id) .cuda.ego.STDaccx

std (Data(cuda_id).cuda.ego.accy);
std (Data(cuda_id).cuda.ego.accx);
Data(cuda_id).cuda.ego.mean_accy = mean(Data(cuda_id).cuda.ego.accy);
Data(cuda_id).cuda.ego.mean_accx = mean(Data(cuda_id).cuda.ego.accx);

[~,Data(cuda_id).cuda.ego.max_accy_id] = max(abs(Data(cuda_id).cuda.ego

-accy));

Data(cuda_id).cuda.ego.max_accy = Data(cuda_id).cuda.ego.accy(Data(

cuda_id).cuda.ego.max_accy_id);

[~,Data(cuda_id).cuda.ego.max_accx_id] = max(abs(Data(cuda_id).cuda.ego

.accx));

Data(cuda_id).cuda.ego.max_accx = Data(cuda_id).cuda.ego.accx(Data(

cuda_id).cuda.ego.max_accx_id);

%% Cuda butterworth frequency analysis

%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%

%
%
%
%
%

%% Load Simulator Data for specific scenario over all participants

DeltaT _cuda = 0.04;

Fs _cuda = 25;

length_signal = length(Data(cuda_id).cuda.ego.accy);
NEFT = 2%nextpow2(length_signal);

accy_ fft = abs(fft(Data(cuda_id).cuda.ego.accy, NEFT));
freq = Fs/2xlinspace (0,1 ,NEFT/2+1);

figure (1)

subplot(2,2,1)

plot(Data(cuda_id).cuda.ego.posy,Data(cuda_id).cuda.ego.accy)

subplot(2,2,2);
plot(freq,accy_fft(1:length(freq)))

o_cuda = 3;
wn_cuda = [0.01 .4]%*2/Fs_cuda;
[b_cuda,a cuda] = butter(o_cuda,wn_cuda, 'bandpass’) ;

accy_filtered = filter (b_cuda,a_cuda,Data(cuda_id).cuda.ego.accy);

figure (2)

subplot(2,2,1)

plot(Data(cuda_id).cuda.ego.posy, accy_ filtered)
subplot(2,2,2)

plot (Data(cuda_id).cuda.ego.posy,Data(cuda_id).cuda.ego.accy)

for z =2:length (Data(cuda_id).cuda.ego.accx)

cuda_jerky(z) = (accy_filtered(z) — accy_filtered(z—1))/(DeltaT_cuda

);
end
subplot(2,2,3)

plot (Data(cuda_id).cuda.ego.posy,Data(cuda_id).cuda.ego.accy)

subplot(2,2,4)
plot(Data(cuda_id).cuda.ego.posy, cuda_jerky)

switch scenario
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case{1}
for i = participant_id_vector
filename = sprintf( ' Scenariol _TN(%d).xlsx ' ,i); %Change excel
names here!
[num txt raw] = xlIsread(filename);
%starting_point_participant = find (num(:,15) == 7, 1 );
starting_point_participant = find (abs(num(:,4) — start_y) < 1,1);
end_point_participant = find(abs(num(:,4) — end_y) < 1,1);
num(:,44) = 1:length(num); %add frames
%Determine end points of spreadsheets
%end_point_participant = find (num(starting_point_participant:end,15) ~=
7,1) + (starting_point_participant —-2);
TF = isempty(end_point_participant);
if TF ==
end_point_participant = max(find (num(starting_point_participant:end
,15))) + (starting_point_participant—1 );
else
%Do nothing
end

%load egovehicle data

time = datestr(num(starting_point_participant:end_point_participant ,1), MV
:SS.FFF’);

Data(i).participant.ego.time = time;

Data(i).participant.ego.posx = num(starting_point_participant:
end_point_participant ,3)—lane_offset;

Data(i).participant.ego.posx = — Data(i).participant.ego.posx;

Data(i).participant.ego.posy num(starting_point_participant:
end_point_participant ,4);

Data(i).participant.ego.velx = num(starting_point_participant:
end _point_participant ,6);
Data(i).participant.ego.velx
Data(i).participant.ego.vely
end_point_participant ,7);

— Data(i).participant.ego.velx;
num(starting_point_participant:

Data(i).participant.ego.SWangle = num(starting_point_participant:
end_point_participant ,12);
Data(i).participant.ego.BPpos = num(starting_point_participant:

end_point_participant ,11);

%Aceleration was logged incorrectly —> Algebraic calculation follows

% Data(i).participant.ego.accx = num(starting_point_participant:
end_point_participant ,8);

% Data(i).participant.ego.accx — Data(i).participant.ego.accx;

% Data(i).participant.ego.accy = num(starting_point_participant:
end_point_participant ,9);

%Load Other vehicles

CV_id1 = nonzeros(unique(num(starting_point_participant:
end_point_participant ,20)));

CV_id2 = nonzeros(unique(num(starting_point_participant:
end_point_participant ,28)));

CV_id3 = nonzeros(unique(num(starting_point_participant:
end_point_participant ,36)));

CV_ids = unique ([CV_id1’ CV_id2’ CV_id3]’);
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for j = 1:length (CV_ids)

CV1 = num(num(:,20)==CV_ids(j) ,[20:27 44]);

CV2 = num(num(:,28)==CV_ids(j),[28:35 44]);

CV3 = num(num(:,36)==CV_ids(j) ,[36:43 44]);

CV = [CV1; CV2 ;CV3];

CV = sortrows (CV,9);

Data(i).participant.CV(j).posx = CV(:,[2 9]);

Data(i).participant.CV(j).posx(:,1) = — Data(i).participant.CV(j).posx
(:,1)+lane_offset;

Data(i).participant.CV(j).posy = CV(:,[3 9]);

Data(i).participant.CV(j).vely = CV(:,[5 9]);

Data(i).participant.CV(j).distance = CV(:,[8 9]);

Data(i).participant.CV(j).accy = CV(:,[7 9]);

Data(i).participant.CV(j).starting _point_cv = find(Data(i).participant.CV(

j).posy(:,2) == starting_point_participant);

Data(i).participant.CV(j).end_point_cv = find(Data(i).participant.CV(j).

posy(:,2) == end_point_participant);

if ~isempty(Data(i).participant.CV(j).starting_point_cv) && ~

isempty(Data(i).participant.CV(j).end_point_cv)

disp(’Additional vehicle Data correctly imported’)

Data(i).participant.CV(j).posy = Data(i).participant.CV(j).posy(

Data(i).participant.CV(j).starting_point_cv:Data(i).
participant.CV(j).end_point_cv,1);

Data(i).participant.CV(j).posx = Data(i).participant.CV(j).posx(

Data(i).participant.CV(j).starting_point_cv:Data(i).
participant.CV(j).end_point_cv,1);

Data(i).participant.CV(j).vely = Data(i).participant.CV(j).vely(

Data(i).participant.CV(j).starting_point_cv:Data(i).
participant.CV(j).end_point_cv,1);

Data(i).participant.CV(j).distance = Data(i).participant.CV(j).

distance (Data(i).participant.CV(j).starting_point_cv:Data(i).

participant.CV(j).end _point_cv,1);

Data(i).participant.CV(j).accy = Data(i).participant.CV(j).accy(

Data(i).participant.CV(j).starting_point_cv:Data(i).
participant.CV(j).end_point_cv,1);

elseif ~isempty(Data(i).participant.CV(j).starting_point_cv) &&

isempty(Data(i).participant.CV(j).end_point_cv)

max_id = max(Data(i).participant.CV(j).posy(:,2));

Data(i).participant.CV(j).end_point_cv = find(Data(i).participant

.CV(j).posy(:,2) == max_id);

str_id{i} = [’End points were corrected for participant ID
num2str(i)];
disp(str_id{i})
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Data(i).participant.CV(j).posy = Data(i).participant.CV(j).posy(
Data(i).participant.CV(j).starting_point_cv:Data(i).
participant.CV(j).end_point_cv,1);

Data(i).participant.CV(j).posx = Data(i).participant.CV(j).posx(
Data(i).participant.CV(j).starting_point_cv:Data(i).
participant.CV(j).end_point_cv,1);

Data(i).participant.CV(j).vely = Data(i).participant.CV(j).vely(
Data(i).participant.CV(j).starting_point_cv:Data(i).
participant.CV(j).end _point_cv,1);

Data(i).participant.CV(j).distance = Data(i).participant.CV(j).
distance (Data(i).participant.CV(j).starting_point_cv:Data(i).
participant.CV(j).end_point_cv,1);

Data(i).participant.CV(j).accy = Data(i).participant.CV(j).accy(
Data(i).participant.CV(j).starting_point_cv:Data(i).
participant.CV(j).end_point_cv,1);

else

str_id{i} = ['No starting point detected for participant ID ’,
num2str(i)];

disp(str_id{i})

Data(i).participant.CV(j).posx =

Data(i).participant.CV(j).posy =

Data(i).participant.CV(j).vely =

Data(i).participant.CV(j).distance =[];
(

Data(i).participant.CV(j).accy = [];
end

end
if size(Data(i).participant.CV) == [1 1]
Data(i).participant.overtaker.posx = Data(i).participant.CV.posx;
Data(i).participant.overtaker.posy = Data(i).participant.CV.posy;
Data(i).participant.overtaker.vely = Data(i).participant.CV.vely;
Data(i).participant.overtaker.distance = Data(i).participant.CV.

distance;
Data(i).participant.overtaker.accy = Data(i).participant.CV.accy;
else
Data(i).participant.overtaker.posx = Data(i).participant.CV(2).posx;
Data(i).participant.overtaker.posy = Data(i).participant.CV(2).posy;
Data(i).participant.overtaker.vely = Data(i).participant.CV(2).vely;
Data(i).participant.overtaker.distance = Data(i).participant.CV(2).
distance;

Data(i).participant.overtaker.accy = Data(i).participant.CV(2).accy;
end

end

case{2}

for i = participant_id_vector
filename = sprintf(’Scenario2 TN(%d).xlsx "’ ,i); %Change excel

names here!
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w1 [num txt raw] = xlsread(filename);

462

463

« starting_point_participant = find (abs(num(:,4) — start_y) < 1,1);
ws end_point_participant = find(abs(num(:,4) — end_y) < 1,1);

466

467

ws TF = isempty(end_point_participant);

we if TF ==

470 end_point_participant = max(find (num(starting_point_participant:end
,15))) + (starting_point_participant —1);

a1 else

472 %Do nothing

43 end

474

a5 time = datestr(num(starting_point_participant:end_point_participant,1), 'MV
:SS.FFF’);

a6 Data(i).participant.ego.time = time;

a7 Data(i).participant.ego.posx = num(starting_point_participant:
end_point_participant ,3)—lane_offset;

as Data(i).participant.ego.posx = — Data(i).participant.ego.posx;

a9 Data(i).participant.ego.posy num(starting_point_participant:
end_point_participant ,4);

480

s Data(i).participant.ego.velx
end _point_participant ,6);

42 Data(i).participant.ego.velx

s Data(i).participant.ego.vely
end_point_participant ,7);

num(starting_point_participant:

— Data(i).participant.ego.velx;
num(starting_point_participant:

484

45 Data(i).participant.ego.SWangle = num(starting_point_participant:
end_point_participant ,12);
46 Data(i).participant.ego.BPpos = num(starting_point_participant:

end_point_participant ,11);
47 % Acceleration was logged incorrectly —> Algebraic calculation follows
48 % Data(i).participant.ego.accx = num(starting_point_participant:

end point_participant ,8);
w % Data(i).participant.ego.accx
w0 % Data(i).participant.ego.accy

end_point_participant ,9);

— Data(i).participant.ego.accx;
num(starting_point_participant:

491

492

493 end

494

495

w9 case{3}

a97 for i participant_id_vector

498 filename sprintf(’Scenario3 TN(%d).xlsx " ,i); %Change
excel names here!

499 [num txt raw] = xlsread(filename);

500

so0 starting_point_participant = find (abs(num(:,4) — start_y) < 1,1);

s2 end_point_participant = find(abs(num(:,4) — end_y) < 1,1);

s num(:,44) = 1:length(num); %add frames

ss TF = isempty(end_point_participant);

ss if TF ==
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end_point_participant = max(find (num(starting_point_participant:end
,15))) + (starting_point_participant —1);

else
9Do nothing
end
time = datestr(num(starting_point_participant:end_point_participant ,1), MV

:SS.FFF’);
Data(i).participant.ego.time = time;
Data(i).participant.ego.posx = num(starting_point_participant:
end_point_participant ,3)—lane_offset;
Data(i).participant.ego.posx = — Data(i).participant.ego.posx;
Data(i).participant.ego.posy num(starting_point_participant:
end_point_participant ,4);

Data(i).participant.ego.velx
end_point_participant ,6);
Data(i).participant.ego.velx
Data(i).participant.ego.vely
end_point_participant ,7);

num(starting_point_participant:

— Data(i).participant.ego.velx;
num(starting_point_participant:

Data(i).participant.ego.SWangle = num(starting_point_participant:
end_point_participant ,12);
Data(i).participant.ego.BPpos = num(starting_point_participant:

end_point_participant ,11);
%Acceleration was logged incorrectly —> Algebraic calculation follows
% Data(i).participant.ego.accx = num(starting_point_participant:
end_point_participant ,8);
% Data(i).participant.ego.accx
% Data(i).participant.ego.accy
end_point_participant ,9);

— Data(i).participant.ego.accx;
num(starting _point_participant:

%Load Other vehicles

CV_id1 = nonzeros(unique(num(starting_point_participant:
end_point_participant ,20)));

CV_id2 = nonzeros(unique(num(starting_point_participant:
end_point_participant ,28)));

CV_id3 = nonzeros(unique(num(starting_point_participant:
end_point_participant ,36)));

CV_ids = unique ([CV_id1’ CV_id2’ CV_id3']’);

for j = 1:length(CV_ids)

CV1 = num(num(:,20)==CV_ids(j) ,[20:27 44]);
CV2 = num(num(:,28)==CV_ids(j) ,[28:35 44]);
CV3 = num(num(:,36)==CV_ids(j) ,[36:43 44]);

Cv = [CV1; CV2 ;CV3];
CV = sortrows (CV,9);

Data(i).participant.CV(j).posx = CV(:,[2 9]);

Data(i).participant.CV(j).posx(:,1) = — Data(i).participant.CV(j).posx
(:,1)+lane_offset;

Data(i).participant.CV(j).posy = CV(:,[3 9]);

Data(i).participant.CV(j).vely = CV(:,[5 9]);

Data(i).participant.CV(j).accy = CV(:,[7 9]);

Data(i).participant.CV(j).distance = CV(:,[8 9]);
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Data(i).participant.CV(j).starting_point_cv = find(Data(i).participant.CV(
j).posy(:,2) == starting_point_participant);

Data(i).participant.CV(j).end_point_cv = find(Data(i).participant.CV(j).
posy(:,2) == end_point_participant);

if ~isempty(Data(i).participant.CV(j).starting_point_cv) && ~
isempty (Data(i).participant.CV(j).end_point_cv)
disp(’Additional vehicle Data correctly imported’)
Data(i).participant.CV(j).posy = Data(i).participant.CV(j).posy(
Data(i).participant.CV(j).starting_point_cv:Data(i).
participant.CV(j).end_point_cv,1);
Data(i).participant.CV(j).posx = Data(i).participant.CV(j).posx(
Data(i).participant.CV(j).starting_point_cv:Data(i).
participant.CV(j).end_point_cv,1);
Data(i).participant.CV(j).accy = Data(i).participant.CV(j).accy(
Data(i).participant.CV(j).starting_point_cv:Data(i).
participant.CV(j).end_point_cv,1);
Data(i).participant.CV(j).vely = Data(i).participant.CV(j).vely(
Data(i).participant.CV(j).starting_point_cv:Data(i).
participant.CV(j).end _point_cv,1);
Data(i).participant.CV(j).distance = Data(i).participant.CV(j)
.distance (Data(i).participant.CV(j).starting_point_cv:Data(
i).participant.CV(j).end_point_cv,1);

elseif ~isempty(Data(i).participant.CV(j).starting_point_cv) &&
isempty(Data(i).participant.CV(j).end_point_cv)

max_id = max(Data(i).participant.CV(j).posy(:,2));
Data(i).participant.CV(j).end_point_cv = find(Data(i).participant
.CV(j).posy(:,2) == max_id);

str_id{i} = ['End points were corrected for participant ID ’,
num2str(i)l;
disp(str_id{i})

Data(i).participant.CV(j).posy = Data(i).participant.CV(j).posy(
Data(i).participant.CV(j).starting_point_cv:Data(i).
participant.CV(j).end_point_cv,1);

Data(i).participant.CV(j).posx = Data(i).participant.CV(j).posx(
Data(i).participant.CV(j).starting_point_cv:Data(i).
participant.CV(j).end _point_cv,1);

Data(i).participant.CV(j).vely = Data(i).participant.CV(j).vely(
Data(i).participant.CV(j).starting_point_cv:Data(i).
participant.CV(j).end_point_cv,1);

Data(i).participant.CV(j).distance = Data(i).participant.CV(j).
distance (Data(i).participant.CV(j).starting_point_cv:Data(i).
participant.CV(j).end_point_cv,1);

Data(i).participant.CV(j).accy = Data(i).participant.CV(j).accy(

Data(i).participant.CV(j).starting_point_cv:Data(i).participant
.CV(j).end_point_cv,1);

else

str_id{i} = ['No starting point detected for participant ID 7,

num2str(i)];

disp(str_id{i})

Data(i).participant.CV(j).posx = [];
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Data(i).participant.CV(j).posy = [];
Data(i).participant.CV(j).vely =[];
Data(i).participant.CV(j).distance =[];
) -

Data(i).participant.CV(j).accy = [];
end
end
if size(Data(i).participant.CV) == [1 1]

Data(i).participant.overtaker.posx

Data(i).participant.overtaker.posy Data(i).participant.CV.posy;

Data(i).participant.overtaker.vely Data(i).participant.CV.vely;

Data(i).participant.overtaker.distance = Data(i).participant.CV.
distance;

Data(i).participant.overtaker.accy = Data(i).participant.CV.accy;

Data(i).participant.CV.posx;

L | | ]

else

Data(i).participant.overtaker.posx = Data(i).participant.CV(2).posx;

Data(i).participant.overtaker.posy = Data(i).participant.CV(2).posy;

Data(i).participant.overtaker.vely Data(i).participant.CV(2).vely;

Data(i).participant.overtaker.distance = Data(i).participant.CV(2).
distance;

Data(i).participant.overtaker.accy = Data(i).participant.CV(2).accy;

end
end
case{4}
for i = participant_id_vector
filename = sprintf(’'Scenariod TN(%d).xlsx’,i); %Change

excel names here!
[num txt raw] = xlsread(filename);

starting_point_participant = find (abs(num(:,4) — start_y) < 1,1);
end_point_participant = find(abs(num(:,4) — end_y) < 1,1);

TF = isempty(end_point_participant);
if TF ==
end_point_participant = max(find (num(starting_point_participant:end
,15))) + (starting_point_participant —1);
else
%Do nothing
end

time = datestr(num(starting_point_participant:end_point_participant,1), MV

:SS.FFF’);
Data(i).participant.ego.time = time;
Data(i).participant.ego.posx = num(starting_point_participant:
end_point_participant ,3)—lane_offset;
Data(i).participant.ego.posx = — Data(i).participant.ego.posx;
Data(i).participant.ego.posy = num(starting_point_participant:
end_point_participant ,4);
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Data(i).participant.ego.velx = num(starting_point_participant:
end_point_participant ,6);

Data(i).participant.ego.velx = — Data(i).participant.ego.velx;

Data(i).participant.ego.vely = num(starting_point_participant:
end _point_participant ,7);

Data(i).participant.ego.SWangle = num(starting_point_participant:
end_point_participant ,12);
Data(i).participant.ego.BPpos = num(starting_point_participant:

end_point_participant ,11);

%Lateral acceleration was logged incorrectly —> Algebraic calculation
follows

% Data(i).participant.ego.accx = num(starting_point_participant:
end_point_participant ,8);

% Data(i).participant.ego.accx = — Data(i).participant.ego.accx;

% Data(i).participant.ego.accy num(starting_point_participant:
end point_participant ,9);

end
case{5}
for i = participant_id_vector
filename = sprintf( ' Scenario5_TN(%d).xlsx’,i); %Change

excel names here!
[num txt raw] = xIsread(filename);

starting_point_participant = find (abs(num(:,4) — start_y) < 1,1);
end_point_participant = find(abs(num(:,4) — end_y) < 1,1);
num(:,44) = 1:length(num); %add frames

TF = isempty(end_point_participant);
if TF ==
end_point_participant = max(find (num(starting_point_participant:end
,15))) + (starting_point_participant —1);

else
9Do nothing
end
time = datestr(num(starting_point_participant:end_point_participant ,1), MV

:SS.FFF’);
Data(i).participant.ego.time time;
Data(i).participant.ego.posx = num(starting_point_participant:
end_point_participant ,3)—lane_offset;
Data(i).participant.ego.posx = — Data(i).participant.ego.posx;
Data(i).participant.ego.posy = num(starting_point_participant:
end_point_participant ,4);

Data(i).participant.ego.velx
end _point_participant ,6);

Data(i).participant.ego.velx

Data(i).participant.ego.vely
end_point_participant ,7);

Data(i).participant.ego.SWangle = num(starting_point_participant:
end_point_participant ,12);

Data(i).participant.ego.BPpos = num(starting_point_participant:
end_point_participant ,11);

% Acceleration was logged incorrectly —> Algebraic calculation follows

num(starting_point_participant:

— Data(i).participant.ego.velx;
num(starting_point_participant:
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% Data(i).participant.ego.accx = num(starting_point_participant:
end_point_participant ,8);

% Data(i).participant.ego.accx

% Data(i).participant.ego.accy
end point_participant ,9);

— Data(i).participant.ego.accx;
num(starting_point_participant:

%Load Other vehicles

CV_id1 = nonzeros(unique(num(starting_point_participant:
end_point_participant ,20)));

CV_id2 = nonzeros(unique(num(starting_point_participant:
end_point_participant ,28)));

CV_id3 = nonzeros(unique(num(starting_point_participant:
end_point_participant ,36)));

CV_ids = unique ([CV_id1’ CV_id2’ CV_id3']"’);

) . posx

for j = 1:length (CV_ids)

CV1 = num(num(:,20)==CV_ids(j) ,[20:27 44]);

CV2 = num(num(:,28)==CV_ids(j) ,[28:35 44]);

CV3 = num(num(:,36)==CV_ids(j),[36:43 44]);

CVv = [CV1; CV2 ;CV3];

CV = sortrows (CV,9);

Data(i).participant.CV(j).posx = CV(:,[2 9]);

Data(i).participant.CV(j).posx(:,1) = — Data(i).participant.CV(]j
(:,1)+lane_offset;

Data(i).participant.CV(j).posy = CV(:,[3 9]);

Data(i).participant.CV(j).vely = CV(:,[5 9]);

Data(i).participant.CV(j).accy = CV(:,[7 9]);

Data(i).participant.CV(j).distance = CV(:,[8 9]);

Data(i).participant.CV(j).starting _point_cv = find(Data(i).participant.CV(

j).posy(:,2) == starting_point_participant);
Data(i).participant.CV(j).end_point_cv = find(Data(i).participan
posy(:,2) == end_point_participant);

if ~isempty(Data(i).participant.CV(j).starting_point_cv)
isempty(Data(i).participant.CV(j).end_point_cv)
disp(’Additional vehicle Data correctly imported’)

t.CoV(j).

&& ~

Data(i).participant.CV(j).posy = Data(i).participant.CV(j).posy(

Data(i).participant.CV(j).starting_point_cv:Data(i).
participant.CV(j).end _point_cv,1);

Data(i).participant.CV(j).posx = Data(i).participant.CV(j).posx(

Data(i).participant.CV(j).starting_point_cv:Data(i).
participant.CV(j).end_point_cv,1);

Data(i).participant.CV(j).vely = Data(i).participant.CV(j).vely(

Data(i).participant.CV(j).starting_point_cv:Data(i).
participant.CV(j).end_point_cv,1);

Data(i).participant.CV(j).accy = Data(i).participant.CV(j).accy(

Data(i).participant.CV(j).starting_point_cv:Data(i).
participant.CV(j).end_point_cv,1);

Data(i).participant.CV(j).distance Data(i).participan

t.CV(j).

distance (Data(i).participant.CV(j).starting_point_cv:Data(i).
);

participant.CV(j).end_point_cv,1

elseif ~isempty(Data(i).participant.CV(j).starting_point_cv) &&

isempty (Data(i).participant.CV(j).end_point_cv)
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end

if size(Data(i).participant.CV) ==
Data(i).participant.overtaker.posx
Data(i).participant.overtaker.posy
Data(i).participant.overtaker.vely

max_id = max(Data(i).participant.CV(j).posy(:,2));

Data(i).participant.CV(j).end_point_cv = find(Data(i).participant
.CV(j).posy(:,2) == max_id);

str_id{i} = ['End points were corrected for participant ID ’,
num2str(i)1];

disp(str_id{i})

Data(i).participant.CV(j).posy = Data(i).participant.CV(j).posy(
Data(i).participant.CV(j).starting_point_cv:Data(i).
participant.CV(j).end_point_cv,1);

Data(i).participant.CV(j).posx = Data(i).participant.CV(j).posx(
Data(i).participant.CV(j).starting_point_cv:Data(i).
participant.CV(j).end_point_cv,1);

Data(i).participant.CV(j).vely = Data(i).participant.CV(j).vely(
Data(i).participant.CV(j).starting_point_cv:Data(i).
participant.CV(j).end_point_cv,1);

Data(i).participant.CV(j).distance = Data(i).participant.CV(j).
distance (Data(i).participant.CV(j).starting_point_cv:Data(i).
participant.CV(j).end _point_cv,1);

Data(i).participant.CV(j).accy = Data(i).participant.CV(j).accy(

Data(i).participant.CV(j).starting_point_cv:Data(i).participant
.CV(j).end_point_cv,1);

else

str_id{i} = ['No starting point detected for participant ID 7,

num2str(i)];

disp(str_id{i})

Data(i).participant.CV(j).posx = [];
Data(i).participant.CV(j).posy = [];
Data(i).participant.CV(j).vely =[];

Data(i).participant.CV(j).distance =[];
Data(i).participant.CV(j).accy = [];
end

1 1]

Data(i).participant.CV.posx;
Data(i).participant.CV.posy;
Data(i).participant.CV.vely;

nmn nr—

Data(i).participant.overtaker.distance = Data(i).participant.CV.
distance;

Data(i).participant.overtaker.accy

else

Data(i).participant.overtaker.posx = ( (2).
Data(i).participant.overtaker.posy = Data(i).participant.CV(2).posy;
Data(i).participant.overtaker.vely = ( (2).

Data(i).participant.CV.accy;

Data(i).participant.CV poOSX;

Data

i).participant.CV vely;

Data(i).participant.overtaker.distance = Data(i).participant.CV(2).
distance;
Data(i).participant.overtaker.accy = Data(i).participant.CV(2).accy;

end

end

case {6}
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for i participant_id_vector
filename sprintf(’Scenario6_TN(%d) . xlsx " ,i); %Change
excel names here!
[num txt raw] = xIsread(filename);

starting_point_participant = find (abs(num(:,4) — start_y) < 1,1);
end_point_participant = find(abs(num(:,4) — end_y) < 1,1);

TF = isempty(end_point_participant);

if TF ==
end_point_participant = max(find (num(starting_point_participant:end

,15))) + (starting_point_participant —1);

else
9Do nothing

end

time = datestr(num(starting_point_participant:end_point_participant ,1), MV
:SS.FFF’);

Data(i).participant.ego.time = time;

Data(i).participant.ego.posx = num(starting_point_participant:
end_point_participant ,3)—lane_offset;

Data(i).participant.ego.posx = — Data(i).participant.ego.posx;

Data(i).participant.ego.posy num(starting_point_participant:
end_point_participant ,4);

Data(i).participant.ego.velx = num(starting_point_participant:
end_point_participant ,6);

Data(i).participant.ego.velx = — Data(i).participant.ego.velx;

Data(i).participant.ego.vely = num(starting_point_participant:
end_point_participant ,7);

Data(i).participant.ego.SWangle = num(starting_point_participant:
end_point_participant ,12);
Data(i).participant.ego.BPpos = num(starting_point_participant:

end_point_participant ,11);
%Acceleration was logged incorrectly —> Algebraic calculation follows
% Data(i).participant.ego.accx = num(starting_point_participant:

end point_participant ,8);
% Data(i).participant.ego.accx
% Data(i).participant.ego.accy

end_point_participant ,9);

— Data(i).participant.ego.accx;
num(starting_point_participant:

end
end
%k Butterworth Filter initialization
Fs = 100;
o = 3;

wn = [0.01 .7]*2/Fs;
[b,a] = butter(o,wn, 'bandpass’);

%% Calculate Ego—Acceleration analytically
DeltaT_participant = 0.01;
for i = participant_id_vector

ii = find(Data(i).participant.ego.posy(:,1 ) — takeoverly(1) > 0,1);
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end

for z =2:length (Data(i).participant.ego.velx)

Data(i).participant.ego.accx(z) = (Data(i).participant.ego.velx(z) —
Data(i).participant.ego.velx(z—1))/(DeltaT_participant);

Data(i).participant.ego.accy(z) = (Data(i).participant.ego.vely(z) —
Data(i).participant.ego.vely(z—1))/(DeltaT_participant);

end

Data(i).participant.ego.accx
accx);

Data(i).participant.ego.accy
accy);

filter (b,a,Data(i).participant.ego.

filter (b,a,Data(i).participant.ego.

Data(i).participant.ego.STDaccx = std(Data(i).participant.ego.accx( i
rend));

Data(i).participant.ego.STDaccy
;end));

Data(i).participant.ego.mean_accx
(ii:end));

Data(i).participant.ego.mean_accy
(ii:end));

std(Data(i).participant.ego.accy(i

mean(Data(i). participant.ego.accx

mean(Data(i).participant.ego.accy

[~,Data(i).participant.ego.max_accx_id] = max(abs(Data(i).participant
.€go.accx));

Data(i).participant.ego.max_accx = Data(i).participant.ego.accx(Data(
i).participant.ego.max_accx_id);

[~,Data(i).participant.ego.max_accy_id] = max(abs(Data(i).participant
.ego.accy));

Data(i).participant.ego.max_accy = Data(i).participant.ego.accy(Data(
i).participant.ego.max_accy_id);

clear z ii

%% Filter Design (use for troubleshooting purposes)

%
%
%
%
%
%
%
%

%
%
%
%
%
%
%

Fs = 100;

length_signal = length(Data(participant_id). participant.ego.accy);

NEFT = 2%nextpow2(length_signal);

accy_fft = abs(fft(Data(participant_id).participant.ego.accy, NEFT))

freq = Fs/2*linspace (0,1 ,NEFT/2+1);

figure (1)

subplot(2,2,1)

plot(Data(participant_id).participant.ego.posy,Data(participant_id).
participant.ego.accy)

subplot(2,2,2);

plot(freq,accy_fft(1:length(freq)))

o = 3,

wn = [0.01 .7]*2/Fs;

[b,a] = butter(o,wn,’ bandpass’);
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% accy_filtered = filter(b,a,Data(participant_id).participant.ego.accy);

% figure (2)

% subplot(2,2,1)

% plot(Data(participant_id).participant.ego.posy, accy_filtered)

% subplot(2,2,2)

% plot(Data(participant_id).participant.ego.posy,Data(participant_id).
participant.ego.accy)

%% Calculate Jerk analytically
%Participants

DeltaT_participant = 0.01;
DeltaT _cuda = 0.04;

for i = participant_id_vector
ii = find(Data(i).participant.ego.posy(:,1 ) — takeoverly(1) > 0,1);
for z =2:length(Data(i).participant.ego.accx)

Data(i).participant.ego.jerk_lat(z) = (Data(i).participant.ego.accx(z)
— Data(i).participant.ego.accx(z—1))/(DeltaT_participant);

Data(i).participant.ego.jerk long(z) = (Data(i).participant.ego.accy(z
) — Data(i).participant.ego.accy(z—1))/(DeltaT_participant);

end

Data(i).participant.ego.STDjerk_lat = std(Data(i).participant.ego.
jerk_lat(ii:end));

Data(i).participant.ego.STDjerk_long
jerk_long(ii:end));

Data(i).participant.ego. meanjerk_lat
jerk_lat(ii:end));

Data(i).participant.ego. meanjerk_long = mean(Data(i).participant.ego.
jerk_long(ii:end));

std (Data(i).participant.ego.

mean(Data(i).participant.ego.

[~,Data(i).participant.ego.max_jerk_long_id] = max(abs(Data(i).
participant.ego.jerk_long));

Data(i).participant.ego.max_jerk_long = Data(i).participant.ego.
jerk_long(Data(i).participant.ego.max_jerk _long_id);

[~,Data(i).participant.ego. max_jerk lat _id] = max(abs(Data(i).
participant.ego.jerk_lat));

Data(i).participant.ego. max_jerk_lat = Data(i).participant.ego.
jerk_lat(Data(i).participant.ego. max_jerk_lat_id);

end
clear z ii

for z =2:length (Data(cuda_id).cuda.ego.accx)

Data(cuda_id).cuda.ego.jerk_lat(z) = (Data(cuda_id).cuda.ego.accx(z) —
Data(cuda_id).cuda.ego.accx(z—1))/(DeltaT_cuda);

Data(cuda_id).cuda.ego.jerk_long(z) = (Data(cuda_id).cuda.ego.accy(z)
— Data(cuda_id).cuda.ego.accy(z—1))/(DeltaT_cuda);

end

Data(cuda_id).cuda.ego.STDjerk long = std(Data(cuda_id).cuda.ego.
jerk_long);

Data(cuda_id).cuda.ego.STDjerk_lat = std(Data(cuda_id).cuda.ego.
jerk_lat);
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Data(cuda_id).cuda.ego. mean_jerk_lat = mean(Data(cuda_id).cuda.ego.

jerk_lat);
Data(cuda_id).cuda.ego.mean_jerk_long = mean(Data(cuda_id).cuda.ego.
jerk_long);

[~,Data(cuda_id).cuda.ego. max_jerk _long id] = max(abs(Data(cuda_id).
cuda.ego.jerk_long));

Data(cuda_id).cuda.ego.max_jerk _long = Data(cuda_id).cuda.ego.jerk_long
(Data(cuda_id).cuda.ego.max_jerk_long_id);

[~,Data(cuda_id).cuda.ego. max_jerk lat _id] = max(abs(Data(cuda_id).cuda
.ego.jerk_lat));

Data(cuda_id).cuda.ego. max_jerk lat = Data(cuda_id).cuda.ego.jerk_lat(
Data(cuda_id).cuda.ego. max_jerk_lat_id);

clear z

%% Define Roadlanes

%road

roady1 = [0 3000];
roadx1 = [-2 -2];
roady2 = [0 3000];
roadx2 = [6 6];
centerliney = [0 3000];
centerlinex = [2 2];

%% Calculate Quickness metric

cuda_velocity_threshold = 35.8;
cuda_pushback = 0;

% Cuda
Data(cuda_id).cuda.ego.measures. quickness = max(Data(cuda_id).cuda.ego.
velx) / max(Data(cuda_id).cuda.ego.posx);
Data(cuda_id).cuda.ego.measures.Long_quickness_start = find (Data(cuda_id).
cuda.ego.vely(:,1 ) — cuda_velocity_threshold < 0,1);
Data(cuda_id).cuda.ego.measures.Long _quickness_start = Data(cuda_id).cuda.
ego.measures.Long_quickness_start — cuda_pushback;
Data(cuda_id).cuda.ego.measures.Long_quickness_end = find (Data(cuda_id).
cuda.ego.vely == min(Data(cuda_id).cuda.ego.vely));
Data(cuda_id).cuda.ego.measures.Long_quickness_DeltaV = Data(cuda_id).cuda
.ego.vely(Data(cuda_id).cuda.ego.measures.Long_quickness_start) — Data(
cuda_id).cuda.ego.vely(Data(cuda_id).cuda.ego.measures.
Long_quickness_end);
Data(cuda_id).cuda.ego.measures.Long_quickness_MeanAcc = mean(Data(cuda_id
) .cuda.ego.accy(Data(cuda_id).cuda.ego.measures.Long_quickness_start:
Data(cuda_id).cuda.ego.measures.Long_quickness_end));
Data(cuda_id).cuda.ego.measures.Long_quickness = Data(cuda_id).cuda.ego.
measures.Long _quickness _MeanAcc / Data(cuda_id).cuda.ego.measures.
Long_quickness_DeltaV;

% Participant

%Lateral
start_id_quickness = 1;
search_distance =500;
angle_threshold = 0.05;
pushback_distance = 0 ;
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%Longitudinal

BP_threshold = 0.1;
search_distance2 = 400;
pushback_distance2 = 0;

for i = participant_id_vector

%Lateral

Data(i).participant.ego.measures.Lat _quickness_start = find (Data(i).
participant.ego.SWangle(start_id_quickness:end,1 ) —
angle_threshold > 0,1);

Data(i).participant.ego.measures.Lat_quickness_start = Data(i).
participant.ego.measures.Lat_quickness_start — pushback_distance +
start_id_quickness;

Data(i).participant.ego.measures.Lat_quickness_end = find (Data(i).
participant.ego.posx == max(Data(i).participant.ego.posx(Data(i).
participant.ego.measures.Lat_quickness_start: Data(i).participant.
ego.measures.Lat_quickness_start+search_distance)) ,1);

Data(i).participant.ego.measures. quickness_dlat = (Data(i).participant
.ego.posx(Data(i).participant.ego.measures.Lat_quickness_end) —
Data(i).participant.ego.posx(Data(i).participant.ego.measures.
Lat_quickness_start));

[Data(i).participant.ego.measures.Lat_quickness_velocity ,Data(i).
participant.ego.measures.Lat _quickness_velocity _id] = max(Data(i).
participant.ego.velx(Data(i).participant.ego.measures.
Lat_quickness_start:Data(i).participant.ego.measures.
Lat_quickness_end));

Data(i).participant.ego.measures.Lat_quickness_velocity_id = Data(i).
participant.ego.measures.Lat_quickness_velocity_id + Data(i).
participant.ego.measures.lLat_quickness_start;

Data(i).participant.ego.measures.Lat _quickness = Data(i).participant.
ego.measures. Lat_quickness_velocity / Data(i).participant.ego.
measures. quickness_dlat;

%Longitudinal

Data(i).participant.ego.measures.Long_quickness_start = find(Data(i).
participant.ego.BPpos(start_id_quickness:end,1 ) — BP_threshold >
0,1);

Data(i).participant.ego.measures.Long_quickness_start = Data(i).
participant.ego.measures.Long_quickness_start — pushback_distance2
+ start_id_quickness;

Data(i).participant.ego.measures.Long quickness_end = find (Data(i).
participant.ego.vely == min(Data(i).participant.ego.vely(Data(i).
participant.ego.measures.Lat_quickness_start: Data(i).participant.
ego.measures. Lat_quickness_start+search_distance2)) ,1);

Data(i).participant.ego.measures.quickness_deltaV = Data(i).
participant.ego.vely(Data(i).participant.ego.measures.
Long_quickness_start) — Data(i).participant.ego.vely(Data(i).
participant.ego.measures.Long_quickness_end);

Data(i).participant.ego.measures.quickness_long MeanAcc = mean(Data(i)
.participant.ego.accy(Data(i).participant.ego.measures.
Long_quickness_start:Data(i).participant.ego.measures.
Long_quickness_end));
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Data(i).participant.ego.measures.Long_quickness = Data(i).participant.
ego.measures. quickness_long_MeanAcc / Data(i).participant.ego.
measures. quickness_deltaV;

end

switch quickness
case 1

disp ([ 'The Quickness D—-lat for this participant is num2str(Data(
participant_id).participant.ego.measures. quickness_dlat) ' m’])

disp ([ 'The Quickness D—lat for the Cuda is ~ num2str(max(Data(cuda_id).
cuda.ego.posx)) ' m’])

)

disp ([ 'The Lateral Quickness Velocity for this participant is ° num2str(
Data(participant_id).participant.ego.measures. Lat_quickness_velocity) ’
m/s’1)

)

disp ([ 'The Lateral Quickness Velocity for the cuda is
cuda_id).cuda.ego.velx)) > m/s’])

disp ([ 'The Lateral Quickness for this participant is ° num2str(Data(
participant_id).participant.ego.measures.Lat _quickness) ' [1/s]’])

disp ([ 'The Lateral Quickness for the cuda is ' num2str(Data(cuda_id).cuda
.ego.measures.quickness) ' [1/s]'])

num2str (max(Data (

disp ([ 'The Delta Velocity longitduinal for this participant is ° num2str(
Data(participant_id).participant.ego.measures. quickness_deltaV) ' m/s’
1)

disp ([ 'The Delta Velocity longitduinal for the Cuda is num2str(Data (
cuda_id).cuda.ego.measures.Long_quickness_DeltaV) ' m/s’])

disp ([ 'The Mean acceleration the participant is ' num2str(Data(
participant_id).participant.ego.measures. quickness_long_MeanAcc)
1

disp ([ 'The Mean acceleration the Cuda is ’' num2str(Data(cuda_id).cuda.ego.
measures.Long_quickness_MeanAcc) ' m/s2’])

’

)

m/s2

disp ([ 'The Longitudinal Quickness for this participant is > num2str(Data(
participant_id).participant.ego.measures.Long_quickness) ' [1/s]’])

disp ([ 'The Longitudinal Quickness for the Cuda is ° num2str(Data(cuda_id)
.cuda.ego.measures.Long _quickness) ' [1/s]’])

figure

set(gcf, ’'Position’, [0, 400, 800, 400])

subplot(2,1,1)

plot(Data(participant_id).participant.ego.posy, Data(participant_id).
participant.ego.velx);

hold on

plot (Data(cuda_id).cuda.ego.posy, Data(cuda_id).cuda.ego.velx);

plot(Data(participant_id).participant.ego.posy(Data(participant_id).
participant.ego.measures.lLat_quickness_velocity_id),Data(participant_id
).participant.ego.measures.Lat _quickness_velocity, 'k* ', "'markersize ' ,5)

grid minor

legend(’ Participant’,’Cuda’,’Participant Maximum’)

xlim ([ start_y end_y]);

ylabel (' Lateral velocity [m]")

xlabel ('Y—pos [m] ")

title (’Lateral Velocity for Lateral Quickness Computation’)

subplot(2,1,2)
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plot(Data(participant_id).participant.ego.posy, Data(participant_id).
participant.ego.posx);

hold on

plot(Data(cuda_id).cuda.ego.posy, Data(cuda_id).cuda.ego.posx);

grid minor

h=fill (obstacley,obstaclex, 'black’, HandleVisibility ’, off ") ;

h.FaceAlpha=0.05;

plot (Data(participant_id).participant.ego.posy(Data(participant_id).
participant.ego.measures.lLat _quickness_start), Data(participant_id).
participant.ego.posx(Data(participant_id).participant.ego.measures.
Lat_quickness_start), k=’ , 'markersize ' ,5)

plot (Data(participant_id).participant.ego.posy(Data(participant_id).
participant.ego.measures.Lat_quickness_end), Data(participant_id).
participant.ego.posx(Data(participant_id).participant.ego.measures.
Lat_quickness_end), 'kx’, 'markersize ' ,5)

line (roady1,roadx1, ’'color’, ’'black’,’ HandleVisibility ', off ', linewidth”’
2)

line (roady2 ,roadx2, 'Color’, black’, HandleVisibility >, "off >, "linewidth ’ ,2)

line (centerliney , centerlinex, ’'color’, ’'black’, LineStyle’,'—",’
HandleVisibility ', off ', linewidth ' ,1.5)

line (takeover1y ,takeoverix, ’color’, ’'red’, LineStyle’,’— ", linewidth’
,1.5)

title (" Positition )

legend(’ Participant’, ’Cuda’,’ Quickness cut—off points’)

xlim ([ start_y end y]);

ylabel ('X—pos [m] ")

xlabel ('Y—pos [m] ")

title (’Lateral Offset Cut—off points for Lateral Quickness’)

% Longitudinal

figure

set(gcf, ’Position’, [800, 400, 800, 400])

subplot(2,1,1)

plot (Data(participant_id).participant.ego.posy, Data(participant_id).
participant.ego.vely);

hold on

plot(Data(cuda_id).cuda.ego.posy, Data(cuda_id).cuda.ego.vely);

plot(Data(participant_id).participant.ego.posy(Data(participant_id).
participant.ego.measures.Long_quickness_start) ,Data(participant_id).
participant.ego.vely(Data(participant_id).participant.ego.measures.
Long_quickness_start), 'kx ', "markersize’ ,5);

plot(Data(participant_id).participant.ego.posy(Data(participant_id).
participant.ego.measures.Long_quickness_end) ,Data(participant_id).
participant.ego.vely(Data(participant_id).participant.ego.measures.
Long_quickness_end), 'k*’, "'markersize’,5);

plot(Data(cuda_id).cuda.ego.posy(Data(cuda_id).cuda.ego.measures.
Long quickness_start) ,Data(cuda_id).cuda.ego.vely(Data(cuda_id).cuda.
ego.measures.Long_quickness_start), 'kx’, "markersize’ ,5);

plot (Data(cuda_id).cuda.ego.posy(Data(cuda_id).cuda.ego.measures.
Long_quickness_end) ,Data(cuda_id).cuda.ego.vely (Data(cuda_id).cuda.ego.
measures.Long_quickness_end), 'kx’, 'markersize ' ,5);

grid minor
legend (' Participant’,’Cuda’,’Velocity cutoff points’)
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xlim ([ start_y end_y]);

ylabel(’Longitudinal velocity [m]’)

xlabel ('Y—pos [m] ")

title ('Delta Velocity for Longitudinal Quickness’)

subplot(2,1,2)

plot (Data(participant_id).participant.ego.posy, Data(participant_id).
participant.ego.accy);

hold on

plot (Data(cuda_id).cuda.ego.posy, Data(cuda_id).cuda.ego.accy);

grid minor

plot(Data(participant_id).participant.ego.posy(Data(participant_id).
participant.ego.measures.Long _quickness_start) ,Data(participant_id).
participant.ego.accy(Data(participant_id).participant.ego.measures.
Long_quickness_start), 'kx’, "'markersize’ ,5);

plot (Data(participant_id).participant.ego.posy(Data(participant_id).
participant.ego.measures.Long_quickness_end) ,Data(participant_id).
participant.ego.accy(Data(participant_id).participant.ego.measures.
Long quickness_end), 'k*’, "'markersize’,5);

plot (Data(cuda_id).cuda.ego.posy(Data(cuda_id).cuda.ego.measures.
Long_quickness_start) ,Data(cuda_id).cuda.ego.accy(Data(cuda_id).cuda.
ego.measures.Long_quickness_start), 'k* ', "markersize’ ,5);

plot(Data(cuda_id).cuda.ego.posy(Data(cuda_id).cuda.ego.measures.
Long_quickness_end) ,Data(cuda_id).cuda.ego.accy(Data(cuda_id).cuda.ego.
measures.Long_quickness_end), 'kx ', "'markersize’ ,5);

title (' Cutoff—Points Acceleration for Longitudinal Quickness’)
legend (' Participant’, ’Cuda’,’Acceleration cut—off points’)
xlim ([ start_y end y]);

ylabel(’Longitudinal Acceleration [m/s2]’)

xlabel ('Y—pos [m] ")

case 0
%Do Nothing
end
%k Plot time derivatives and statistical values

switch time_derivatives

case 1

%longitudinal

figure

subplot(4,1,1)

plot(Data(participant_id).participant.ego.posy, Data(participant_id).
participant.ego.posx);

hold on

plot (Data(cuda_id).cuda.ego.posy, Data(cuda_id).cuda.ego.posx);

grid minor

h=fill (obstacley, obstaclex, "black ');

h.FaceAlpha=0.05;

line (roady1,roadx1, ’'color’, ’'black’,’HandleVisibility ', off ', linewidth”’
,2)

line (roady2 ,roadx2, 'Color’, black’, HandleVisibility >, "off >, "linewidth ’ ,2)
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line (centerliney ,centerlinex, ’'color’, ’black’, LineStyle’,’—" "’
HandleVisibility ', off ’,’linewidth’ ,1.5)

line (takeover1y ,takeoverix, ’'color’, ’'red’,’LineStyle’,’— ', linewidth’
,1.5)

title (" Positition )
legend (' Participant’, ’Cuda’)
xlim ([ start_y end_y]);

ylabel ('X—pos [m] ")

xlabel (’Y—pos [m] ")

subplot(4,1,2)

plot (Data(participant_id).participant.ego.posy, Data(participant_id).
participant.ego.vely);

hold on

plot(Data(cuda_id).cuda.ego.posy, Data(cuda_id).cuda.ego.vely);

grid minor

title ('longitudinal Velocity’)

legend (' Participant’, ’Cuda’)

xlim ([ start_y end_y]);

ylabel ('X—vel [m/s]’)

xlabel ('Y—pos [m] ")

subplot(4,1,3)

plot (Data(participant_id).participant.ego.posy, Data(participant_id).
participant.ego.accy);

hold on

plot (Data(cuda_id).cuda.ego.posy, Data(cuda_id).cuda.ego.accy);

plot ([ start_y end_y],[Data(participant_id).participant.ego.STDaccy Data(
participant_id).participant.ego.STDaccy], 'k’, linewidth’,0.8)

plot ([ start_y end_y],[Data(cuda_id).cuda.ego.STDaccy Data(cuda_id).cuda.
ego.STDaccy], 'k: ', linewidth *,0.8)

plot (Data(cuda_id).cuda.ego.posy(Data(cuda_id).cuda.ego.max_accy_id), Data(
cuda_id) .cuda.ego.max_accy, k=’ , 'markersize’ ,5)

plot(Data(participant_id).participant.ego.posy(Data(participant_id).
participant.ego.max_accy _id), Data(participant_id). participant.ego.
max_accy, 'kx ', 'markersize ' ,5)

plot ([ start_y end_y],[—Data(participant_id).participant.ego.STDaccy —Data(
participant_id).participant.ego.STDaccy], 'k’, ' linewidth’,0.8)

plot ([ start_y end_y],[—Data(cuda_id).cuda.ego.STDaccy —Data(cuda_id).cuda.
ego.STDaccy], 'k: ', linewidth ’,0.8)

grid minor

title ('longitudinal acceleration’)

legend (' Participant’, ’Cuda’,’Standard deviation Participant’,’Standard
deviation Cuda’, 'Maximum Values ')

xlim ([ start_y end_y]);
ylabel ('X-acc [m/s2]")
xlabel ('Y-pos [m]’)

subplot(4,1,4)

plot(Data(participant_id).participant.ego.posy, Data(participant_id).
participant.ego.jerk_long);

hold on

plot (Data(cuda_id).cuda.ego.posy, Data(cuda_id).cuda.ego.jerk_long);
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plot ([ start_y end_y],[Data(participant_id).participant.ego.STDjerk_long
Data(participant_id).participant.ego.STDjerk_long], 'k’, linewidth’,0.8)

plot ([ start_y end_y],[Data(cuda_id).cuda.ego.STDjerk_long Data(cuda_id).
cuda.ego.STDjerk_long], 'k:’, linewidth’,0.8)

plot (Data(cuda_id).cuda.ego.posy(Data(cuda_id).cuda.ego. max_jerk long_id),
Data(cuda_id).cuda.ego.max_jerk_long, 'k*’, 'markersize’,5)

plot (Data(participant_id).participant.ego.posy(Data(participant_id).
participant.ego. max_jerk _long _id), Data(participant_id).participant.ego
.max_jerk_long, 'k*’', "markersize’,5)

plot ([ start_y end_y],[—Data(participant_id).participant.ego.STDjerk_long —
Data(participant_id).participant.ego.STDjerk_long], 'k’, linewidth’,0.8)

plot ([ start_y end_y],[—Data(cuda_id).cuda.ego.STDjerk _long —Data(cuda_id).
cuda.ego.STDjerk_long], 'k: ", linewidth’,0.8)

grid minor

legend (' Participant’, ’Cuda’,’Standard deviation Participant’,’Standard
deviation Cuda’, 'Maximum Values ')

title ('Longitudinal jerk ')

xlim ([ start_y end y]);

ylabel (’'Y—jerk [m/s3]")

xlabel ('Y—pos [m] ")

% Lateral

figure

subplot(4,1,1)

plot(Data(participant_id).participant.ego.posy, Data(participant_id).
participant.ego.posx);

hold on

plot(Data(cuda_id).cuda.ego.posy, Data(cuda_id).cuda.ego.posx);

h=fill (obstacley,obstaclex, 'black ');

h.FaceAlpha=0.05;

line (roady1,roadx1, ’'color’, ’'black’,’HandleVisibility ', off ', linewidth”’
,2)

line (roady2,roadx2, 'Color’, 'black ', ”HandleVisibility ', off *, "linewidth ’,2)

line (centerliney ,centerlinex, ’'color’, ’black’, LineStyle’, —" "’
HandleVisibility ’,  off’, ’linewidth ’ ,1.5)

line (takeover1y ,takeoverix, ’color’, ’'red’,’LineStyle’,’—’, linewidth’
,1.5)

grid minor

title ("Positition ")
legend (' Participant’, ’Cuda’)
xlim ([ start_y end_y]);

ylabel ('X—pos [m] ")

xlabel ('Y—pos [m] ")

subplot(4,1,2)

plot (Data(participant_id).participant.ego.posy, Data(participant_id).
participant.ego.velx);

hold on

plot(Data(cuda_id).cuda.ego.posy, Data(cuda_id).cuda.ego.velx);

grid minor

title ('Lateral Velocity’)

legend (' Participant’, ’Cuda’)

xlim ([ start_y end_y]);
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ylabel ('X-vel [m/s]’)
xlabel ('Y—pos [m] )

subplot(4,1,3)

hold on

plot(Data(participant_id).participant.ego.posy, Data(participant_id).
participant.ego.accx);

plot (Data(cuda_id).cuda.ego.posy, Data(cuda_id).cuda.ego.accx);

plot ([ start_y end y],[Data(participant_id).participant.ego.STDaccx Data(
participant_id).participant.ego.STDaccx], 'k’ , ' linewidth ’,0.8)

plot ([ start_y end_y],[Data(cuda_id).cuda.ego.STDaccx Data(cuda_id).cuda.
ego.STDaccx], 'k: ', linewidth ’,0.8)

plot(Data(cuda_id).cuda.ego.posy(Data(cuda_id).cuda.ego.max_accx_id) ,Data(
cuda_id).cuda.ego.max_accx, 'k+=’, 'markersize ' ,5)

plot(Data(participant_id).participant.ego.posy(Data(participant_id).
participant.ego.max_accx_id), Data(participant_id).participant.ego.
max_accx, 'kx ', 'markersize ’ ,5)

plot ([ start_y end y],[—Data(participant_id).participant.ego.STDaccx —Data (
participant_id).participant.ego.STDaccx], 'k’, linewidth’,0.8)

plot ([ start_y end_y],[—Data(cuda_id).cuda.ego.STDaccx —Data(cuda_id).cuda.
ego.STDaccx], 'k: ', linewidth ’,0.8)

grid minor

title ('lateral acceleration’)

legend(’ Participant’, ’Cuda’,’Standard deviation Participant’,’Standard
deviation Cuda’, ’Maximum Values ')

xlim ([ start_y end_y]);

ylabel ('X—acc [m/s2] ")

xlabel ('Y—pos [m] ")

subplot(4,1.,4)

plot(Data(participant_id).participant.ego.posy, Data(participant_id).
participant.ego.jerk _lat);

hold on

plot(Data(cuda_id).cuda.ego.posy, Data(cuda_id).cuda.ego.jerk lat);

plot ([ start_y end_y],[Data(participant_id).participant.ego.STDjerk_lat
Data(participant_id).participant.ego.STDjerk_lat], 'k’ , linewidth’,0.8)

plot ([ start_y end y],[Data(cuda_id).cuda.ego.STDjerk lat Data(cuda_id).
cuda.ego.STDjerk _lat], 'k: ", linewidth ’,0.8)

plot (Data(participant_id).participant.ego.posy(Data(participant_id).
participant.ego. max_jerk_lat_id), Data(participant_id).participant.ego.
max_jerk_lat, 'k*’, "markersize ’,5)

plot(Data(cuda_id).cuda.ego.posy(Data(cuda_id).cuda.ego. max_jerk lat_id),
Data(cuda_id).cuda.ego. max_jerk _lat, 'k+=’, 'markersize ' ,5)

plot ([ start_y end_y],[—Data(participant_id).participant.ego.STDjerk_lat —
Data(participant_id).participant.ego.STDjerk _lat], 'k’, linewidth ’,0.8)

plot([start_y end _y],[—Data(cuda_id).cuda.ego.STDjerk lat —Data(cuda_id).
cuda.ego.STDjerk_lat], 'k: ", linewidth ’,0.8)

grid minor
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legend(’ Participant’, ’Cuda’,’Standard deviation Participant’,’Standard
deviation Cuda’,’ Maximum Values’)

title ("Lateral jerk’”)

xlim ([ start_y end _y]);

ylabel ('Y—jerk [m/s3]")

xlabel ('Y—pos [m] ")

case 0
disp(’'Time derivatives not switched on’)

end

%% Plot all cuda ego trajectories
if cuda_trajectories ==

figure
for i = 1:ids_total;

subplot(ids_total ,1,i)

title (strcat(’Cuda Ego Trajectories for Scenario ’, num2str(scenario)’))
hold on

plot(Data(i).cuda.ego.posy, Data(i).cuda.ego.posx, 'b’, linewidth’,1.5)
h=fill (obstacley,obstaclex, 'black ');

h.FaceAlpha=0.05;

line (roady1,roadx1, ’'color’, ’'black’,’HandleVisibility ', off’, linewidth”’
’ :2 )

line (roady2,roadx2, 'Color’, 'black ', HandleVisibility *, " off *, "linewidth " ,2)

line (centerliney ,centerlinex, ’'color’, ’'black’, LineStyle’,'—",~’
HandleVisibility ’, " off’, ’linewidth ’ ,1.5)

line (takeover1y ,takeoverix, ’color’, ’'red’,’LineStyle’,’— ", linewidth’
,1.5)

axis ([start_y end_y -2 6]);

end

else
disp ([ *All cuda ego trajectories plot is switched off’])

end

%% Plot all participant trajectories and Cuda

if all_participants ==

figure

for i = participant_id_vector(1:end—1)

title (strcat( Trajectories — Scenario ', num2str(scenario)’))
hold on

plot(Data(i).participant.ego.posy, Data(i).participant.ego.posx, color’
,[0.7 0.7 0.7], linewidth’,0.1, HandleVisibility ', off")

line (roady1,roadx1, ’'color’, ’'black’,’ HandleVisibility ', off ’, linewidth”’
,2)

line (roady2,roadx2, 'Color’, black’, HandleVisibility >, off ’, "linewidth ’ ,2)
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line (centerliney , centerlinex

"color’, ’black’,’LineStyle’, —’,’

HandleVisibility ', off ’, " linewidth ’ ,1.5)

axis ([start_y end_y
xlabel ('X—position
ylabel (’'Y—Position

end

=3 7]);
[m] ")
[m] ")

plot(Data(cuda_id).cuda.ego.posy, Data(cuda_id).cuda.ego.posx, color’ ,[0.2
0.2 0.6], linewidth’,1.2)

plot(Data(participant_id_vector(end)).participant.ego.posy, Data(
participant_id_vector(end)). participant.ego.posx, 'color’,[0.8 0.8 0.8],

"linewidth’,0.1)

plot(takeover1y ,takeoverix, k=

h=fill (obstacley, obstaclex, "black ');

h.FaceAlpha=0.1;
set(gcf, ’'Position’

else

, [100,

* ,’LineStyle’,’—’, ’linewidth’ ,1.5)

100, 1400, 300])
legend ('Optimized Trajectory’,’Participant Trajectories’, Take—over
Warning’, 'Road Obstruction’, ’location’, Northwest’)

disp ([ 'All participants vs cuda plot is switched off’])

end

%% Colour gradient velocity trajectory
switch velocity_gradient

case 1

%Create colormap

G = linspace(1, 0.1
G2 = zeros(100,1);
green = [G;G2];

R = linspace (0.1, 1
R2 = zeros(100,1);
red = [R2 ;R];

blue = zeros(length

, 130) 7

, 130) 75

(red),1);

myColormap = [green red blue];
clear G G2 R R2 red green blue

% Plot velocity gra
figure
ax1 = subplot(2,1,1

title (strcat(’'Participant And Cuda Ego Trajectories for Scenario ,

num2str(scenario
hold on

dients
)
) 7))

’

h=fill (obstacley ,obstaclex, 'black’, HandleVisibility ", off ");

h.FaceAlpha=0.05;
line (roady1,roadx1,
,2)

‘color’,

"black’,

"HandleVisibility ’,’off’, ’linewidth’

line (roady2 ,roadx2, 'Color’, black’, HandleVisibility >, "off ’, "linewidth ’ ,2)

line (centerliney ,centerlinex ,

"color’, ’black’,’LineStyle’,—",’

HandleVisibility ’, " off ’, "linewidth ’ ,1.5)
line (takeover1y , takeoverix,
,1.5, "HandleVisibility ', off )

axis ([ start_y end_y
xlabel ('X—position

-3 71);
[m] )

"color’,

‘red’,’LineStyle’,’—’, ' linewidth”’
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ylabel ('Y=Position [m] ")

z = Data(participant_id).participant.ego.vely .*3.6;
y = Data(participant_id).participant.ego.posx’;
x = Data(participant_id).participant.ego.posy’;
C=2z; % This is the color, vary with x in this case.
surface ([x;x],[y;vy],[z;z],[C;C],...
"facecol’,’'no’ ,...
"edgecol’, 'interp’ ,...
“linew ' ,2);
colormap (ax1, myColormap)
colorbar

ax2 = subplot(2,1,2);
h=fill (obstacley,obstaclex, 'black’, HandleVisibility *, " off ") ;
h.FaceAlpha=0.05;

line (roady1,roadx1, ’'color’, ’'black’,’HandleVisibility ', off’, linewidth”’
72 )

line (roady2,roadx2, 'Color’, 'black ', ”HandleVisibility *, off *, "linewidth " ,2)

line (centerliney ,centerlinex, ’'color’, ’'black’, LineStyle’,'—" "’
HandleVisibility ’, off’,’linewidth’ ,1.5)

line (takeover1y ,takeoverix, ’color’, ’'red’,’LineStyle’,’— ", linewidth’

,1.5, HandleVisibility ’, off )
axis ([start_y end_y -3 7]);
xlabel ('X—position [m] ")
ylabel ('Y=Position [m] ")
z2 = Data(cuda_id).cuda.ego.vely .*3.6;

y2 = Data(cuda_id).cuda.ego.posx’;

x2 = Data(cuda_id).cuda.ego.posy’;

C2 = z2; % This is the color, vary with x in this case.

surface ([x2;x2],[y2;y2],[z2;z2],[C2;C2],...
"facecol’,’no’ ,...
"edgecol’,’interp’ ,...
“linew’ ,2);

colormap (ax2, myColormap)

colorbar

set(gcf, ’'Position’, [100, 100, 1400, 300])

hold off

case 2

disp ([ 'Velocity gradient plot is switched off’])

end

%% Animation participant
switch animation_participant
case 1

figure

subplot(3,1,1)

title (strcat( ' Participant Animation for Scenario ', num2str(scenario) ’))
hold on

h=fill (obstacley ,obstaclex, 'black’);
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h.FaceAlpha=0.05;

line (roady1,roadx1, ’'color’, ’'black’,’HandleVisibility ', off’, linewidth”’
72 )

line (roady2,roadx2, 'Color’, 'black ', ”HandleVisibility *, " off ’, "linewidth ’,2)

line (centerliney ,centerlinex, ’'color’, ’black’, LineStyle’,’—" "’
HandleVisibility ’,  off’, ’linewidth ’ ,1.5)

line (takeover1y ,takeoverix, ’color’, ’'black’,’LineStyle’,’— ", linewidth’
,1.5)

axis ([start_y end_y -2 6]);

xlabel ('X—Position [m] ")

ylabel ('Y=Position [m] ")

grid minor

set(gcf, ’'Position’, [100, 100, 1400, 300])

aline1=animatedline (' Color’,’b’, linewidth ' ,1.5);

aline2=animatedline (' Color’,’r’, linewidth ' ,1);

aline3=animatedline(’Color’,’r’, linestyle ', — , linewidth ’,1);

legend ('Obstacle [roadworks]’, ’Takeover Warning’, ’'Participant’,’
Overtaking vehicle’,’location’,’Southeast’)

n=1;

for k=1:(length(Data(participant_id).participant.ego.posx))
addpoints(aline1 ,Data(participant_id).participant.ego.posy(n),Data(
participant_id).participant.ego.posx(n)) ;
addpoints(aline2 ,Data(participant_id).participant.overtaker.posy(n),
Data(participant_id).participant.overtaker.posx(n)) ;
%addpoints (aline7 ,Data(cuda_id).cuda. follower.posy(n),Data(cuda_id).
cuda. follower.posx(n)) ;

drawnow

n = n+1;

pause(0.00001);
end

subplot(3,1,2)
%plot(Data(participant_id).participant.overtaker.posy, Data(participant_id

).participant.overtaker.vely .x 3.6,’r’,’linewidth’,1.5)
plot(Data(participant_id).participant.overtaker.posy, Data(participant_id)
.participant.overtaker.accy, 'r’,’linewidth’,1.5)

xlim ([ start_y end_y]);
xlabel ('X—Position [m] ")
ylabel ('Y=Acc [m] ")

legend (' Overtaking Vehicle ")
grid minor

subplot(3,1,3)

plot (Data(participant_id).participant.overtaker.posy, Data(participant_id)
.participant.overtaker.distance, 'r’, linewidth’,1.5)

xlim ([ start_y end y]);

xlabel ('X=Position [m] ")

ylabel (' Proximity distance [m] )

legend (' Overtaking Vehicle’)

grid minor

case 2
disp ([ 'Participant animation is switched off’])
end
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%% Animation Cuda
switch animation_cuda
case 1

figure

subplot(2,1,1)

title (strcat( 'Cuda Animation for Scenario ', num2str(scenario) ’))
hold on

h=fill (obstacley,obstaclex, 'black );

h.FaceAlpha=0.05;

line (roady1,roadx1, ’'color’, ’'black’,’HandleVisibility ', off’, linewidth”’
12 )

line (roady2,roadx2, 'Color’, 'black ', ”HandleVisibility *, " off ’, "linewidth *,2)

line (centerliney ,centerlinex, ’'color’, ’black’, LineStyle’,'—" "’
HandleVisibility ’, off’,’linewidth’ ,1.5)

line (takeover1y ,takeoverix, ’color’, ’black’,’LineStyle’,’—’, linewidth’
,1.5)

axis ([start_y end_y -2 6]);

xlabel ('X—Position [m] ")

ylabel ('Y=Position [m] )

grid minor

set(gcf, ’"Position”, [100, 100, 1400, 300])

aline1=animatedline (' Color’,’b’, linewidth ’* ,1.5);

aline2=animatedline (' Color’,’r’, linestyle’,’—, ' linewidth ’,1);

aline7=animatedline(’Color’,’r’, linestyle ', —, ' linewidth ’,1);

legend (' Obstacle [roadworks]’, ’Takeover Warning’, ’'Cuda’,’Overtaking
vehicle’, ’'Following vehicle’,’location’,’Southeast’)

n=1;

for k=1:(length(Data(cuda_id).cuda.ego.posx))
addpoints(aline1 ,Data(cuda_id).cuda.ego.posy(n),Data(cuda_id).cuda.ego
.posx(n)) ;
addpoints (aline2 ,Data(cuda_id).cuda.overtaker.posy(n),Data(cuda_id).
cuda.overtaker.posx(n)) ;
addpoints(aline7 ,Data(cuda_id).cuda. follower.posy(n),Data(cuda_id).
cuda. follower.posx(n)) ;

drawnow

n = n+1;

pause(0.003);
end

subplot(2,1,2)

plot(Data(cuda_id).cuda.overtaker.posy, Data(cuda_id).cuda.overtaker.vely
* 3.6, r’, linewidth ’,1.5)

xlim ([ start_y end y]);

xlabel ('X=Position [m] ")

ylabel ('Y=Velocity [m] ")

legend (' Overtaking Vehicle’)

grid minor

case 0
disp ([ 'Cuda Animation is switched off’])
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end

%% Compute all euclidean distances
switch scenario

case {1,3,5}
euclidean_lowest = zeros(ids_total ,1);

%Compute all euc distances and their mean value

for i = 1:ids_total

Data(i).cuda.measures.euclidean=sqrt((Data(i).cuda.ego.posx — Data(i).cuda
.overtaker.posx).*2+(Data(i).cuda.ego.posy — Data(i).cuda.overtaker.
posy)."2);

%Data(i).measures. euclidean_plotvector
cuda.overtaker.posy)/2;

Data(i).cuda.measures.euclidean_lowest = min(Data(i).cuda.measures.
euclidean(1:end,1));

euclidean_lowest(i) = Data(i).cuda.measures.euclidean_lowest;

end

(Data(i).cuda.ego.posy + Data(i).

id_min_euc
id_max_euc

find (euclidean_lowest == min(euclidean_lowest));
find (euclidean_lowest == max(euclidean_lowest));

case {2,4,6}
%Nothing
end

% Euclidean distance animation
switch euclidean_plot
case 1

figure

subplot(2,1,1);

axis ([0 3000 0 max(Data(cuda_id).cuda.measures.euclidean)/6]);
aline3=animatedline (' Color’, r’, linewidth’,1.5);

grid minor

title ('Euclidean Distance Metric’)

ylabel (' Euclidean Distance [m]’)

xlabel (’Road length [m]”)

subplot(2,1,2)
h=fill (obstacley, obstaclex, "black ');
h.FaceAlpha=0.05;

line (roady1,roadx1, ’'color’, ’'black’,’HandleVisibility ', off’, linewidth”’
,2)

line (roady2,roadx2, 'Color’, 'black ', ”HandleVisibility *, " off ", "linewidth " ,2)

line (centerliney ,centerlinex, ’'color’, ’'black’, LineStyle’,'—" "’
HandleVisibility ’,  off’, ’linewidth ’ ,1.5)

axis ([start_y end_y -2 6]);

grid minor

title (' Trajectories Animation’)

xlabel ('X—Position [m] ")

ylabel ('Y=Position [m] ")

aline4=animatedline (’Color’,’b’, linewidth ’ ;1.5);
aline5=animatedline (’Color’,’r’, linewidth’ ,1.5);
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aline6=animatedline (’LineWidth’,0.01, color’,[0.5 0.5 0.5 0.3]);
legend(strcat(’'Human Trajectory ’,num2str(cuda_id)), Cuda Trajectory’,’ :’

)

n=1;
for k=1:(length(Data(cuda_id).cuda.ego.posy))
% addpoints(aline3 ,Data(cuda_id).measures. euclidean_plotvector(n), Data(
cuda_id).measures. euclidean(n)) ;
addpoints(aline3 ,Data(cuda_id).cuda.ego.posy(n),Data(cuda_id).cuda.
measures. euclidean(n)) ;

addpoints(aline4 ,Data(cuda_id).cuda.ego.posy(n),Data(cuda_id).cuda.ego
-posx(n)) ;

addpoints(aline5 ,Data(cuda_id).cuda.overtaker.posy(n),Data(cuda_id).
cuda.overtaker.posx(n))

addpoints(aline6 ,[ Data(cuda_id).cuda.ego.posy(n) Data(cuda_id).cuda.
overtaker.posy(n)], [Data(cuda_id).cuda.ego.posx(n) Data(cuda_id).
cuda.overtaker.posx(n)]);

drawnow

n =n+1;

pause(0.01);
end

case 0O
disp(’Euclidean plot not wanted or not possible for certain scenarios’

)

end

%% 3D plot
switch threeD_plot
case 1

figure

plot3 (Data(cuda_id).cuda.ego.posy, Data(cuda_id).cuda.ego.posx, Data(
cuda_id).cuda.ego.vely.*x3.6,'b")

hold on

plot3 (Data(participant_id).participant.ego.posy, Data(participant_id).

participant.ego.posx, Data(participant_id).participant.ego.vely.*3.6, r
")

h=fill (obstacley,obstaclex, 'black ');

h.FaceAlpha=0.05;

line (roady1,roadx1, ’'color’, ’'black’,’HandleVisibility ', off’, linewidth”’
,2)

line (roady2 ,roadx2, 'Color’, black’, HandleVisibility >, "off ’, "linewidth " ,2)

line (centerliney ,centerlinex, ’'color’, ’'black’, LineStyle’,'—",~’
HandleVisibility ’, " off’, ’linewidth ’ ,1.5)

line (takeover1y ,takeoverix, ’color’, ’'black’,’LineStyle’,’—’,’ linewidth’
,1.5)

axis ([ start_y end_y -2 6]);
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1507 Xlabel ('X—Position [m] )

108 Ylabel (’Y—Position [m]’")

100 zlabel ('Y=Velocity [km/h]")

110 set(gcf, 'Position’, [100, 100, 1400, 300])
st title (strcat(’3-D velocity plot for Scenario

, num2str(scenario) ’))

1512 legend(’'Cuda Trajectory’, strcat(’Participant ID ’, num2str(
participant_id)’), 'Roadworks’, ’'Takeover Warning’)

113 grid minor

1514 case 0

1515 disp(’3-D plot not wanted”)

116 end

1517

1518

1519 %)/0

1520 i f TwoD_plot ==

1521

1522 figure

12 title (strcat(’ Participant ID And Cuda Ego Trajectories for Scenario ',
num2str(scenario) ’))

124 hold on

1525

126 plot(Data(cuda_id).cuda.ego.posy, Data(cuda_id).cuda.ego.posx, ’'r’,’
linewidth’,0.7)

127 plot(Data(participant_id). participant.ego.posy, Data(participant_id).
participant.ego.posx, 'b’, linewidth’,0.5)

128 h=fill (obstacley,obstaclex, 'black’, HandleVisibility *, off ");

1529 h.FaceAIpha=0.05;

130 line (roady1,roadx1, ’'color’, ’black’, HandleVisibility >, off’, linewidth’
72)

131 line (roady2,roadx2, 'Color’, 'black’, HandleVisibility ', "off *, "linewidth * ,2)

122 line (centerliney ,centerlinex, ’color’, ’'black’,’LineStyle’,'—",’
HandleVisibility ’, " off’, ’linewidth ’ ,1.5)

1533 line (takeover1y ,takeoverix, ’color’, ’'red’,’ LineStyle’,’— ", linewidth’

,1.5, HandleVisibility *, " off ")
14 axis ([start_y end_y -3 7]);
135 xlabel ('X—position [m] ")
136 ylabel ('Y—Position [m]")
17 legend(’Cuda’, 'Participant’)
18 grid minor
13 set(gcf, "Position’, [100, 100, 1400, 300])
1540
1541 else
1542 disp ([ 'Two dimensional trajectories plot switched off’])
1543 €nd
1544
1545
16 Y% Cuda TTC
17 slope = diff(Data(cuda_id).cuda.ego.posx)./ diff (Data(cuda_id).cuda.ego.

posy);
14s  L_tangent_cuda = 900;
149 ttc_id_cuda = 1; % (start)
10 Xi = 1; %nonzero start
1551 yi = 1;

122 margin = 0.5;
13 disp ([ 'TTC collision margin is ’,num2str(margin)])

1554
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while ~isempty(xi)

ttc_cuda_y_last = yi;

ttc_cuda_x_last = xi;

x2 = (slope(ttc_id _cuda) .* ((Data(cuda_id).cuda.ego.posy(
ttc_id_cuda)+L_tangent cuda) — Data(cuda_id).cuda.ego.posy(
ttc_id_cuda)) + Data(cuda_id).cuda.ego.posx(ttc_id_cuda));

[xi, yi] = polyxpoly ([Data(cuda_id).cuda.ego.posy(ttc_id_cuda) (
Data(cuda_id).cuda.ego.posy(ttc_id_cuda)+L_tangent_cuda)],[Data
(cuda_id).cuda.ego.posx(ttc_id cuda) x2],[obstacley (1)
obstacley(2)],[obstaclex (1) obstaclex(2)+margin]);

ttc_cuda_x = xi;
ttc_cuda_y = vyi;

ttc_id_cuda = ttc_id_cuda + 1;
end
ttc_id_cuda = ttc_id_cuda —1;

Data(cuda_id).cuda.ego.measures. ttc = (obstacley (1) — Data(cuda_id).cuda
.ego.posy(ttc_id _cuda)) / Data(cuda_id).cuda.ego.vely(ttc_id _cuda);
disp ([ 'The minimum TTC for the Cudaplanner is ' num2str(Data(cuda_id).cuda

.ego.measures. ttc) ’'s’])
%% Participant TTC
L_tangent = 900;

for ids = participant_id_vector

switch scenario

case {1 2}

ttc_id = 1;
case{3 4}

ttc_id =400;
case{5 6}

ttc_id = 600;
end

Data(ids). participant.ego.measures. ttc.slope = diff(Data(ids).
participant.ego.posx) ./ diff(Data(ids).participant.ego.posy);

%Data(ids ). participant.ego.measures. ttc.slope = movmean(Data(ids).
participant.ego.measures. ttc.slope ,6);

xi = 1;
yi = 1;

%Troubleshoot figure below
%From HERE

% title ('TTC Cuda: Collision—free point’)

% hold on

% plot(Data(participant_id).participant.ego.posy, Data(participant_id).
participant.ego.posx,’r’,’linewidth’,1)
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wn % h=fill (obstacley ,hobstaclex,’black’,’HandleVisibility ’, off’);

w2 % h.FaceAlpha=0.05;

w3 % plot([obstacley (1) obstacley(2)],[obstaclex(1) obstaclex(2)], ’color’,
black ', Marker’,’*’, 'markersize’, 4,’HandleVisibility ’,’ off ’)

w4 % line (roady1,roadx1, ’color’, ’black’,’  HandleVisibility ', off >, linewidth
’ , ;Z )

105 % line (roady2,roadx2,’Color’,’black’,’  HandleVisibility ’,’ off ’,’linewidth
' 2)

we % line (centerliney ,centerlinex, ’'color’, ’black’,’LineStyle’,’—-",’
HandleVisibility ’,’ off ’, "linewidth ’ ,1.5)

wr % axis([start_y end y -3 7]);

108 % grid minor

wo % set(gcf, ’'Position’, [100, 100, 1400, 300])
1610 %

w1 % Until HERE

1612

1613 while ~isempty(xi)

1614 Data(ids).participant.ego.measures. ttc.ttc_x = xi;

1615 Data(ids).participant.ego.measures. ttc.ttc_y = yi;

1616

1617 Data(ids).participant.ego.measures. ttc.ttc_id tangent = Data(ids).
participant.ego.posy(ttc_id) + L_tangent;

1618 x1 = (Data(ids).participant.ego.measures. ttc.slope(ttc_id) .x (

Data(ids). participant.ego.measures. ttc.ttc_id_tangent — Data(
ids).participant.ego.posy(ttc_id))) + Data(ids).participant.ego
.posx(ttc_id);

1619 Data(ids).participant.ego.measures. ttc.x1 = x1;

1620 TF = isnan(Data(ids).participant.ego.measures. ttc.x1);

1621 if TF ==

1622 Data(ids).participant.ego.measures. ttc.x1 = 0;

1623 else

1624 Data(ids).participant.ego.measures. ttc.x1 = Data(ids).
participant.ego.measures. ttc .x1;

1625 end

1626 Data(ids).participant.ego.measures. ttc.ttc_id = ttc_id;

1627 [xi, yi] = polyxpoly([Data(ids).participant.ego.posy(ttc_id) Data(

ids).participant.ego.measures. ttc.ttc_id _tangent],[Data(ids).
participant.ego.posx(ttc_id) Data(ids).participant.ego.measures
.ttc .x1] ,[obstacley (1) obstacley(2)],[obstaclex(1)—10000
obstaclex (2)+margin]) ;

1628

1629 ttc_id = ttc_id + 1;

1630

1631 %Troubleshoot figure below
1632 %From HERE

ws % Data(ids).participant.ego.measures. ttc.ttc_id = ttc_id

w4 % line ([Data(ids).participant.ego.posy(Data(ids).participant.ego.measures.
ttc.ttc_id), Data(ids).participant.ego.measures. ttc.ttc_id tangent], [
Data(ids).participant.ego.posx(Data(ids).participant.ego.measures. ttc.

ttc_id), Data(ids).participant.ego.measures.ttc.x1], ’'Color’, ’'r’,’
linestyle ’, ")

1635 %Until HERE

1636

1637 end

1638 Data(ids).participant.ego.measures. ttc.ttc_id = ttc_id —1;
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Data(ids).participant.ego.measures. ttc.TTC = (obstacley (1) —
Data(ids).participant.ego.posy(Data(ids).participant.ego.
measures . ttc . ttc_id)) / Data(ids).participant.ego.vely(Data(
ids). participant.ego.measures. ttc.ttc_id);

end

disp ([ 'The minimum TTC for the Participant is °~ num2str(Data(
participant_id).participant.ego.measures. ttc.TIC) ’'s’])

%% TTC Plot

switch TTC_plot
case 1

figure
subplot(3,1,1)
title (’'Time—to—Collision and Acceleration values’)

hold on
plot(Data(cuda_id).cuda.ego.posy, Data(cuda_id).cuda.ego.posx, 'b’,’
linewidth’,1)

plot(Data(participant_id).participant.ego.posy, Data(participant_id).
participant.ego.posx, 'r’, linewidth’ 1)

h=fill (obstacley ,obstaclex, 'black’, HandleVisibility ’,  off ");

h.FaceAlpha=0.05;

line (takeover1y ,takeoveri1x, ’color’,
,1.5, "HandleVisibility ', off )

plot ([ obstacley (1) obstacley(2)],[obstaclex(1) obstaclex(2)], ’'color’,
black ', "Marker’,’+’, 'markersize’, 4, HandleVisibility ',  off ")

line (roady1,roadx1, ’'color’, ’'black’,’ HandleVisibility ', off ", linewidth’

red’,’ LineStyle’,’—’, ’linewidth’

,2)
line (roady2 ,roadx2, 'Color’, black’, HandleVisibility >, "off ’, "linewidth ’ ,2)
line (centerliney ,centerlinex, ’'color’, ’black’,’ LineStyle’,’—" "’

HandleVisibility ', off ’, "linewidth ’ ,1.5)
axis ([start_y end_y -3 7]);
grid minor
set(gcf, 'Position’, [100, 100, 1400, 300])

line ([Data(participant_id).participant.ego.posy(Data(participant_id).
participant.ego.measures. ttc.ttc_id), Data(participant_id).participant.
ego.measures. ttc.ttc_id_tangent], [Data(participant_id).participant.ego
.posx(Data(participant_id).participant.ego.measures. ttc.ttc_id), Data(
participant_id).participant.ego.measures. ttc.x1], ’'Color’, 'r’,’
linestyle’, :’, linewidth’ ,1.2)

line ([ Data(cuda_id).cuda.ego.posy(ttc_id_cuda), Data(cuda_id).cuda.ego.
posy(ttc_id_cuda)+L_tangent _cuda], [Data(cuda_id).cuda.ego.posx(
ttc_id_cuda), x2], ’'Color’, ’'b’,’linestyle’, ", linewidth’,1.2)

legend(’ Trajectory Cuda’,’ Trajectory Participant’)

subplot(3,1,2)

title ('Lateral Acceleration’)

plot(Data(participant_id).participant.ego.posy, Data(participant_id).
participant.ego.accx, 'r’, linewidth ' ,1)

hold on
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plot (Data(cuda_id).cuda.ego.posy, Data(cuda_id).cuda.ego.accx,’'b’,’
linewidth’,1)

grid minor

xlim ([ start_y end_y])

xlabel (' Position y [m] ")

ylabel(’Lateral acceleration [m/s2]’)

subplot(3,1,3)
title ('Longitduinal Acceleration’)
plot(Data(participant_id).participant.ego.posy, Data(participant_id).

participant.ego.accy, 'r’, linewidth’,1)

hold on

plot(Data(cuda_id).cuda.ego.posy, Data(cuda_id).cuda.ego.accy, ’'b’,’
linewidth’,1)

grid minor

xlim ([ start_y end_y])
xlabel (' Position y [m] ")
ylabel(’Longitudinal acceleration [m/s2]’)

case 0
disp ([ 'TTC Plot not wanted’])
end

%/ Measures

switch measures

case 1

YMaximum lateral acceleration

disp ([ 'The Maximum lateral acceleration for the participant is
num2str(Data(participant_id).participant.ego.max_accx) ' [m/s2]’])

YMaximum Longitudinal acceleration

disp ([ 'The Maximum longitudinal acceleration for the participant is
num2str(Data(participant_id).participant.ego.max_accy) ° [m/s2]’])

%Mean lateral acceleration

disp ([ 'The mean lateral acceleration for the participant is
(Data(participant_id).participant.ego.mean_accx) '~ [m/s2]’])

%Mean longitudinal acceleration

disp ([ 'The mean longitudinal acceleration for the participant is
num2str(Data(participant_id). participant.ego.mean_accy) ' [m/s2]’
1)

%STD Longitudinal acceleration

disp ([ 'The standard deviation of longitudinal acceleration for the
participant is ' num2str(Data(participant_id).participant.ego.
STDaccy) ° [m/s2]’])

%STD Lateral acceleration

disp ([ 'The standard deviation of lateral acceleration for the
participant is ' num2str(Data(participant_id).participant.ego.
STDaccx) ’~ [m/s2]’])

)
)

numa2str

YMaximum lateral Jerk

disp ([ 'The Maximum lateral Jerk for the participant is '~ num2str(Data
(participant_id).participant.ego. max_jerk_lat) ' [m/s3]°])

YMaximum Longitudinal Jerk

disp ([ 'The Maximum longitudinal Jerk for the participant is ' num2str
(Data(participant_id).participant.ego.max_jerk_long) ' [m/s3]°'])
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1718 YMean lateral Jerk

1719 disp ([ 'The Mean lateral Jerk for the participant is ~ num2str(Data(
participant_id).participant.ego. meanjerk_lat) '~ [m/s3]'])

1720 Y%Mean longitudinal Jerk

1721 disp ([ 'The Mean longitudinal Jerk for the participant is ° num2str(

Data(participant_id).participant.ego.meanjerk _long) '~ [m/s3]'])
1722 %STD Lateral Jerk

1723 disp ([ 'The Standard deviation for lateral Jerk for the participant is
" num2str(Data(participant_id).participant.ego.STDjerk_lat) ' [m/
s3]1'1)

1724 %STD Longitudinal Jerk

1725 disp ([ 'The Standard deviation for longitudinal Jerk for the

)

participant is num2str(Data(participant_id).participant.ego.
STDjerk_long) ° [m/s3]1°])

1726 Y%Minimum distance to CV

1727

1728 %disp (['The Smallest distance to the overtaker is num2str(Data (
participant_id).participant.overtaker.distance_lowest) ° [m]’])

1729 %Minimum distance to LB

)

1730 disp ([ 'The Smallest distance to the lane boundary is °~ num2str(Data(
participant_id).participant.ego.measures.LBdistance) ' [m]’])

1731 %Deceleration other vehicle

1732

1733

1734 %disp ([ 'The largest deceleration of the overtaking vehicle is '’

num2str(Data(participant_id).participant.ego.measures.X_ CVbraking =
10) * [m/s2]1°])

1735

1736

1737

1738 All_ID = zeros(length(participant_id_vector) ,1);

1739 All_mean_accx = zeros(length(participant_id_vector) ,1);

1740 All_mean_accy = zeros(length(participant_id_vector) ,1);

1741 All_max_accy = zeros(length(participant_id_vector) ,1);

1742 All_max_accx = zeros(length(participant_id_vector) ,1);

1743 All_STD_accy = zeros(length(participant_id_vector) ,1);

1744 All_STD_accx = zeros(length(participant_id_vector) ,1);

1745 All_mean_jerk_long = zeros(length(participant_id_vector) ,1);
1746 All_mean_jerk_lat = zeros(length(participant_id_vector) ,1);
1747 All_max_jerk_long = zeros(length(participant_id_vector) ,1);
1748 All_max_jerk_lat = zeros(length(participant_id_vector) ,1);
1749 All_STD_jerk _long = zeros(length(participant_id_vector) ,1);
1750 All_STD_jerk_lat = zeros(length(participant_id_vector) ,1);
1751 All_distance_CV = zeros(length(participant_id_vector) ,1);

1752 All_distance_LB = zeros(length(participant_id_vector) ,1);
1753 All_ttc = zeros(length(participant_id_vector) ,1);

1754 All_deceleration_CV = zeros(length(participant_id_vector) ,1);
1755 All_quicknesslong = zeros(length(participant_id_vector) ,1);
1756 All_quicknesslat = zeros(length(participant_id_vector) ,1);
1757

1758

1759 switch scenario

1760 case{1,3,5}

1761

1762 %Cuda

1763 Cuda_ttc = Data(cuda_id).cuda.ego.measures. ttc
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1764 Cuda_distance_LB
1765 Cuda_distance CV

Data(cuda_id).cuda.measures.LBdistance;
Data(cuda_id).cuda.measures.euclidean_lowest ;

1766 Cuda_deceleration_CV = Data(cuda_id).cuda.measures.braking_follower;
1767

1768 Cuda_MeanAccx = Data(cuda_id).cuda.ego.mean_accx;

1769 Cuda_MeanAccy = Data(cuda_id).cuda.ego.mean_accy;

1770 Cuda_MaxAccx = Data(cuda_id).cuda.ego.max_accx;

1771 Cuda_MaxAccy = Data(cuda_id).cuda.ego.max_accy;

).
1772 Cuda_STDAccx = Data(cuda_id).cuda.ego.STDaccx;
1773 Cuda_STDAccy Data(cuda_id).cuda.ego.STDaccy;
1774
1775 Cuda_MeandJerkx
1776 Cuda_Meanderky
1777 Cuda_MaxdJerkx
1778 Cuda_MaxJerky
1779 Cuda_STDJerkx
1780 Cuda_STDJerky
1781
1782 All _cuda = [Cuda_ttc, Cuda_distance_CV, Cuda_distance_ LB,
Cuda_deceleration_CV , 0, 0,

Data(cuda_id).cuda.ego. mean_jerk_lat;

Data(cuda_id).cuda.ego.mean_jerk_long;
Data(cuda_id).cuda.ego. max_jerk_lat;
Data(cuda_id).cuda.ego.max_jerk long;
Data(cuda_id).cuda.ego.STDjerk_lat;
Data(cuda_id).cuda.ego.STDjerk _long;

1783 Cuda_MeanAccx, Cuda_MeanAccy, Cuda_MaxAccx, Cuda_MaxAccy ,
Cuda_STDAccx, Cuda_STDAccy. ..

1784 Cuda_MeandJerkx, Cuda_MeanJerky, Cuda_MaxJerkx, Cuda_MaxdJerky,
Cuda_STDJerkx, Cuda_STDJerky ];

1785

1786 filename = ([ 'Cuda_measures_scenario’ num2str(scenario) ' ID '~ num2str(

cuda_id)]);

1787 xlswrite (filename , All_cuda)

1788

1789

1790 case{2,4,6}

1791

1792 Cuda_ttc = Data(cuda_id).cuda.ego.measures. ttc ;

1793 Cuda_distance_LB = Data(cuda_id).cuda.measures.LBdistance;

1794

1795 Cuda_MeanAccx Data(cuda_id).cuda.ego.mean_accx;

179 Cuda_MeanAccy = Data(cuda_id).cuda.ego.mean_accy;
1797 Cuda_MaxAccx Data(cuda_id).cuda.ego.max_accx;
1798 Cuda_MaxAccy Data(cuda_id).cuda.ego.max_accy;
1799 Cuda_STDAccx Data(cuda_id).cuda.ego.STDaccx;

1800 Cuda_STDAccy Data(cuda_id).cuda.ego.STDaccy;

1801

1802 Cuda_MeanJerkx
1803 Cuda_Meanderky
1804 Cuda_MaxdJerkx
1805 Cuda_MaxdJerky
1806 Cuda_STDJerkx
1807 Cuda_STDJerky

1808

Data(cuda_id).cuda.ego.mean_jerk_lat;

Data(cuda_id).cuda.ego.mean_jerk_long;
Data(cuda_id).cuda.ego. max_jerk_lat;
Data(cuda_id).cuda.ego.max_jerk_long;
Data(cuda_id).cuda.ego.STDjerk_lat;
Data(cuda_id).cuda.ego.STDjerk long;

1809 All _cuda = [Cuda_ttc, 0, Cuda_distance LB, 0 , 0, O,

1810 Cuda_MeanAccx, Cuda_MeanAccy, Cuda_MaxAccx, Cuda_MaxAccy ,
Cuda_STDAccx, Cuda_STDAccy...

1811 Cuda_MeandJerkx, Cuda_MeanJerky, Cuda_MaxJerkx, Cuda_MaxdJerky,

Cuda_STDJerkx, Cuda_STDJerky 1];

1812
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filename = ([ 'Cuda_measures_scenario’ num2str(scenario) ' ID_ ' num2str
(cuda_id)]);

xlswrite (filename , All_cuda)

end
case 0
%Nothing
end

%% Write output file

switch output
case 1

for i = participant_id_vector
All_ID (i) = i;
All_ID (All_ID==0) = [];

All_mean_accx (i) = Data(i).participant.ego.mean_accx;
All_mean_accx( All_mean_accx==0) = [];

All_mean_accy (i) = Data(i).participant.ego.mean_accy;
All_mean_accy( All_mean_accy==0) = [];

All_max_accx(i) = Data(i).participant.ego.max_accx;
All_max_accx (All_max_accx==0) = [];

All_max_accy (i) = Data(i).participant.ego.max_accy;
All_max_accy( All_max_accy==0) = [];

All_STD_accx(i) = Data(i).participant.ego.STDaccx;
All_STD_accx( All_STD_accx==0) = [];

All_STD_accy(i) = Data(i).participant.ego.STDaccy;
All_STD_accy( All_STD_accy==0) = [];

All_mean_jerk_long (i) = Data(i).participant.ego.meanjerk_long;
All_mean_jerk_long (All_mean_jerk_long==0) = [];

All_mean_jerk_lat(i) = Data(i).participant.ego.meanjerk_lat;
All_mean_jerk_lat(All_mean_jerk _lat==0) = [];

All_max_jerk_long (i) = Data(i).participant.ego.max_jerk_long;
All_max_jerk_long (All_max_jerk_long==0) = [];

All_max_jerk _lat(i) = Data(i).participant.ego.max_jerk lat;
All_max_jerk_lat(All_max_jerk_lat==0) = [];

All_STD_jerk_long(i) = Data(i).participant.ego.STDjerk_long;
All_STD_jerk_long (All_STD_jerk_long==0) = [1;
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1868

10 All_STD_jerk_lat(i) = Data(i).participant.ego.STDjerk_lat;

w0 All_STD_jerk_lat(All_STD_jerk_lat==0) = [];

1871

w2 %All_distance _CV (i) = Data(i).participant.overtaker.distance lowest;

w73 %All_distance_CV (All_distance_CV==0) = [];

1874

1zs All_distance_LB (i) = Data(i).participant.ego.measures.LBdistance;

e All_distance_ LB (All_distance LB==0) = [];

1877

s All_ttc (i) = Data(i).participant.ego.measures. ttc.TTC;

1879 AII_ttc(AII_ttc==0) = [1;

1880

1e1 %All_deceleration_CV (i) = min(Data(i).participant.overtaker.accy(
overtake_ start:overtake end));

122 %All_deceleration _CV (i) = min(Data(i).participant.overtaker.accy(
overtake_start:end));

13 %All_deceleration_CV (All_deceleration_CV==0) = [];

1884

1885

16 % All_quicknesslong (i) = Data(i).participant.ego.measures.Long_quickness;

187 % All_quicknesslong (All_quicknesslong==0) = [];

1888 0/0
189 % All_quicknesslat(i) = Data(i).participant.ego.measures.Lat_quickness;
10 % All_quicknesslat(All_quicknesslat==0) = [];
1891
1892
1893 end
1894 zerovector = zeros(length(All_ID) ,1);
1895
1896 switch scenario
1897 case 1
1898
1899 All_metrics = [AlIl_ID’, All_ttc’ , All_distance_CV’ |,
All _distance_LB’, All _deceleration_CV’ , zerovector ,
zerovector
1900 All_mean_accx’, All_mean_accy’ ,All_max_accx’ , All_max_accy’ |,
All_STD_accx’ , All_STD_accy’ , All_mean_jerk_lat’,...
1901 All_mean_jerk_long’ ,All_max_jerk_lat’, All_max_jerk_long’ ,
All_STD_jerk_lat’, All_STD_jerk_long’];
1902
1903
1904 filename = 'All_measures scenariol’;
1905 xlswrite (filename , All_metrics)
1906 case 2
1907
1908 All_metrics = [AIl_ID’, All_ttc’ ,zerovector,
All_distance_LB’ , zerovector, zerovector ,zerovector
1909 All_mean_accx’, All_mean_accy’ ,All_max_accx’ , All_max_accy’ |,
All_STD_accx’ , All_STD_accy’ , All_mean_jerk_lat’,...
1910 All_mean_jerk_long’ ,All_max_jerk_lat’, All_max_jerk_long’ ,
All_STD jerk_lat’, All_STD_jerk_long ’];
1911
1912
1913 filename = 'All_measures_scenario2’;

1914 xlswrite (filename , All_metrics)
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end

case 3
All_metrics = [AIl_ID’, All_ttc’ , All _distance CV’ ,
All_distance_LB’, All _deceleration_ CV’ , zerovector
zerovector
All_mean_accx’, All_mean_accy’ ,All_max_accx’ , All_max_accy’
All_STD_accx’ , All_STD_accy’ , All_mean_jerk_lat’,...

All_mean_jerk_long’ ,All_max_jerk_lat’, All_max_jerk_long’
All_STD jerk_lat’, All_STD_jerk_long ’];

filename = ’All_measures_scenario3’;
xlswrite (filename , All_metrics)
case 4
All_metrics = [All_ID’, All_ttc’ ,zerovector,

All_distance_LB’, zerovector, zerovector ,zerovector

All_mean_accx’, All_mean_accy’ ,All_max_accx’ , All_max_accy’ |,

All_STD _accx’ , All_STD accy’ , All_mean_jerk lat’,...
All_mean_jerk_long’ ,All_max_jerk_lat’, All_max_jerk_long’
All_STD_jerk_lat’, All_STD_jerk_long '];

filename = 'All_measures_scenariod ’;
xlswrite (filename , All_metrics)
case 5

All_metrics = [AIl_ID’, All_ttc’ , All _distance LB,
zerovector ,zerovector

’

All_mean_accx’, All_mean_accy’ ,All_max_accx’ , All_max_accy’

All_STD_accx’ , All_STD_accy’ , All_mean_jerk_lat’,...
All_mean_jerk_long’ ,All_max_jerk_lat’, All_max_jerk _long’
All_STD_jerk_lat’, All_STD_jerk_long’];

filename = 'All_measures_scenario5’;
xlswrite (filename , All_metrics)
case 6

All_metrics = [AIl_ID’, All_ttc’ , All _distance LB’

zerovector ,zerovector

All_mean_accx’, All_mean_accy’ ,All_max_accx’ , All_max_accy’

All_STD_accx’ , All_STD_accy’ , All_mean_jerk_lat’,...
All_mean_jerk_long’ ,All_max_jerk_lat’, All_max_jerk_long’
All_STD jerk_lat’, All_STD_jerk_long ’];

filename = ’All_measures_scenario6’;
xlswrite (filename , All_metrics)
end

case 0
disp ([ "output not wanted’])
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A.4. Reproducibility and Archiving

The exact driving scenario descriptions can be found in Appendix A, these were used as templates for
the simulator programming, which was performed by Ingo Krems, Claus-Heiko Winkler, and Andreas
Ronellenfitsch, at the Porsche 'Virtueller Fahrerplatz 2’ in Weissach, Germany. All data, both from the
human-in-the-loop driving simulator study and that belonging to the CudaDP planner simulations carried
out at Volkswagen Research in Wolfsburg, are stored and kept by Fabian Doubek, at the Porsche R&D
Facility in Weissach. Besides the raw data, the pre-processed dataset used for statistical analysis, and
the used Matlab script (Appendix C) are stored there as well.
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