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Abstract

The introduction of autonomous vehicles in traffic is driven by expected gains in multiple
areas, such as improvement of health and safety, better resource utilization, pollution
reduction and greater convenience. The development of more competent algorithms will
determine the rate and level of success for the ambitions around autonomous vehicles. In
this thesis work an intersection management system for a mix of autonomous and manu-
ally driven vehicles is created. The purpose is to investigate the strategy to combine turn
intention prediction for manually driven vehicles with scheduling of autonomous vehicle.
The prediction method used is support vector machine (SVM) and scheduling of vehicles
have been made by dividing the intersection into an occupancy grid and apply different
safety levels.

Real-life data comprising recordings of large volumes of traffic through an intersection
has been combined with simulated vehicles to assess the relevance of the new algorithms.
Measurements of collision rate and traffic flow showed that the algorithms behaved as
expected. A miniature vehicle based on a prototype for an autonomous RC-car has been
designed with the purpose of testing of the algorithms in a laboratory setting.

Keywords: SVM, support vector machine, classification, autonomous vehicles, semi au-
tonomous system, scheduling, intersection, real data, prototype vehicle
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Sammanfattning

Införandet av autonoma fordon i trafiken drivs av förväntade vinster i flera områden, så-
som förbättring av hälsa och säkerhet, bättre resursutnyttjande, minskning av föroreningar
och ökad bekvämlighet. Utvecklingen av mer kompetenta algoritmer kommer att bestämma
hastigheten och nivån på framgång för ambitionerna kring autonoma fordon. I detta
examensarbete skapas ett korsningshanteringssystem för en blandning av autonoma
och självkörande bilar. Syftet är att undersöka strategin att kombinera prediktion
av hur manuellt styrda bilar kommer att svänga med att schemalägga autonoma bi-
lar utifrån detta. Prediktionsmetoden som använts är support vector machine (SVM)
och schemaläggning av bilar har gjorts genom att dela upp korsningen i ett occupancy
grid och tillämpa olika säkerhetsmarginaler.

Verklig data från inspelningar av stora volymer trafik genom en korsning har kombinerats
med simulerade fordon för att bedöma relevansen av de nya algoritmerna. Mätningar av
kollisioner och trafikflöde visade att algoritmerna uppträdde som förväntat. Ett mini-
atyrfordon baserat på en prototyp av en självkörande radiostyrd bil har tagits fram i
syfte att testa algoritmerna i laboratoriemiljö.

Nyckelord: SVM, support vector machine, klassificering, autonoma fordon, semi-autonoma
system, schemaläggning, korsning, verklig data, prototyp fordon
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Abbreviations

ROS Robot operating system
AV Autonomous vehicle
HV Human/manually driven vehicle
ADAS Advanced driver assistance systems
DSCR Dedicated short rang communication
V2V Vehicle to vehicle communication
V2I Vehicle to infrastructure communication
V2X Vehicle to everything communication
IMU Inertial measurement unit
GPS Global Positioning System
CTRA Constant turn rate and acceleration
LBS Location based service
GIS Geographic information system
HMM Hidden Markov Model
SVM Support vector machine
DBN Dynamic Bayesian Network
LSTM Long Short Term Memory
RNN Recurrent neural network
QDA Quadratic discriminant analysis
ANN Artificial Neural Network
UAR Unweighted average recall
LM Levenberg-Marquardt
DLS Damped Least-Squares
MC-SVM Multi-Class Support Vector Machine
OvO One versus One
OvA One versus All
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1 Introduction

1.1 The nessecity to make traffic safer

According to the Global status report on road safety 2015, [47], about 1.25 million people
die each year as a result of road traffic crashes and an additional 20 to 50 million people
suffer non-fatal injuries, with many incurring a disability as a result of their injury. Road
accidents are the leading cause of death for people age 15-29, figure 1.

Figure 1: Road traffic injuries are the leading world wide cause of death for people aged
15-29. Figure from [47].

A predominant part of traffic accidents are caused by driver error as stated by Singh,
[44]. Safety functions in vehicles play an important role in accommodating human error,
both in averting crashes and reducing the likelihood of serious injury in the event of a
crash, [47].
The latter aspect, commonly called passive safety, covers inventions such as airbags and
seat-belts, safety functions based on facts about what has already happened while the
former one, commonly known as active safety, also aim at averting collisions based on
believes about what is going to happen. These systems are collectively called ADAS -
Advanced Driver Assistance Systems. Examples of ADAS functions already in use on the
roads are Adaptive Cruise Control, Forward Collision Warning, Lane Departure Warning
along with many more, as listed in [1]. Implementing these systems lead to automated
or even autonomous vehicles. SAE international, [4], has defined a new standard called
"Taxonomy and Definitions for Terms Related to On-Road Motor Vehicle Automated
Driving Systems" which identifies six levels of driving automation from no automation
(a human is in full control of the vehicle) to full automation (the vehicle is completely
autonomous in all situations). According to McKinsey, [39], a progressive scenario of
autonomous car technology could mean that about 50% of passenger vehicles sold in
2030 will be highly autonomous and about 15% of all vehicles sold will be completely
autonomous, figure 2.
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Figure 2: According to McKinsey, [39], a progressive scenario of autonomous car tech-
nology could mean that about 50% of passenger vehicles sold in 2030 will be highly au-
tonomous and about 15% of all vehicles will be completely autonomous. A low-disruptive
scenario predicts that highly autonomous vehicles won’t enter the market until 2035 -
and then in a lower scale.

In 1999 the United States Federal Communications Commission, [14], decided to use
the 5.850-5.925 GHz band for Dedicated Short Range Communications (DSRC) sys-
tems to provide a short range, wireless link to transfer information between vehicles and
roadside systems, so called vehicle to vehicle (V2V) or vehicle to infrastructure (V2I)
communication. Collectively called vehicle to everything (V2X) communication. Uti-
lizing communication can add further to automated and autonomous vehicles and open
up for new applications that could conduce traveler safety, decrease traffic congestion,
and facilitate the reduction of air pollution and conservation of fossil fuels. Possible
applications resulting from ADAS and DSRC are for example emergency vehicle avail-
ability, platooning, traffic congestion avoidance and intersection collision avoidance.

Of the three factors (figure 2) that will determine the introduction rate for autonomous
vehicles, technical solutions in the form of suitable algorithms is the key enabler. A large
number of companies in many industries are competing intensely to get to market with
new products. The performances of the algorithms are at the core of this race. Early
decisions on design strategy are critically important to arrive at relevant code.
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This thesis aims to contribute to the early phase when coding strategy is to be set.

In the foreseeable future autonomous vehicles must be made compatible with cars driven
by people. One of the most challenging situations is when autonomous vehicles mix
with manually driven vehicles in intersections. A compilation made by TRACE year
2009, [18], of in-depth analysis of road accidents in Spain, UK, Germany, Italy and
France concludes that accidents at intersections represent 43% of injury accidents, 21%
of fatalities and 34% of accidents leading to severe injuries. Two of the key events causing
the accidents were misinterpretation and poor evaluation of the situation. Traffic lights
provide safety as long as traffic light rules are followed. But intersections controlled by
traffic lights often causes bottlenecks in traffic flow leading to congestion, pollution and
waste of time for people stuck in the queue. And when accidents occur they often involve
high speed and cause severe injuries. Autonomous driving has a potential for improving
safety and efficiency at intersections.

Scheduling multiple vehicles’ journeys through an intersection based on intention pre-
diction is a less researched area for the purpose of making capable autonomous vehicles.
Therefore, in the work for this thesis, algorithms have been developed that allow for
assessment of how the combination of intention prediction and scheduling may be part
of a viable design strategy. This paper describes a first set of iterations with useful
components - data simulation by means of the new algorithms, testing of the algorithms
on real data and construction of a model vehicle for laboratory testing of the algorithms,
respectively.

1.2 Purpose

The purpose of this thesis work is to embark on making a prototype set-up of algorithms
and hardware, that will enable assessment of how intersection scheduling for multiple
autonomous vehicles may be based on intention prediction, for the ultimate purpose of
allowing autonomous vehicles to coexist with manually driven vehicles. Primary param-
eters for assessment are collision frequency and average time delay for the autonomous
vehicles’ entry into the intersection, respectively.
The aim is to answer the following research questions:

Principal question

• Will the algorithms developed perform as expected, with regard to changes in
collision frequency and time delay, when the number of vehicles that attempt to
enter the intersection vary and when the entering vehicles are assigned varying
safety margins to each other?

Supporting sub-questions and tasks:

• How can a supervisor functionality be designed in order to predict intentions of
non-autonomous vehicles and handle scheduling of autonomous vehicles based on
that prediction?

• How can intersection scheduling of multiple vehicles and intention prediction be
performed in real-time?
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• Design and make a functional prototype miniature vehicle that can be reproduced
to any number, to facilitate scalable laboratory testing of the new algorithms for
intersection scheduling based on intention prediction.

1.3 Scope

This thesis work make use of recorded real-world data from a single intersection. Since
the manually driven vehicles used in the analysis are pre-recorded, the autonomous ve-
hicles added in the simulations are in effect invisible. However, this circumstance is
not compensated for in this study since the primary objective is limited to an assess-
ment of relative response. The intersection management algorithms are designed for and
evaluated in a SW-model of the real-world 4-way intersection. The treatment of the
model intersection assumes that there is no influence from surrounding circumstances,
e.g. other intersections, traffic lights and adaptive interactions from manually driven
vehicles towards autonomous vehicles.
The prototype miniature vehicle carries basic functionality needed for laboratory testing
of the algorithms, but production of multiple miniature vehicles and subsequent testing
remains for later studies. This thesis work does not aim to yield numbers on collision
rate that are in line with what will be required for any real-life implementation.

Design for sensing and communication are not included in this thesis work and it is
assumed that:

1. Each vehicle can determine its own, and other vehicles’, position without errors.
2. Each vehicle, necessary infrastructure and supervisor can communicate and ex-

change information without delay or data loss.

At last, when it comes to intersection management safety and liveness (where liveness
refers to the requirement that all vehicles will pass the intersection eventually, i.e. we can
guarantee safety if all vehicles just stand still - but that is not an option) are of particular
interest. We will only consider safety and liveness for one particular intersection. We
will not look into cooperation between several intersections which is of interest in order
to assure global safety and liveness.

1.4 Method

This thesis was carried out using an exploratory sequential mixed methods approach as
described by Creswell, [14]. The initial phase of the thesis work included a qualitative
literature study to review the area. AIM and IEEE Xplore have been the main sources for
books, articles and conference proceedings etc that have been analyzed in the literature
study. After the literature study the system was built up in a simulated environment
using an exploratory approach. The system was then evaluated in a quantitative manner
where intersection entry delay for autonomous vehicles and number of collisions were
investigated for different combinations of number of manually driven vehicles, number
of autonomous vehicles and safety level. For the simulations real data for the manually
driven vehicles were used, gathered by the IVSS Intersections project, [25]. Finally a
demonstrator was built where a RC car modified to have autonomous features, with SW
from a previous course project, were used for performing real-life tests of the system.
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1.5 Ethics

Development and implementation of autonomous functionality as products and services
has significant ramifications and must be treated accordingly. Substantial guidance
comes from regulatory requirements.

One aspect to have in mind for autonomy in collision avoidance is how the vehicle should
act if a collision despite everything is inevitable. A classic example of this is the trolley
problem, summed up as: let the trolley continue straight ahead and kill five people or
make the trolley turn to another track and kill one person, described in more detail in
The Yale Law Journal, [49]. Even if a scenario like this would be very unlikely, or even
never would happen, the programming of autonomous vehicles would still have to take
these hypothetical scenarios into account. The work of Bonnefon, Shariff and Rahwan,
[10], showed that most people approved of utilitarian autonomous vehicles (that is, au-
tonomous vehicles that sacrifice their passengers for the greater good) and would like
others to buy them, while they would themselves prefer to ride in autonomous vehicles
that protect their passengers at all costs.

There is also ethics involved in how testing of these systems may be performed in real
life. For example, the decision to expose users and the general public to a new product
which has a certain degree of autonomy cannot be made lightly. Commercial needs and
opportunities should reasonably yield for health and safety interests.

An obvious problem for anyone who goes to market with an autonomous vehicle is li-
ability when an accident has occurred. Most likely, the emerging autonomous vehicle
industry can benefit from established procedures developed over decades in the pharma
industry as well as in the airplane industry where rigorous routines have been imple-
mented in order to have traceability to the very inception of a product concept, in order
to not only handle liability but also to minimize risk.

1.6 Division of work

Ylva’s emphasis was on developing the scheduling method, to structure the overall system
and on report writing. Adrian’s emphasis was on implementing the intention prediction
method and to process the real-life dataset for manually driven vehicles. Beyond that
the workload was evenly shared.

1.7 Outline

This thesis starts with an introduction that aim at putting the thesis in a context,
describe the method used, define the scope and purpose of the thesis and discuss ethical
aspects of the area of this thesis. Thereafter follows a chapter that describes the state of
the art of intersection management for semi-autonomous systems and after that a chapter
that aim at giving an overview of the proposed system in terms of functionality, software,
simulations and the demonstrator built. Next comes two chapters that describes the core
of the thesis work, the intention prediction and intersection scheduling respectively. Both
of these chapters begins with summarizing related work in respective area. After this
follows a chapter where the tests performed and the obtained results are described. At
last comes the chapters Discussion, Conclusion and Future work that discuss the results,
presents the conclusions drawn and suggests areas of interest for future work.
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2 Intersection management for semi-autonomous systems

Eshed et al. investigates the next generation of driver assistance and intelligent vehicles
in terms of how humans and highly automated or self-driving vehicles interact and co-
operate. They define three areas where understanding, modeling and predicting human
behaviour is of importance; human in vehicle cabin, human around vehicle and human
in surrounding vehicles. When looking at humans in surrounding vehicles, vision-based
algorithms can be applied to understand behavior and intent, predict maneuvers, and
recognize skill, style, and attention [17]. This area is widely researched when it comes to
collision avoidance in intersections where an automated or autonomous vehicle predicts
the turn intent or future trajectory of another vehicle. Furthermore, a lot of research
can be found that investigates cooperative intersection crossing methods for multiple
autonomous vehicles. But to the extent of our knowledge not much research is done
when it comes to combining these areas in order to investigate efficiency and safety for
a mixture of autonomous and human driven vehicles. However there are some other
approaches for intersection management for semi-autonomous systems - which will be
presented in this chapter.

Ahn et al., [5], uses an experimental setup of three RC cars of which two is controllable
and one is uncontrollable together with a supervisor that employs a scheduling approach
to maintain safety in an intersection. All three RC cars communicate their state to the
supervisor and the supervisor predicts the next state of all cars. If the supervisor predicts
that there is a possibility that some of the cars will be in the intersection at the same
time it will control the controllable cars such that they won’t enter the intersection until
a later time. However, all vehicles travel along separate paths and because of the layout
of the intersection it is not applicable to predict turn intention or increase throughput
by only reserve part of the intersection for different cars instead of the whole intersection
area, see figure 3.

Figure 3: Intersection layout for the experimental setup in the work of Ahn et al., [5].

Verma and Del Vecchio, [51], uses a hybrid automaton with uncontrolled-mode transi-
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tions to model the setup of one autonomous vehicle and one manually driven vehicle
that wants to cross the same intersection. The autonomous vehicle is controlled such
that it never is supposed to enter the intersection if the human driven vehicle is pre-
dicted to be in the intersection area. Dallal et al., [15], also investigates a setup with
several controllable vehicles and one uncontrollable vehicle. The vehicles are linked by
wireless communication and each vehicle is modeled by a first order system. They con-
struct a discrete event system abstraction and formulate the problem in the context of
supervisory control for discrete event systems with uncontrollable events. Dresner and
Stone, [50], builds upon their previous intersection management system for autonomous
vehicles, [27], and incorporate manually driven vehicles by connecting traffic lights to
the system that the human driven vehicles needs to follow. The autonomous vehicles
are allowed to drive against red lights but are often blocked by human driven vehicles
in front of them. Stone et al., [16], also build upon the work by Dresner and Stone,
[27], but incorporate three different types of semi-autonomous vehicles instead. All the
semi-autonomous vehicles can communicate and some of them also have Cruise control
or even adaptive cruise control. The setup requires the driver to press a button installed
in the vehicle in order to ask for access to the intersection. After access have been given
to the intersection the human will need to actively pass part of the control of the vehicle
to a computer while the vehicle passes through the intersection. Liu and Kumar, [52],
have a similar approach as Dresner and Stone and control human driven vehicles in an
intersection by using traffic lights and autonomous vehicles by scheduling algorithms.
Their scheduling algorithms both take into account the states of the approaching vehi-
cles, the current signal light state and the capabilities of the autonomous vehicle to pass
through the intersection at a given time interval.
Liu, Ma and Kumar, [31], focus on provable safety for a mixed transportation system
with human driven and automated vehicles. They set up rules that guarantee safety in
both single-lane and multi-lane traffic. One important insight from their work is that
a mixed transportation system might get lower throughput of vehicles than a system of
only human driven vehicles if the automated vehicles are expected to remain provable
safe with respect to human vehicles. In [30] Liu and Kumar extend the work in [31] to
also include intersections, however they use traffic lights for managing the human driven
vehicles. Automated vehicles are scheduled and allowed to cross red light signals.

While [50], [16], [30] and [52] incorporate traffic lights or requires the human to actively
pass control of the vehicle to a computer another approach is taken by [5] and [51]. They
investigate systems of fewer vehicles and reserves the whole intersection depending on
predicted entry and exit time for the human driven vehicle. Dallal, [15], also goes in that
direction but focus on the supervisory control problem to solve at the discrete event level.
The main contribution by Ma, [31], is the provable safety for single-lane and multi-lane
traffic with a mixture of human driven and automated vehicles.

This thesis will have the same approach as Ahn et el., [5], and schedule autonomous
driven vehicles based on a prediction of the following states of human driven vehicles. But
instead of reserving the whole intersection based on the time the human driven vehicle
are expected to enter and exit the intersection we want to predict the turn intention of the
human driven vehicle and be able to only reserve part of the intersection. Furthermore,
contrary to Ahn et al., [5], we don’t want the supervisor to take over control of the
autonomous vehicles. Instead we want the autonomous vehicles to be responsible for
safety and of following instructions from the supervisor.
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3 System overview

The system is made of three main components, manually (/human) driven vehicles,
called HV:s, autonomous vehicles, called AV:s and a supervisor. The supervisor in turn
is made up of a prediction unit, a scheduler and a booking list. The system is illustrated
in figure 4 and described in detail below.

Figure 4: Overview of the full system consisting of HV and AV vehicles and a supervisor
that in turn consist of a prediction unit, a scheduler and a booking list.

1. HV:s Human driven vehicles can either be observed by a camera that extracts
features about them and sends a message to the supervisor or themselves send a
message to the supervisor. The message that reaches the prediction unit in the
supervisor is φ = (v, a, posx, posy, yaw_rate, ta, id) where ta is the arrival time to
the intersection, id is the id number of the vehicle and v, a, posx, posy, yaw_rate ∈
Rk are velocity, acceleration, global coordinates in x and y and yaw rate during k
time steps.

2. Prediction unit Predicts turn intention and based on that determines what path,
p, the vehicle will travel. The prediction unit sends message θ = (p, ta, id) to the
scheduler.

3. Scheduler Retrieves θ from prediction unit or AV unit. Based on the information
in θ it creates booking information B = (x1, x2, x3, x4, y1, y2, y3, y4, t, id) where
id is the id of the vehicle and x1, x2, x3, x4, y1, y2, y3, y4, t ∈ Rk is the booking
information in terms of position and time, as further described in chapter 5 Inter-
section scheduling. The scheduler retrieves information about all current bookings
stored in the booking list and when the new booking is updated so that no conflict
occur it is saved to the booking list. The scheduler sends message β = (te, id) to
the AV:s where te is the allowed entry time to the intersection for that id.

4. Booking list The booking list stores all non-conflicting bookings in the set S.

5. AV:s Sends message θ = (p, ta, id) to the scheduler, where p is the path the vehicle
will travel, ta is the arrival time and id the id of the vehicle. The AV unit receives
message β = (te, id) from the scheduler and regulates themselves accordingly.

The system is based on relative time, where each iteration of the code corresponds to
one time step. Hence the actual length of a time step will vary, however one time-step
is supposed to correspond to 50 ms.
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3.1 Simulation environment

The simulation environment is developed in C++ and uses the middle ware ROS ki-
netic, short for Robot Operating System, [3]. ROS is an open source framework for
writing software for robots and provides connection of modules by enabling sending and
receiving time stamped data. The simulation environment is a model of an intersection
in Gothenburg, Sweden - since a dataset of manually driven vehicles recorded in this
intersection was available for the thesis work. The real intersection can be seen in figure
8. The simulated intersection is visualized using the ROS package rviz and can be seen
in figure 5.

Figure 5: Simulation environment visualized in rviz.

Both autonomous vehicles and manually driven vehicles are represented as rectangles
with width 2 meters and length 3 meters. The autonomous vehicles travel at either
maximum speed or stands still and it is assumed that an AV can switch between these
two states instantaneously. An AV can drive along four different paths as shown in figure
6a. The paths the AV:s are allowed to travel along are constructed using cubic hermite
splines. Cubic Hermite splines are defined using piece-wise third order polynomials
where each spline segment is defined between two points with each point represented by
a position ~pi and the first derivative ~mi of each endpoint. The AV:s are not allowed to
drive too close to or pass vehicles in front of them.
The manually driven vehicles are a representation of real vehicles recorded and stored
in a dataset by authors of [25]. The dataset are described in more details in the chapter
below. In the simulations the HV:s behave according to the data in the dataset in terms
of lane placement, velocity, acceleration and yaw angel. However they do not drive at
the right time, i.e the vehicles real start time in relation to each other are not considered.
The dataset was recorded in a four-way intersection but only three of the four ways was
in use. Therefore the HV:s will be driving in six different directions as illustrated in
figure 6b.
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(a) The AV:s can drive along 4 different paths. (b) The HV:s can drive in 6 different directions.

Figure 6: Driving directions for AV:s and HV:s.

In order to detect collisions each vehicle is represented by two circles. If the distance
between any of the center points of the circles representing vehicle 1 and the center points
of any of the circles representing vehicle 2 is smaller then the sum of respective radius a
collision have occurred. The principle is illustrated in figure 7.

Figure 7: In order to detect collision each vehicle is represented by two circles. If the
distance between any of the circles representing different vehicles are smaller then the
sum of their radius a collision have occurred.

3.2 Dataset

The creation of the dataset used in this thesis was funded partly by the Swedish govern-
ment (via IVSS - a program to stimulate research and development for the road safety of
the future) and the Swedish automotive industry. More information about the dataset
and the initiative and research connected to it can be found in [25].
The intersection in which the dataset was recorded is called Sävenäs and is located in the
Gothenburg area, Sweden. The intersection can be seen in figure 8. Data was retrieved
by a camera placed on top of one of the nearby buildings.
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Figure 8: The Sävenäs intersection close to Gothenburg, Sweden, where the dataset was
recorded.

Originally the dataset contained 115000 vehicles. But since two parking lots are located
close by the intersection the dataset contained both false and very short tracks. Vehicles
that covered less than 40 meters of road or where outside road bounds were excluded from
the database. After sorting out vehicles considered as bad ones the dataset contained
30172 vehicles.

The dataset consist of the following columns as shown in table 1. The label column has
been added to the database in this thesis work and is the turn direction of the car where
label 1 = left turn, label 2 = right turn and label 3 = straight.

Table 1: Database columns

ID
Length m
Width m
Height m
Time
XRT90

Y RT90

Yaw angle, Θ

Velocity m/s
Acceleration m/s2

Label

Even though the vehicles in the dataset have parameters for height and width they are
still considered to be the same size as described in chapter 3.1 Simulation environment.
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3.3 Prototype miniature vehicle

The prototype miniature vehicle is based on a prototype of a mini-autonomous veichle
that was made in the course MF2059 Higher course in mechatronics. Some hardware
updates were made for the demonstrator: the camera Nit6X_5MP was exchanged to
a Logitech Web camera HD Pro C920, the Nitrogen 6Max motherboard was exchanged
for an Intel NUC i7 Skull Canyon Skylake I7-6770HQ and the STM32f4 microcontroller
mounted on a custom made pcb was exchanged for an Arduino Mega2560 and an Arduino
motor shield. The other hardware used for the demonstrator was the same as for the
autonomous prototype and includes a FingerTech "Gold Spark" 16 mm Gearmotor, an
e6001 servo and hall effect sensors. A RPLIDAR 360 that was used for the autonomous
prototype was also mounted on the demonstrator, but wasn’t used in any experiments.
The updates in hardware required some new software written for motor and servo control
and for encoder readings. All other software needed for autonomous driving was taken
from the course project MF2059. The demonstrator can be seen in figure 9.

Figure 9: Demonstrator.

The architecture of the demonstrator can be seen seen in figure 10.
A track for testing the demonstrator was made and can be seen in figure 11.
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Figure 10: Demonstrator architecture.

Figure 11: The test track.
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4 Intention prediction

4.1 Related work

According to Lefèvre et al., [29], the approaches to manoeuvre prediction can be classified
into two main groups: motion-based approaches and behaviour-based approaches.
Motion-based approaches use kinematic and/or dynamic models to describe a vehicle’s
motion and try to calculate its state evolution (e.g. position, speed and orientation) over
time when a control input (e.g. acceleration) is applied.
Behaviour-based approaches exploit the fact that in a given context, vehicles often exhibit
typical motion patterns. If the vehicles behaviour can be identified, the motion pattern
can be used to predict motion.

Motion-based approaches

Annell et al., [8], designed a probabilistic collision estimation system that generates a
probability field representing possible future positions of an observed vehicle and esti-
mates how likely a collision is based on that.
They used the motion model CTRA - Constant Turn Rate and Acceleration, to make
time predictions of a vehicle state for short term and then compare the state of the ob-
served vehicle with computer generated intention paths. This is because motion models
are fairly accurate for short time predictions while paths defined by road geometry is
more likely to be followed on the long term. The intention paths are generated by uti-
lizing map information coupled with speed gradients and describe the center-line of all
different maneuvers in an intersection, such as going straight through or turning. The
state of the observed vehicle is compared to the state of all reference trajectories at the
point closest to the car. This comparison is done by taking the Euclidean norm of the
difference between these states and the vehicle state individually. The most probable
reference trajectories obtained from this comparison are then individually weighted with
the dynamic model for the vehicle using a weight function to obtain a predicted path.
In order to predict the uncertainty along the most probable trajectories Annell et al., [8],
investigates two different filters; Kalman filter and particle filter. After that probability
fields for collisions are calculated using a probability density function. Lastly they con-
struct a planning controller that controls the ego vehicle such that the lowest collision
probability along the whole prediction horizon is obtained. The system is not real-time
applicable. Wang et al., [53], used a double Kalman filter consisting of one yaw angle
Kalman filter and one position Kalman filter to fuse Global Positioning System (GPS),
and Inertial measurement unit (IMU), data in order to make trajectory predictions for
left turning vehicles. They used Matlab simulated data as real trajectories and assumed
that vehicles moved at a constant speed and were equipped with Location based service
(LBS), where LBS is a technology that integrates GPS, Geographic information system
(GIS), sensors and telecommunication.

Behaviour-based approaches

Tang et al., [48] uses three different statistical learning approaches in order to predict
turn directions in intersections; Hidden Markov Model (HMM), Support Vector Machine
(SVM) and Dynamic Bayesian Network (DBN). The models are trained on naturalistic
data . They assume V2V communication for transfer of data such as velocity, acceleration
and GPS/IMU data. From the GPS/IMU data they extract the following features:
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• Distance between vehicle and lane center

• Distance to intersection

• Angle of vehicle’s driving direction relative to the lane direction

• Velocity of vehicle

• Acceleration of vehicle

They managed to achieve highest accuracy for when the vehicle has not yet reached the
intersection by using SVM as depicted in the figure below 12.

Figure 12: Accuracy in percentage for driver’s intention prediction using HMM, SVM
and DBN

Streubel et al., [46], also uses HMM to predict direction of travel in a four-way inter-
section. Their focus is on the variation of model parameters and choice of dataset for
learning. They achieve prediction rates above 90% with mean prediction time up to 7
seconds before entering the intersection area. Their result can be seen in figure 13 in
form of a confusion matrix.

Figure 13: Confusion matrix

Lecce et al., [28], uses a two layer perceptron neural network with 15 inputs and 5 outputs
in order to classify driving patterns. The input is accelerometer and GPS data; ax, ay,
v, r, θ sampled at 1 Hz during three seconds, therefore causing 15 inputs. The five
outputs are forward acceleration, forward breaking, curve entering, curve leaving and
car overtaking. They use back-propagation with gradient descent to minimize an error
cost function. They train on a one hour drive and then test on 10 different driving routes.
With four nodes in the hidden layer they get 88% successful classifications with training
function Levenberg-Marquardt (LM) also known as damped least-squares (DLS). Chinea
et al., [13], used a Recursive neural network to learn typical collision patterns from data
so that potentially dangerous configurations could be identified later on. Their result
shows that the neural network were able to recognize new dangerous situations.

Khosroshahi et al., [22], used a Long Short Term Memory (LSTM) recurrent neural
network (RNN) to classify ego surround vehicles maneuvers in a four-way intersection.
They defined the following labels/classes as shown in figure 14 below.
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Figure 14: 12 different trajectories defined as labels/classes

They managed to achieve 75% accuracy classifying between these 12 classes. Bender
et al., [9], used a simple method based on quadratic discriminant analysis (QDA) for
predicting which manoeuvre a driver will execute at a three way T-intersection (QDA, is
a classic classifier that have proven to work well in practice and have no hyperparameters
to tune). The method is computationally efficient and developed with a view to being
applied to complex road networks using naturalistic driving data. At a distance of 40
meters before the intersection, they managed to achieve an accuracy of 50% and an
accuracy of 60% when the vehicles reached the intersection.
Gross et al., [20], uses SVM and a Random Decision Forest respectively to predict route
and stopping intent of human-driven vehicles at urban intersections. They use position,
heading, acceleration and velocity of observed vehicle as input to the system. Using
random decision forests, the route intent could be predicted with a mean unweighted
average recall (UAR) of 0.76 at 30 m before the relevant intersection center.
Samanta et al., [43] compares Artificial neural network, (ANN) with SVM with radial ba-
sis kernel function for fault detection. Both methods are trained using the same dataset
and the same feature vector. They conclude that the performance of the SVM method
was substantially better than ANN, both in terms of computation time and accuracy.

For a low number of classes to classify between all reports concluded that SVM performed
the best. Other machine learning methods, such as RNN and ANN, was to prefer when
there was a high number of classes to classify between. This substantiated the choice
to use SVM as the classification method. However, since SVM is a binary classifier the
extended Multi-class support vector machine (MC-SVM) was chosen in order to be able
to classify between the three classes turn left, turn right and continue straight.

4.2 Theory

According to Nasien et al., [37], SVMs are based on statistical learning theory that
uses supervised learning. In supervised learning a machine is trained using a number of
training examples of input-output pairs. The objective of training is to learn a function
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which best describes the relation between the inputs and the outputs

All theory described below is based on the lectures on Artificial Intelligence given by
Winston at MIT, [54].

When used for classification, SVM will separate a given set of binary labeled training
data with a hyper-plane that is maximally distant from them (known as ‘the maximal
margin hyper-plane’).

Given a dataset D = {(xi, yi)} of labeled examples where yi ∈ {-1,1}. The task is to
determine among the infinite number of linear classifiers that separate the data.

In order to define an optimal hyperplane, the width of the margin needs to be maximized
as shown in figure 15. The first step is to introduce a weight vector −→w as shown in figure
16 that is perpendicular to the median of the margin and picking an unknown sample
for classification where a vector −→x is drawn to that unknown sample.

Figure 15: Optimal hyperplane which linearly separates the 2 classes where the margin
is maximized, figure from [2]

The goal is to determine whether that unknown sample is on the right- or left side of
the margin, which is done by projecting −→x onto −→w and check whether the projection
is larger or smaller than some constant value b, in other words check whether the dot
product is large enough to cross the decision boundary which is the dotted line depicted
in the figure above. In this case the unknown sample will be classified as +1

−→w · −→x ≤ b. (1)

Rearranging equation 1 will lead to the following decision rules

−→w · −→x+ + b ≥ +1 =⇒ yi = +1 (2)
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−→w · −→x− + b ≤ −1 =⇒ yi = −1. (3)

Equation 2 and 3 can be combined into

yi(
−→w · −→xi + b)− 1 = 0. (4)

As mentioned before the weight vector −→w is the normal of the plane so in order to find
the width of the margin, a +1 sample on the margin is subtracted form a −1 sample on
the margin times the unit vector of the weight vector −→w a s can be seen in equation 5.
Samples on the margin are called the support vectors.

(−→x+ −−→x−) ·
−→w
||−→w ||

=
2

||−→w ||
(5)

where x+ = 1− b and −x− = 1 + b.

The following equation must be maximized in order to maximize the width of the margin

MAX
2

||−→w ||
=⇒ MAX

1

||−→w ||
=⇒ MIN ||−→w || =⇒ MIN

1

2
||−→w ||2. (6)

Figure 16: Weight vector −→w perpendicular to the median of the margin, figure from [38]

The equation above is a function subjected to constraints in equation 4. This will
create a constrained optimization problem which is best solved by introducing Lagrange
multipliers. Using Lagrange multipliers will make it much easier to either maximize or
minimize an expression subjected to constraints. Introducing the Lagrangian expression
L as shown below in equation 7 and finding the extreme minimum of that expression by
computing the gradient which can be seen in equation 8 adn 9. The gradients of both
the function and the constraint will be parallel, but may be of different sizes or different
directions which is why each constraint is assigned a Lagrange multiplier α which is a
scaling factor.

18



L =
1

2
||−→w ||2 −

∑
i

αi[yi(
−→w · −→xi + b)− 1] (7)

∂L
∂−→w

= −→w −
∑
i

αiyi
−→xi = 0 =⇒ −→w =

∑
i

αiyixi (8)

∂L
∂b

= −
∑
i

αiyi =⇒
∑
i

αiyi = 0 (9)

Equation 7, 8 and 9 will lead to the following equation

L =
∑
i

αi −
1

2

∑
i

∑
j

αiαjyiyj(
−→xi−→xj) (10)

Now the new expression for −→w from equation 8 can be used to put into equation 4 in
order to classify unknown samples.∑

i

αiyi
−→xi−→xj + b ≥ 0 =⇒ + sample (11)

For cases in which no linear separation is possible, SVM can work in combination with
the technique of ‘kernels’, that automatically realizes a non-linear mapping to a feature
space . The hyper-plane found by the SVM in feature space corresponds to a non-linear
decision boundary in the input space as shown in Figure 17.

Figure 17: The data points are not linearly separable in the input space to the left. Data
points can be linearly separated in the feature space to the right by applying a kernel
function Φ, figure from [41]

Equation 10 is the function that needs to be optimized where (−→xi ·−→xj) is the dot product
of two samples. Imagine a function Φ that maps the data into another space, instead
of computing this dot product (−→xi · −→xj) compute Φ(−→xi) · Φ(−→xj) which is the expression
that needs to be maximized. This is expensive and time consuming, instead a kernel
function K could be used to produce the dot product between two samples in another
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space without needing to know the transformation into that other space as shown in
figure 18.

K(−→xi ,−→xj) = Φ(−→xi) · Φ(−→xj). (12)

Figure 18: The data points to the left, which are in the R2 plane are not linearly
separable, but it is possible to linearly separate the data points by raising the power of
all data points to R3 to the right, figure from [41]

Since all the computations are done using the kernel function, there is no need to work
in the higher dimensional space. The computation of the kernel function may be very
simple, even if the underlying space is of very high or even infinite dimension.

There are many kernel functions to choose from, and choosing the right kernel is an
iterative process which depends among other things on the dataset available and highest
accuracy achieved. The most common kernel functions are listed below.

• Linear kernel function
K(−→xi ,−→xj) = −→xi · −→xj (13)

• Radial basis kernel function

K(−→xi ,−→xj) = e−
||−→xi−

−→xj ||
2

2σ2 (14)

• Polynomial kernel function of order d

K(−→xi ,−→xj) = (1 +−→xiT · −→xj)d (15)

• Sigmoid kernel function

K(−→xi ,−→xj) =
1

1 + eβ
−→xi ·β−→xj

(16)
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As described by Foody and Mathur, [19], there are two parameters, C and γ that needs
to be set when training an SVM model in order to avoid overfitting, namely when a
learning model customizes itself too much to the training data. Overfitting makes the
trained model perform very well on trained data but poorly on new data. A visualization
of overfitting and underfitting, wich is the opposite of overfitting, can be seen in figure
19.

Figure 19: Underfitting and Overfitting, figure from [45]

The C parameter controls the trade-off between smooth decision boundary and classify-
ing training points. A large value of C means that a large number of training points will
be classified correctly which decreases generalization.
The γ parameter defines how far the influence of a single training example reaches. For
a high value of γ the training examples closest to the decision boundary will carry a lot
of weight which will make them able to force the decision boundary to correctly classify
those examples. This will give the examples far from the decision boundary a much
lower weight which will make the model to not consider those examples when deciding
on a decision boundary.

Training a classifier requires both a training set and a test set, where the training set
is data from the dataset used by the training algorithm to train the classifier and test
set is available data in the dataset that is "hidden" from the training algorithm. The
drawback here is that every data point from the dataset that is placed in the test set is
a loss for the training set; the more training data available the better the performance
of the classifier.

That is why K-Fold Cross Validation often is used for evaluating the performance of a
classifier. The idea is to partition the dataset into K bins of equal size, which means
that the learning algorithm will run for K separate iterations of learning experiments
described in the following steps:

1. Pick one of the bins as testing set

2. Train the classifier on the remaining bins

3. Test the accuracy of the classifier on the test set

Afterwards an average test result will be calculated from those K iterations. Doing Cross
Validation will increase computation time but the assessment of the learning algorithm
will be more accurate because the entire dataset is being used to both train and test the
classifier as shown in Figure 20.
The result of the validation is often visualized in a confusion matrix.
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Figure 20: 5-fold cross validation, where the data is divided into 5 subsets. For each
iteration the classifier is trained on 4 training set and 1 test set, figure from [12]

4.3 Multi-class SVM

MC-SVM is a recently developed method, which is able to classify more than two classes.
There are two methods developed for MC-SVM; One-versus-One (OvO) and One-versus-
All (OvA). This thesis used the first approach since it faster to train with this approach,
as stated by Milgram et al., [34].

OvO algorithm trains N(N − 1)/2 binary classifiers, one for each pair of classes, for a
N − way multi-class problem. Each classifier is trained using the samples of the first
class as positive examples and the samples of the second class as negative examples. To
combine these classifiers a maximum voting scheme is applied. At prediction time the
class voted by the majority of the classifiers will get predicted as shown in Figure 21.
The one-against-one algorithm was trained using Dlib C++ library, [24].

Figure 21: One-against-One classifier with 3 different decision boundaries, one for each
pair of classes, figure from [6]

In order for SVM to perform well a large dataset is needed for training. To train the SVM
a feature vector were calculated based on data extracted from the dataset. The feature
vector contained the mean, variance and max of the speed and position of the vehicles.
The data used for calculating the feature vector was gathered from up to 60 time steps
before a vehicle reached the intersection until the vehicle reached the intersection. If the
observation of a vehicle approaching the intersection was shorter than 60 time steps - all
data available was used. The feature vector can be seen in table 2.
The MC-SVM were trained using the following kernel functions, Radial basis kernel
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Table 2: Feature vector columns for each vehicle

Car ID µv σv maxv µd σd maxd

function with γ = 0.1 and polynomial kernel function with γ = 0.1, C = 1.0 and
d = 2.0.

The radial basis function kernel were used to obtain a decision function between class 1
and class 3 and class 2 and class 3. The polynomial kernel function were used to obtain
a decision function between class 1 and class 2. The choice of the kernel function and the
γ and C parameters was an iterative process in order to achieve the highest accuracy.
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5 Intersection scheduling

5.1 Related work

According to Kim et al., [23], methods for autonomous intersection crossing can generally
be divided into two categories; centralized and de-centralized. De-centralized means that
vehicles communicate and coordinate by themselves when they are allowed to enter the
intersection. In the other category there exist infrastructure to manage the intersection.

Centralized scheduling

There are different levels of centralized scheduling. Ranging from a 100% centralized
method where a supervisor takes over control of the vehicles when they are in a certain
distance from the intersection, as in [42]. Another approach is that the supervisor only
interferes and take over control when it predicts that a collision is inevitable, as in [7]. A
more common approach is a partly centralized system with a centralized unit that takes
care of the scheduling and de-centralized driver agents that takes care of safety of the
vehicle and that the vehicle follow the rules given by the centralized unit.

One of the simplest approaches for scheduling autonomous vehicles to cross an inter-
section without causing collisions is the First In First Out (FIFO) Crossing Algorithm,
or with another name First Come First Served (FCFS). In this approach vehicles are
prioritized based on their arrival time to the intersection. A vehicle with the earliest
arrival time are allowed to enter the intersection only when there is no other vehicle in
the intersection. This is a popular approach investigated by several works. Kumar et
al., [26], are one of them, they propose a provably safe design for collision avoidance for
a 4-way multi-lane intersection with fully autonomous vehicles. Their design is based on
a hybrid architecture that consists of an interaction between intersection infrastructure
and cars, i.e., an interaction between a centralized component and distributed agents.
The intersection infrastructure functions as a scheduler, which assigns a time slot to a car
when it comes within the communication range of the intersection, with the instruction
that the car should be strictly outside the area covered by the intersection during all
times other than its assigned time slot. Given a time slot, a car has to determine not
only if it can go through the intersection in the assigned time slot but, also, if it can
enter its destination lane without violating safety with respect to cars that are already
on that lane. If either of these two requirements aren’t fulfilled the vehicle prepares to
come to a halt before the intersection and requests a new time-slot.
Hult et al., [21], also allows only one vehicle at a time in the intersection but instead of
using FIFO they aim at optimizing the collective travel time by choosing the order in
which the vehicles cross the intersection, constrained by the vehicle dynamics and phys-
ical limitations. They formulate and study the intersection coordination problem for
autonomous vehicles using a finite time, constrained optimal control formalism, where
the global (intersection-wide) objective is to optimize a sum of local costs. In particular,
the combinatorial part of the problem (the vehicle crossing order) is first separated from
the problem of finding the appropriate control inputs, and then solved approximately,
giving guaranteed collision free intersection occupancy time slots that are feasible under
the vehicle dynamics and physical constraints. The control policies are thereafter found
by solving one optimal control problem for each vehicle, constrained so that occupancy
of the intersection is allowed only within the allocated time slot.
Muller et al., [36], have a similar approach, they divide the intersection crossing prob-
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lem into three subproblems where the first aim at finding the possible minimum and
maximal arrival time to the intersection by solving linear motion equations. The sec-
ond sub-problem is to schedule the vehicles within their possible time interval such that
the collective travel time through the intersection is minimized while safety is guaran-
teed, this problem is formulated as a mixed integer linear program (MILP). The last
sub-problem is about controlling the vehicles such that they arrive at the given time.
The vehicles used in the experiment are identical and they only consider intersections
with one lane and vehicles are only allowed to travel two different paths; north-south
and east-west. In [35] Muller et al. extend their work to also take into account different
vehicles characteristics as well as different intersections with several possible travel paths
and conflict regions.

The FIFO approach can be extended so that multiple vehicles are allowed in the inter-
section as long as they are on non conflicting paths, or even on conflicting paths as long
as they don’t occupy the same space in the same time. Both Dresner and Stone, [27],
and Kim et al., [23], uses this approach, see figure 22.

Figure 22: Instead of reserving the whole intersection the intersection is divided into
an occupancy grid. As long as vehicles don’t occupy the same part of the grid at the
same time they are allowed to be in the intersection, compared to the case when vehicles
reserves a full path or the whole intersection. Figure from [27].

Both works concludes that the efficiency of this approach is much higher than the ef-
ficiency of traditional approaches with traffic lights or all-way-stop. While authors of
[23] focus on provable safety using MPC, both inside the intersection and when leaving
the intersection, authors of [27] instead incorporates different types of time buffers for
increasing safety. One problem that arises with the FCFS algorithm is that a vehicle
with high velocity can get a reservation in the intersection before a vehicle with lower
velocity in front of it. This can lead to that the slower vehicle blocks the faster driving
vehicle behind it because it isn’t allowed to enter the intersection. This can be solved
by scheduling vehicles according to distance to the intersection instead as stated in [27].

Another approach for scheduling is priority based scheduling as in [55] and [32]. Authors
of [55] propose a state-driven priority scheduling mechanism for autonomous vehicles
where priority is assigned based on urgency degree of that vehicle. Higher priorities
are assigned to police cars, ambulances and fire trucks. Their main contribution is a
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supervisor that calculates the best trajectory for the high priority vehicle, and if needed
vehicles in front of it. Authors of [32] suggest another priority approach based on the
inertia’s of the vehicles approaching the intersection. The higher the inertia - the higher
the priority. Heavy vehicles like trucks and buses which have higher inertia’s compared to
a personal vehicle will be given higher priorities and a smoother trajectory. This priority
is based on the fact that avoiding abrupt changes in the velocity of heavier vehicles will
reduce energy consumption.

De-centralized scheduling

When it comes to de-centralized scheduling there are different approaches as well. Qian
et al., [40], assumes that the priority graph for how vehicles are allowed to cross the
intersection is given and instead focus on the control of vehicles under fixed priorities.
They use a decentralized Model Predictive Control (MPC) approach where vehicles solve
local optimization problems in parallel, ensuring them to cross the intersection smoothly.
The general idea is to control each vehicle to stay in the brake-safe sets with regards to
prior vehicles. A vehicle state is in the brake-safe set if it has the possibility to avoid a
collision even for worst case scenarios. This is how their system function:

1. The vehicle observes the current system state and predicts the evolution of the
states of prior vehicles on a finite time horizon.

2. The vehicle calculates a sequence of control inputs by optimizing a predefined cost
function under a series of constraints.

3. The vehicle only implements the first control input from the sequence calculated
from step 2. The optimization process restarts at the next timeslot.

Campos et al., [11], also suggest a de-centralized approach for intersection crossing where
several vehicles take part. The control problem relies on the optimization of a cost
function while guaranteeing collision avoidance and the satisfaction of local constraints.
The vehicles sequentially solve local optimization problems allowing them to cross, in a
safe way, the intersection. This approach pays a special attention to how the degrees of
freedom that each vehicle disposes to avoid a potential collision can be quantified and led
to an adequate formalism to the considered problem. In the proposed strategy, collision
avoidance is enforced through local state constraints at given time instants and agents
are assumed to only communicate the available time to react and the time stamps at
which they expect to be within the intersection.
The authors of [33] presents yet another decentralized method for intersection crossing.
They use a model predictive control approach for the coordination and a linear quadratic
optimal controller that is introduced for each vehicle in order to minimize energy as well
as to pass intersection smoothly. They guarantee collision avoidance by adding linear
constraints to the optimization problem and apply so-called soft constraints for the
collision avoidance problem to reduce the computation time in order to be able to run
the simulations in real-time. In addition, the method can take into account crossing of
vehicles in platoons by extending the linear quadratic cost functions.

5.2 Implementation

This thesis will use a centralized approach with a centralized unit that coordinates the
vehicles and de-centralized driver agents that takes care of regulating themselves ac-
cording to the centralized unit’s specifications. The same approach as in [27] and [23],
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with dividing the intersection into an occupancy grid that enables several vehicles in
the intersection depending on the booking policy, will be taken. Contrary to [23] col-
lision avoidance will only be considered inside the intersection and only between an
autonomous vehicle and a manually driven vehicle or between two autonomous vehicles.
Just like [27] time buffers will be used for safety measurements. The time buffer will be
adjusted according to the booking policy, created in this thesis, that adjust how big part
of the intersection a vehicle is allowed to book - ranging from the whole intersection to
1/8 fractions of the intersection.

The intersection for testing simulations of the scheduling algorithm is a model of the
intersection that the dataset of manual vehicles was recorded from. Figure 23 shows an
aerial of the original intersection together with the simulated model of the intersection.

(a) Intersection dataset was recorded from. (b) Intersection model for simulations.

Figure 23: The real intersection and the intersection model.

The intersection is divided into a 4x4 grid, figure 24, where each square in the grid is
described as a combination of x and y coordinates, ranging from x1 to x4 and y1 to y4.
The booking information needed by the scheduler in order to schedule a vehicle, au-
tonomous or manually driven, is the id of the vehicle (where an id below 100 indicates
an autonomous vehicle), arrival time of the vehicle and what path the vehicle intends
to follow - or for manually driven vehicles what turn intention that is predicted. The
scheduler will create a time vector , t ∈ Rk, 0 ≤ k, that contains the time the vehi-
cle occupies the intersection based on the arrival time for the vehicle. An autonomous
vehicle always drive straight and at maximum speed through the intersection and will
therefore occupy the intersection during 20 time steps. This means that the scheduler
can create a correct time vector for an autonomous vehicle. For a manually driven vehicle
the velocity profile varies and the scheduler will have to guesstimate the time vector for
manually driven vehicles. A manually driven vehicle is assumed to travel at the average
speed for it’s predicted turn intention. The distribution of number of iterations, i.e. time
steps, needed for a HV to pass through the intersection depending on the turn intent
(straight, left, right) can be seen in figure 25. This means that a HV that travels straight
through the intersection is assumed to occupy the intersection during 36 time steps, a
HV that turns right is assumed to occupy the intersection during 45 time steps and a
HV that turns left is assumed to occupy the intersection during 76 time steps.
Based on the path the vehicle intends to travel the scheduler creates booking information
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Figure 24: The intersection is divided into a 4x4 grid where each square is represented
by a combination of x and y coordinates.

Figure 25: Distribution of time steps a HV will occupy the intersection based on if it
turns right, left or continue straight.

described in terms of x and y coordinates, stored in vectors x1, x2, x3, x4, y1, y2, y3, y4 ∈
Rk, where the first element in each vector constitutes the booking during time step 1, i.e.
the vehicles arrival time. An occupied square of the grid is marked with a 1 in both of the
corresponding x and y vector while unoccupied parts of the grid are marked with 0:s in at
least one of the corresponding x and y vector, see figure 26. The time vector, the position
vectors and the id constitutes a booking B where B = (x1, x2, x3, x4, y1, y2, y3, y4, t, id).
The scheduler creates a booking B for all vehicles approaching the intersection. Non-
conflicting bookings will be stored in a set S as described in equation 17.

S = {B1, B2, ..., Bn} (17)

There are three different safety levels that the scheduler schedules according to. In safety
level 1 a vehicle book the entire intersection. In safety level 2 a vehicle book quarters
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Figure 26: x1, x2 and y1 contains a 1 at the time step showed in the figure while the
rest of the vectors contain a 0, hence the lower left corner will be booked (marked with
a 1) while the rest of the squares in the occupancy grid won’t be booked (marked with
0).

of the intersection and in safety level 3 a vehicle book eighths of the intersection. This
means that in safety level 1 only one vehicle at a time are allowed in the intersection,
in safety level two a maximum of 4 vehicles are allowed at the same time and in safety
level 3 a maximum of 6 vehicles are allowed at the same time. Figure 27 shows the three
different safety levels.

Booking information corresponding to the intended path can be visualized using a tensor
T ∈ R4×4×k with 0 ≤ k and k corresponding to the number of time steps that the vehicle
will use to travel through the intersection. A vehicle traveling south-west through the
intersection at safety level 3, starting at time step 1, would then contain the following
information:

t = (1, 2, ..., 10), (18)

1 0 0 0

1 0 0 0

0 0 0 0

0 0 0 0
0 0 0 0

0 0 0 0

0 0 1 1

0 0 1 1

0 0 0 0

0 0 0 0

0 0 0 0

0 0 1 1Tijl =

l = 10

l = 2

l = 1

(19)
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Figure 27: Safety levels illustrated. In safety level 1, the picture furthest to the left, a
vehicle book the entire intersection. The middle picture shows safety level 2 where a
vehicle book quarters of the intersection. The last picture shows safety level 3 - a vehicle
books eighths of the intersection.

The scheduling algorithm is designed based on the first come first served basis when
handling autonomous vehicles, and since all autonomous vehicles travels at the same
speed this means that they are scheduled on the shortest distance to the intersection.
When an autonomous vehicle approaches the intersection the scheduler will create the
corresponding booking information B. Thereafter it will compare the new booking to
all bookings currently stored in the set S. If the optimal booking for the approaching
autonomous vehicle is in conflict with another booking the scheduler will delay the
entry time of the new vehicle until there are no conflicts with other bookings. When
an autonomous vehicle have passed through the intersection it will tell the scheduler
to remove its booking. Algorithm 1 shows pseudo code for booking of an autonomous
vehicle.

Algorithm 1: Scheduling of AV:s
Retrieve new booking
Bnew = (x1new, x2new, x3new, x4new, y1new, y2new, y3new, y4new, tnew, idnew)
for i ∈ {1, 2, . . . , knew} do

for B ∈ S do
for j ∈ {1, 2, . . . , k} do

if tj = tnewi then
if x1newi = 1 and x1j = 1 or x2newi = 1 and x2j = 1 or x3newi = 1
and x3j = 1 or x4newi = 1 and x4j = 1 then

if y1newi = 1 and y1j = 1 or y2newi = 1 and y2j = 1 or
y3newi = 1 and y3j = 1 or y4newi = 1 and y4j = 1 then

for l ∈ {1, 2, . . . , knew} do
tnewl + 1;

end
Start over from row 3;

end
end

end
end

end
end
S ← S ∪ {Bnew}
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When a manually driven vehicle approaches the intersection the scheduler will have to
schedule it, even if its booking would be in conflict with bookings already made. A
manually driven vehicle are allowed to have a conflicting booking with another manually
driven vehicle but a conflict between a manually driven vehicle and an autonomous
vehicle is not allowed. Therefore, in order to get rid of possible conflicts in bookings when
a new manually driven vehicle approaches the intersection all bookings are removed and
re-booked such that no conflicts occur. Algorithm 2 contains pseudo code for scheduling
of manually driven vehicles.

Algorithm 2: Scheduling of HV:s
Bnew = (x1new, x2new, x3new, x4new, y1new, y2new, y3new, y4new, tnew, idnew)
S ← S ∪ {Bnew}
for B ∈ S do

if id < 100 then
SAV ← SAV ∪ {B}

end
else

SHV ← SHV ∪ {B}
end
Clear S;

end
for B ∈ SHV do

S ← S ∪ {B}
end
for Bm ∈ SAV do

Re-book B using algorithm 1.
end
Clear SHV and SAV ;

Figure 28 shows the result of scheduler scheduling four AV:s (red vehicles) and one
HV (purple vehicle) under safety level 1. The purple vehicle have booked the entire
intersection and the AV:s are waiting for their turn.
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Figure 28: Scheduler in action. Purple vehicle is human driven, red ones are autonomous.
Figure shows safety level 1, HV have booked the entire intersection and AV:s are waiting
for their turn to pass through.
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6 Results

6.1 Intention prediction

Carrying out 5-fold cross validation on the trained classifiers leads to the confusion ma-
trix shown in table 3.

Table 3: Confusion matrix

Predicted outcome
Left turn Right turn Straight

Actual Left turn 10083 583 142
Class Right turn 538 10881 41

Straight 313 15 7576

Of the total number of vehicles that turned left 10083 were classified correctly as left
turning vehicles while 583 vehicles that should have been classified as left turn were
incorrectly classified as right turning. And 142 left turning vehicles have been incorrectly
classified as going straight. Combined with the rest of the matrix’s categories, the overall
accuracy of the SVM multi-class classifier allows 94.59 percent of the manually driven
vehicles to be correctly classified. A more detailed overview of the classification accuracy
for each turning direction is shown in table 4.

Table 4: Classification accuracy for each turning direction

Direction Accuracy
Left turn 93.29 %

Right turn 94.95 %

Straight 95.85 %

Total accuracy 94.59 %

Most of the misclassified vehicles start their route on the west road of the intersection.
This is the shortest road, as seen in figure 29.

.
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Figure 29: One of the roads in the intersection is partly hidden for the camera, figure
from [25]

The average classification time for 13436 HV:s was 0.004866 seconds per vehicle.

6.2 Intersection scheduling

The computation time for intersection scheduling of HV:s and AV:s respectively was
measured during three tests - one test for each safety level. Number of maximum al-
lowed human driven vehicles were kept constant at 3 while number of maximum allowed
AV:s in the intersection were varied between 1 and 10. The resulting calculation time
for scheduling of AV:s can be seen in figure 30 and the resulting calculation time for
scheduling of HV:s can be seen in figure 31. A total of 8941 AV:s and 4846 HV:s where
scheduled in the three tests. The calculation time for scheduling of HV:s is in the range
of 10−3 seconds with worst computation time for safety level 1. The computation time
for scheduling of AV:s is in the range of 10−4 seconds. The computation time increases
in a linear manner for scheduling of both AV:s and HV:s when number of autonomous
vehicles in the intersection area increases from 1-10.
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Figure 30: Intersection scheduling average calculation time for an AV.

Figure 31: Intersection scheduling average calculation time for a HV.

6.3 Intersection management

The tests performed in the simulation environment aimed at measuring the collision
rate, in terms of percentage of vehicles involved in a collision, and the intersection entry
delay for autonomous vehicles. Four tests were performed. For all tests the number
of autonomous vehicles allowed in the intersection and the number of manually driven
vehicles allowed in the intersection were varied, where autonomous vehicles were varied
between 1 and 10 and manually driven vehicles were varied between 0 and 3. In the
first test all vehicles were scheduled under safety level 1 and during the second tests all
vehicles were scheduled under safety level 2. For the third test manually driven vehicles
where scheduled under safety level 1 while autonomous vehicles were scheduled under
safety level 3. For the last test manually driven vehicles were scheduled under safety level
2 and autonomous vehicles were scheduled under safety level 3. In total, from all four
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tests, 68673 AV:s and 13436 HV:s drove through the intersection. Videos of the system
can be seen at https://www.youtube.com/channel/UCRhTr5_8sdSY0nwuk8Y2lLw.

Collision rate

The collision rate for test 1 to 4 is shown in figure 32-35. When there are only autonomous
vehicles in the intersection no collisions occur, regardless of number of autonomous ve-
hicles in the intersection and the safety level. The collision rate increases with number
of HV:s allowed in the intersection and with the safety level, where the lowest safety
level yields the highest collision rates, i.e. test 4 safety level 2 for HV:s and safety level
3 for AV:s. In this configuration a maximum of 12% of the vehicles are involved in a
collision. When HV:s are scheduled under safety level 1 the collision rate is the lowest
with collision rates between 0 and 5%.

A total of 1488 collisions occurred, corresponding to 3.6% of vehicles involved in a colli-
sion. Out of these 1488 collisions 250 collisions occurred because of wrong turn intention
prediction, i.e. 16.8%.

Figure 32: Collision rate. Percentage of vehicles involved in a collision when both AV:s
and HV:s were scheduled under safety level 1.
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Figure 33: Collision rate. Percentage of vehicles involved in a collision when both AV:s
and HV:s were scheduled under safety level 2.

Figure 34: Collision rate. Percentage of vehicles involved in a collision when HV:s were
scheduled under safety level 1 and AV:s were scheduled under safety level 3.
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Figure 35: Collision rate. Percentage of vehicles involved in a collision when HV:s were
scheduled under safety level 2 and AV:s were scheduled under safety level 3.

Intersection entry delay

The intersection entry delay is measured in number of time steps, i.e. iterations, an
autonomous vehicle has to wait before it is allowed to enter the intersection. The average
delay for autonomous vehicles in test 1 to 4 is shown in figure 36-39. The intersection
entry delay increases with stricter safety level and number of vehicles in the intersection.
When all vehicles are scheduled under safety level 1 the intersection entry delay for
autonomous vehicles rapidly increases with number of vehicles in the intersection and
for worst case scenario, i.e. 3 manually driven vehicles and 10 autonomous vehicles (as
shown in figure 36) the average intersection entry delay for an AV reaches above 500 time
steps. When there are only autonomous vehicles in the intersection the worst intersection
entry delay is just above 100 time steps for safety level 1. The lowest intersection entry
delay is seen for test 4, where manually driven vehicles are scheduled under safety level 2
and autonomous vehicles are scheduled under safety level 3. Here the worst intersection
entry delay, when 3 HV:s and 10 AV:s are allowed in the intersection, is just below 60
time steps.
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Figure 36: Intersection entry delay for AV:s when both AV:s and HV:s are scheduled
under safety level 1.

Figure 37: Intersection entry delay for AV:s when both AV:s and HV:s are scheduled
under safety level 2.
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Figure 38: Intersection entry delay for AV:s when HV:s are scheduled under safety level
1 and AV:s are scheduled under safety level 3.

Figure 39: Intersection entry delay for AV:s when HV:s are scheduled under safety level
2 and AV:s are scheduled under safety level 3.

6.4 Performance of the prototype miniature vehicle

The scheduling algorithm was tested in a laboratory setting using the demonstrator
described in chapter 3.3. The test setup consisted of 7 autonomous vehicles, where the
demonstrator was one of them and the rest were simulated. No vehicle were allowed
to start on the same path as the demonstrator drove on. The tests showed that the
scheduling algorithm was compatible with the demonstrator. A video of the system
and the demonstrator in action can be seen on https://www.youtube.com/channel/
UCRhTr5_8sdSY0nwuk8Y2lLw.
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7 Discussion

Only 16.8% of the collisions were caused by a false turn intention prediction. Simulations
of the system showed that the manually driven vehicles tend to skitter in the intersec-
tion and therefore drive in the wrong lane in the center of the intersection. Furthermore
manually driven vehicles could sometimes be seen driving in the wrong lane every now
and then through the whole intersection. This could be because of the driver or because
of the interpretation of the camera data when the dataset was created. Either way, this
behaviour is likely to have caused some of the collisions - but it is also likely to think
that some collisions did not occur because of this. Furthermore while the autonomous
vehicles always drove in the middle of the lane the manually driven vehicles position in
the lane varied a lot such that in rare cases it was possible for an autonomous vehicle to
drive side by side with a manually driven vehicle in the intersection without colliding.
The major reason for the collisions that wasn’t caused by the wrong turn intention is
most likely because of the time the scheduler assumed that the manually driven vehicles
would occupy the intersection. The scheduler scheduled all manually driven vehicles
on the average time a vehicle occupied the intersection depending on the turn intention.
This means that a quite big part of the manually driven vehicles occupied the intersection
longer than the scheduler believed. This shows both the importance of path prediction
instead of turn intention prediction as well as the importance of predicting the entry and
exit time of the manually driven vehicles. The problem with the time assumptions for
the manually driven vehicles got worse when the scheduler also had to make assump-
tions on when the manually driven vehicle was to be in what part of the intersection -
as in safety level 2. This is because the manually driven vehicles velocity profile through
the intersection varied. If the scheduler instead would assume that all manually driven
vehicles would occupy the intersection so that 90% of all manually vehicles would have
driven through by then the delay time for the autonomous vehicles would increase rapidly.

The result showed that the maximum number of collisions occured when the number
of vehicles in the intersection was low. This can seem strange at first but even if the
collision rate is higher - number of collisions are still lower. When there only are one
autonomous vehicle and one manually driven vehicle in the intersection and they crash,
then a hundred percent of the vehicles in the intersection was involved in a collision.
Compared to when you have one manually driven vehicle and ten autonomous vehicles,
then if you have a collision there are still nine vehicles that can continue to travel through
the intersection and only 18% of the vehicles were involved in the collision.

Now it is assumed that driver adaptions and interactions among manually driven vehicles
doesn’t exist and that manually driven vehicles act solely on turn intention. However
these interactions do exist and are reflected in the dataset. It is likely to think that these
variations in driver behaviour because of surrounding vehicles could affect the driving
data in such way that the driving pattern may be more similar to the driving pattern for
another turn intention than the actual intention. For example a reasonable assumption
is that a vehicle that intends to turn right or left slows down when approaching the
intersection while a vehicle that intends to go straight maintain the same speed to a
greater extent. But if there are other vehicles already in the intersection the approaching
vehicle will probably slow down in a similar way as if it was turning. This could affect
the turn prediction in a negative way. It would be interesting to investigate possibilities
to include surrounding vehicles in the turn intention prediction.
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An obvious feature that is very likely to increase the turn intention prediction is the
signal from the turn signals. This feature was not included in the dataset that was used
in this thesis but if a similar system was to be built in reality - with a camera monitoring
an intersection and extracting features about the incoming vehicles, the signals from the
turn signals should be included.

Besides neglecting driver adaptions and interactions among manually driven vehicles it
is also assumed that the manually driven vehicles won’t be affected by the presence of
autonomous vehicles. Furthermore manually driven vehicles are always given prioritized
access to the intersection. This setup have been necessary for the given conditions and
have worked well in order to test and evaluate the intention prediction system as well as
the intersection scheduling. However in reality there would be a need to communicate
to the manually driven vehicles when they are allowed to enter the intersection and
not. In some of the articles investigated in chapter 2 Intersection management for semi-
autonomous systems, the use of red lights was incorporated in the system. While allowing
autonomous vehicles to drive against red lights, as the situation was in a couple of the
articles, might be an upsetting view for surround vehicles and unsuitable because of
that, there might still be a use for red lights incorporated in a system such as the one
presented in this thesis. Perhaps a system like this could help optimize the intersection
by getting a better view on how many vehicles that is waiting to turn to the different
paths. Furthermore the red lights could be shut down temporarily if there were only
autonomous vehicles in the intersection.

In this thesis the safety parameter for each vehicle is only applied while the vehicle is
inside the intersection. Collisions just prior to or just after passing through the inter-
section, has been disregarded in our study. This has resulted in enabling autonomous
vehicles to always drive at max speed and hence potentially collide with a manually
driven vehicle just after exiting the intersection. In reality this won’t be feasible and
instead the vehicles and the scheduler will somehow have to adapt to these situations.
One approach could be to let the autonomous vehicles have access to the booking list
and based on the information in the booking list draw conclusions about vehicles that
will exit the intersection through the same lane as itself, i.e how fast these vehicles will
drive and make assumptions on how fast itself can drive without colliding with these
vehicles.

Since autonomous vehicles will be able to communicate with each other and with the
scheduler it is reasonable to schedule autonomous vehicles to drive very close to each
other and with small margins - since their path and velocity profile can be guaranteed
to be correct, while it would be desirable to keep rather big safety margins for manually
driven vehicles in order to compensate for the uncertainty in their future trajectory.

The tests that investigated computation time for scheduling showed, as expected, that
it takes more time to schedule a HV than an AV. This is because when a HV asks for
access to the intersection all AV:s already given access will be rescheduled in order to
avoid collisions. Furthermore it takes more time to schedule both AV:s and HV:s for
safety level 1 than for safety level 2 or 3. One explanation can be that it will take more
iterations to find a non colliding booking in safety level 1 than in safety level 2 or 3. The
tests showed that the scheduling method is real-time applicable for the circumstances
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tested. How the increase in computation time would be for a high increase in vehicles
allowed in the intersection is unknown. If it is assumed that the computation time
would continue to increase in a linear manner and that a vehicle needs an answer from
the scheduler in less than one second there is plenty of room for increasing number of
vehicles allowed while still meeting real-time boundaries.

Most of the wrongly classified vehicles start their route on the west road of the inter-
section. One explanation for this could be that the view of this road is pretty short
since it disappears under a building quite close to the intersection. This leads to that
all the vehicles that start on that particular road has shorter paths before they reach
the intersection compared to the vehicles that start their route on the remaining three
roads. Shorter paths leads to less recorded data and since the SVM is trained using a
feature vector containing mean, variance and maximum values of velocity and position,
less data might lead to inaccurate values in the feature vector.

One system drawback is that the SVM classifier is trained on global coordinates which
makes it specifically trained for this intersection. One solution could be to measure
the position and velocity of the vehicles relative to the intersection center and speed
limits respectively in order to make the classifier more applicable to different kinds of
intersections.
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8 Conclusion

This thesis work has assessed how algorithms for intention prediction may be combined
with algorithms for intersection scheduling in order to manage a mix of autonomous and
manually driven vehicles in an intersection. The algorithms are shown to function as
expected, i.e. when the number of vehicles increases the flow of traffic slows down and the
number of collisions increase. The number of collisions also increase when the vehicles
are assigned a lower safety margin. This all indicates that the algorithms agree with what
is common knowledge about traffic congestion and risk for collisions between vehicles.
Furthermore the measurements of the computation time for scheduling and prediction
showed that the system was real-time applicable under the given circumstances. It is
therefore not irrelevant to continue with further expansion of the code, to the next
level of sophistication. Furthermore the thesis work includes development of a miniature
vehicle that can facilitate laboratory studies. The thesis work confirms that the produced
prototype vehicle has the functionality to meet that objective.
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9 Future work

9.1 Improvement areas

• Increasing the size of the intersection grid and define more safety levels in order to
enable for more cars to be in the intersection at the same time and thus decrease
the intersection entry delay.

• Develop the dynamic model of the AV:s to better match the reality. Giving the
AV:s more realistic characteristics in terms of acceleration capabilities etc would
make the system more realistic.

• Investigating different inputs for the SVM. This could further increase the accuracy
in the intention prediction. For example using the blinkers of the vehicles as an
input. Furthermore, it would be interesting to investigate at what time the input
needs to be given to the prediction unit and to the scheduler unit in order to
maximize the classification accuracy and improve on the scheduling.

9.2 Possibilities for expansion and implementation

• Enabling for scheduling of vehicles with different priority, so that emergency ve-
hicles are given access at their optimal time but also give trucks and other heavy
vehicles precedence in order to avoid that they have to stop to often, and thereafter
accelerate again, this could reduce these vehicles impact on the environment.

• The tests showed the importance of knowing the correct entry and exit time of the
vehicles. Incorporating prediction of these, or dynamical models, have potential to
improve the system a lot.

• Besides having a better assumption on the entry time and exit time it would be
an improvement to know a more precise path of the manually driven vehicles.
So instead of just predicting turn intention different driving corridors could be
identified and HV:s classified accordingly.

• Guaranteeing a high safety will most likely be a requirement for a system like the
one presented in this thesis. Even if the prediction unit would be able to classify
vehicles with 100% accuracy a driver could still change the course of the vehicle
in the last minute. Therefore the system will have to be able to handle worst
case scenarios. Most likely this will land on the autonomous vehicles but this will
imply that the scheduler schedules vehicles in such a way that there is room for
last minute changes and booking update requests from vehicles.

• Besides guaranteeing safety inside the intersection it is also important to ensure
that no collisions occur when a vehicle exit the intersection. Scheduling of vehicles
will have to take into account the maximum velocity a vehicle can travel at when
exiting the intersection in order to avoid collisions with other vehicles on that
exiting lane.

• It would be very interesting to investigate a network of several intersections and
develop the intersection management system so that an optimal flow for the inter-
sections of interest could be obtained. This way gridlocks could be avoided.
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• This thesis have looked into a 4-way intersection with one lane in each direction.
To increase number of lanes and also investigate how the scheduler can be adapted
to schedule vehicles on what lane they should travel for maximum safety and
throughput would be interesting.

• The driving pattern of a vehicle can be highly influenced by surround vehicles and
by the traffic laws in the intersection, for example by the right-hand rule in some of
the Swedish intersections. To make these influences part of the input to a classifier
could be a possibility to improve the classification further.

• In this thesis the SVM prediction unit have classified vehicle intentions on global
RT90 coordinates. If instead the coordinates would be transformed to be rela-
tive the intersection center it might be possible to create some rules such that a
prediction system that worked for different intersections could be made.

• Autonomous vehicles can communicate with each other and with the infrastructure.
But how autonomous vehicles and manually driven vehicles should communicate
in an efficient way is just as important. Human drivers communicates with body
language - for both themselves and for the vehicle in terms of how the vehicle slows
down, speeds up and how it is positioned in the lane.

• Even if the system would never be safe enough to function on its own it could still
play a role for the conventional system with red lights managing an intersection. It
could for example help optimize what lanes that should be given green light and for
how long in order to improve the throughput or the flow for several intersections.
It could also be used for detecting if a vehicle approached the intersection with
such a high speed that it is unlikely to stop in time for the red light and send
warning lights messages to the other lanes. Furthermore it could aid emergency
vehicles by changing to green light for them as they approached the intersection.

9.3 Testing methodology

• At this moment the system have been tested with one RC car as an autonomous
vehicle, next step is to test the whole system with RC vehicles. During the tests
the servo caught fire, because it was to weak for the weight of the vehicle, and
needed to be replaced. The autonomous vehicle was tested on a straight track.
Making a track with the shape of an 8 with 90 degree turns and incorporating HW
and SW for positioning of each vehicle would facilitate testing of the full system.
Furthermore, in the tests carried out in this thesis work it was only required that
the vehicle could travel straight. Code for lane detection of curves exist but needs
the implementation of an IMU in order to function.

• Testing of the system in a simulation environment that takes into account the
interactions between vehicles would enhance further development of the system.
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