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Abstract

Driver fatigue is one of the leading causes for motor vehicle accidents. The rise
of automated vehicle technologies and autonomous features, not only significantly
reduces the effects of driver fatigue in turn reducing motor vehicle accidents, it also
reduces fuel consumption, traffic congestion, travel time, and significantly improves

vehicle accessibility for people who are not able to drive a car themselves.

In this thesis, a new highway driver assist technology called SuperCruise is
presented. SuperCruise takes over parts of the driving task by controlling the

throttle, braking, and steering of the vehicle.

For the longitudinal control of the vehicle, a new Adaptive Cruise Control(ACC)
system is introduced which solves the problem of repetitive switching between the
two modes of the classic ACC system. To achieve this, a novel switching algorithm
is implemented that creates a hysteresis between the two modes by implementing a
set of logical comparisons which smoothens the transition between the two modes,
and reduces repetitive switching. This results in lower longitudinal acceleration

and jerk, ensuring a more comfortable ride.

For the development of the lateral controller which is the Lane Centering As-
sist(LCA), a Fuzzy Model Predictive Controller(MPC) is developed by implement-
ing fuzzy control logic into the formulation of the MPC. This system automatically
tunes the cost function parameters of the optimization algorithm used in MPC to
improve the lateral stability of the system based on the current lateral deviation

and heading angle error of the vehicle with respect to the desired trajectory.

il



The longitudinal system is then compared to the classic ACC via three different
driving scenarios. Results show significant reduction is the switching between these
modes which results in lower longitudinal accelerations and hence an improvement

in driver comfort.

The performance of the proposed lateral controller on the other hand, has
been evaluated by comparing the path following performance, lateral stability,
and driver comfort of the system with two of the well known methods used in
literature; Stanley method and classic MPC in three different driving scenarios.
Results show that implementation of Fuzzy control logic into the MPC, improves
the lateral stability of the system and reduces the unnecessary oscillations in steer-

ing which in turn reduces lateral acceleration and increases driver discomfort.
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Chapter 1

Introduction

1.1 Driver Fatigue: Number One Cause of Mo-

tor Vehicle Accidents

Rapid development in communications and robotics technologies have had ma-
jor impacts on our everyday lifestyle enabling long time ideas such as self-driving
cars to come true. Technologies like this, not only aim to increase driver safety
by reducing the number of crashes, it also has a significant impact on energy
consumption, pollution, congestion and transportation accessibility enabling older

people or people with disabilities to freely and easily commute[6].

Most of today’s motor vehicles are equipped with features that aim to increase
the safety of the driver and ease the task of driving. Automated technologies were
initially used to increase the safety of the driver, by adding features such as anti-
lock brake systems. As time passed, more advance safety features were added with

the aim to reduce car crashes such as blind spot detections and forward collision
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warning. The continuous evolution of automated vehicle technologies, works to-
wards not only providing greater safety benefits to drivers but also handling a part
or the whole task of driving. Some of the main advantages of automated driving

systems are discussed below:
Motor Vehicle Fatalities

Motor vehicle fatalities are one of the top non-disease causes of death across
the world. A statistical projection of traffic fatalities for 2020, shows an estimate
of 38,000 people who have died in motor vehicle crashes in North America alone.
Looking at the cause of crashes in these incidents, 90% of the time, the driver has
been responsible for the crash, whereas vehicle and environment related causes

only take up around 2% each[47].

Motor Vehicle Traffic Fatalities Leading Cause of Critical Pre-Crash
40000 Events
38000 -
36000
34000 e
32000 -
30000
28000
26000
24000 m Driver
m Vehicle
22000
m Envirnoment
20000 i
& O N © A D O O BKnownn
7 Y P P LR vy &
LS G S R S S U S U i S -94%

FIGURE 1.1: Statistics of Motor Vehicle Fatalities

Driver fatigue is one of the main causes of human error. A tired driver reacts
slower to the changes on the road, makes poor decisions and sometimes drifts away

from the lane they are driving in. The biggest effect of driver fatigue is what is
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called a recognition error which makes up to 42% of human error. Some examples
of recognition errors are; the driver not paying full attention, or missing to notice
an object surrounding the vehicle. The second biggest category is error in decision
making which makes up about 35% of human errors. This includes things such as
speeding, missing a red light signal or not following the traffic rules. The rest are

dedicated to performance and non performance errors.

As vehicles are more equipped with advanced driver assistance systems, the
task of driving is getting easier and safer. Most recent cars are utilizing many new
safety technologies that warn the driver or take control in cases where there is a
risk of getting into an accident. According to the United States Department of

Transportation, the rise of driverless cars will reduce traffic fatalities by 90% [45].
Reduction in Travel Time

The advantages of driverless vehicles does not stop there. According to KPMG,
autonomous cars are expected to reduce the "impedance to travel' by 40%][27].
Impedance to travel is defined as a combination of travel time, travel cost and
the experience itself. This reduction generates economical benefits and increases

productivity of the users [27].
Mobility-as-a-Service (MaaS)

The onset of automated driverless vehicles opens the door to many opportuni-
ties that can improve our life quality significantly. Concepts such as Mobility-as-
a-Service are founded based on the idea of shifting away from self-owning vehicles

towards shared transportation systems that can be booked and are provided as a
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service [58]. Not only are these systems more accessible and available for every-

body, they can also be customized and personalized based on the user’s preferences.

MaaS reduces the amount of space that is allocated for parking spots all around
the city and also reduces city congestion. This will lead to higher vehicle utiliza-
tion, lower cost per user and improved transit efficiency. Such a system enables
mobility for all citizens equally including those who can not drive a vehicle them-

selves[42].
Reduction in Fuel Consumption

In general, autonomous vehicles reduce the unnecessary acceleration and brak-
ings and drive smoother than an average human driver, which results in better fuel
consumption. Further fuel consumption improvement is possible when enabling
other advanced vehicle technology applications such as platooning. Platooning
refers to the concept of when multiple vehicles driving at the same speed, with
shorter distances between them, leads to reduced air drag and unnecessary jerks,
which in turn results in better fuel consumption. James M. Anderson in [23]
claims that given the facts mentioned above, autonomous vehicles will improve

fuel economy by 4-10%.

As automated technologies and autonomous vehicle features advance, there will
be greater safety benefits available for consumers. The automotive industry aims
to soon deliver automated driving assistance systems (ADAS) that can handle the
whole task of driving. With all the ongoing improvements in ADAS technologies,
we are getting closer and closer to our long time goal of having congestion-free and

accident-free roads.
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1.2 Thesis Contribution

Highway assist technologies have been a popular topic of research over the
past decade. These features take over parts of the driving task, and significantly
improve driver experience by reducing driver fatigue. In terms of vehicle control,
longitudinal controllers are in charge of throttle and braking of the system, and
the lateral controllers control the steering of the vehicle ensuring that it remains

in the center of the lane it’s traveling in.

Adaptive Cruise Control(ACC) is a longitudinal controller that automatically
adjusts the speed of the vehicle to maintain a safe distance with the vehicle in front
of it. Adaptive Cruise Control works primarily on two modes, Velocity Control
Mode (VCM) and Distance Control Mode (DCM). Most common methods avail-
able in the literature switch between these two modes once the vehicle approaches
another vehicle and the distance falls below a certain threshold. The limitation
of this switching method is that in certain scenarios where the relative distance
between the two vehicles is very close to the threshold, the system keeps switching
between the VCM and DCM modes causing unnecessary longitudinal jerk. This

repetitive switching reduces driver comfort significantly.

Lane Centering Assist (LCA) on the other hand, is a lateral controller that
proactively keeps the vehicle in the center of the lane by automatically adjusting
the steering given the lane information it receives from the sensors. Regarding
the LCA technology, there are many path tracking techniques available in the
literature. Two of the most common ones are the Stanley controller and the Model

Predictive Controller (MPC). While these two controllers work sufficiently under
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certain driving scenarios, each have their own limitations which create instability

in the system in higher speeds.

In this project, a new highway assist technology is proposed called, Super-
Cruise. This feature takes over part of the driving task by combining Adaptive
Cruise Control and Lane Centering Assist technologies. The proposed longitu-
dinal system introduces a new switching method that eliminates the problem of
repetitive switching, and for the lateral controller an improved Fuzzy MPC is in-
troduced to increase system stability. In this work, the new switching method, the
path tracking performance and lateral stability of the proposed longitudinal and

lateral controllers are investigated.

To evaluate the proposed system, a vehicle model has been developed in MAT-
LAB SIMULINK. Both longitudinal and lateral controllers are modeled to take
over the throttle, braking, and steering of the vehicle. Six driving scenarios have
been designed in Driving Scenario Designer App to evaluate the performance of
the proposed system and compare the results with most common state of the art

methods to evaluate system performance, stability and driver comfort.

1.3 Thesis Outline

Chapter two goes over the history of automated vehicle technologies, SAE levels
of autonomy, current automated vehicle developments, and common sensing tech-
nologies used in automated vehicles. Common ADAS features, including ACC and
LCA are further discussed in detail in chapter three. This chapter goes over the

fundamentals of each technology, and the common methods used in the literature.
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Chapter four breaks down the proposed system. The theory behind the longitu-
dinal and the lateral control development process is discussed in detail and the
formulation of the system is outlined. The sensors used, and the detail of the test
scenarios designed is discussed in chapter five. This chapter covers details of each
test set up as well as the evaluation metrics used for each test. The performance
of the proposed SmartCruise is evaluated and compared to the baseline controllers

in chapter six.
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Chapter 2

Automated Vehicle Technologies
(AVT)

2.1 Overview of AVT and Its Applications

2.1.1 The 100-Year History of Autonomous Vehicles

The first attempt towards driverless vehicles goes back as early as 1920s[31].
About 20 years later in 1939 at Futurama which was an exhibit at the New York’s
World fair, General Motors presented the idea of free-flowing highways filled with
self-driving cars and trucks[55]. By 1960s, many early prototypes of self driv-
ing cars was presented by different organizations. This was the beginning of the
introduction of cameras and vision sensors to these systems for better naviga-
tion. however, the cost associated with these vehicles was very high thus making
it impractical to develop these cars for public use[46]. Soon after, computational

techniques improved significantly, allowing these technologies to enter a new stage.
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By late 1980s, Ernst Dickmanns, a professor at Bundeswher University collabo-
rated with Mercedes Benz to launch a vision-guided robotic van. His work formed
the basis of modern control strategies and added momentum to the development

of driverless vehicles [57].

By early 2000s, not only many car manufacturing companies were interested
in conducting research on this topic, but many governmental organization started
funding research on automated transportation means. As an example, the US
government funded three military efforts to design driverless ground vehicles that

would navigate miles avoiding obstacles such as rocks and trees[12].

In March 2015, Tesla announced that they are introducing a new ADAS tech-
nology called “Autopilot” with high automation capabilities such as traffic-aware

cruise control, auto lane change and auto park.

Public demand for advanced driver-assistance systems (ADAS)—which help
with monitoring, warning, braking, and steering tasks in driving—is increasing
year by year and this has introduced evident competition amongst all car manu-
facturers. As a result of this competitiveness, most car manufacturers have dedi-
cated significant amount of resources to developing commercial level autonomous

vehicles to be accessible by the general public [16].

2.1.2 Levels of Autonomy

As a part of the development effort, society of automotive engineers (SAE)
and National Highway Traffic Safety Administration (NHTSA) have published

definitions for different levels of automation to provide a standard and basis for
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communication on this topic. This categorization has been based on the functional
aspect of the technology as well as the level of involvement of the driver. These
two organizations have divided the levels of autonomy to six levels going from zero

automation at level 0 to full automation at level 5 [34],[41].

It should be noted that active safety and crash avoidance features may be
included in any of these six levels as they are excluded from the scope of this
autonomy categorisation. This is because these tasks are not identified as part
of active driving task. These features include automated emergency braking, and

certain driver assistance systems such as lane departure warning[41].

These levels are differentiated mainly by the degree of association of the driver
in performing the active dynamic driving tasks such as accelerating/ decelerating,
steering and changing lanes and the level of supervision required from the driver.
From a driver’s perspective, there is a significant distinction between level 2 and
level 3 of autonomy where the human driver does perform part of the driving task
in level two, however, in level three the system is in charge of performing the entire

driving task.

A brief overview of all the automation levels and their definitions along with

example technologies have been provided in the Table 2.1 below.

10
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TABLE 2.1: Levels of Autonomy
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2.1.3 Automated Vehicle Developments

As auto industry enters a new era of research and development, more companies
and organization are dedicating time to developing AVT features. Some of the
unique state of the art projects that have been going on over the past few decades

will be discussed in this section.
Public transit in Europe : CityMobil2

CityMobil2 is a follow-up of a series of projects that have been funded by the
European commission. The aim of this project is to improve mobility of citizens
by adding small, lightweight automated public transit vehicles. Another benefit of
this project is the fact that using these transit systems is increasing the awareness
and trust of people to fully automated transportation systems[3].Currently there
are 7 demonstration sites across Europe and this number is increasing year by

year.
General Motors SuperCruise

General Motors SuperCruise is a new hands-free driver assistance technology
that GM has developed. This system uses sensors such as LIDAR, radars, cameras,
GPS and V2V communication to navigate through the highway. This system is
considered to be a level 2 automated system and it actively accelerate/decelerates
the car and it also steers the vehicle to keep the vehicle centered in its lane[32].
This feature requires the complete supervision of the driver since it will perform
many driving tasks such as making turns, steering through construction zones,
entering or exiting the highway, and many more[44]. SuperCruise is also equipped

with a lane change on demand feature, in which when activated and safe to change
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a lane, the driver can request a lane change by activating the turn signal in the

direction of the desired lane change[44].
Volvo DriveMe

This system is considered to be a level 4 system and can only be enabled on
certain certified highways. Once the system is active, the drivers can completely
disengage from actively driving. This system uses cameras, Lidar, Radar, Sonar
and digital maps to enable lane centering, adaptive cruise control and stop and
go highway traffic[32]. There is a redundancy in sensors used for this system,
however, this has been intentionally done to ensure safety of the vehicle in case
one of the systems fail. This system heavily relies on digital maps and needs access
to the cloud for that information. The vehicle is also equipped with a constant
V2I communication and receives constant information about the weather and on

going constructions.
Google Self-Driving Car

Google began its development on self-driving cars back in 2008. These vehicles
use LiDAR, multiple cameras, LRR, SRR, and GPS. Google self driving cars have
been on public roads in Mountain view, California, Texas and many other cities
and have driven more than 1.3 miles in full auto mode. Google uses detailed
maps to precisely localize the location of the vehicle on the street using GPS, and
comparing sensor map data with previously collected data from the same street[36].
This allows the system to differentiate between stationary obstacles that are part
of the street and pedestrians and choose obstacles of interest to make decisions

based up on[10]. The system is also programmed to interpret common road signs
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and behaviours and makes control decisions accordingly. It also uses predetermined
motion descriptors that are programmed into the system to help categorize objects

and distinguish pedestrians and bicycles from other motor vehicles|[1].

2.2 Common Sensing Technologies

Perception by definition, is the sensory experience of the world. For a vehicle to
be able to navigate through the world and identify objects around, it first needs to
perceive its surrounding. In an automated vehicle, this is done using a combination
of high-tech sensors such as radars and cameras to comprehend and understand
the environment around the vehicle. The information received by these sensors is
then interpreted in a process called sensor fusion. Sensor fusion makes it possible
to use various sensors with different capabilities, in order to accurately and reliably
detect objects such as cars, pedestrian and cyclists. This also provides some level
of redundancy since objects will be detected by multiple of these sensors at the
same time. This greatly improves the safety of the system against any possible
sensor malfunction or system failure. Perception is the key to any driver assistance

and safety system.

In the following, an overview of common sensing technologies used in AVT ap-
plications are presented. Automated vehicles often combine a few of these sensors
together all around the vehicle, in order to provide an overlapping coverage be-
tween the sensors. This way one can take advantage of different strengths of all

the sensors in different scenarios at the same time.
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2.2.1 Radars

Radars use radio waves to determine the position information of an object and
thus are commonly used in many different fields. In passive radars, these waves
will be reflected back to the transmitting radar when there’s an object in its field
of view. These high-resolution sensors use the reflected waves that are striking
back from an object to calculate the distance and the velocity of objects around

them using the Doppler effect.

In the vehicle industry, radars can be classified into three main categories:
Short-Range Radar (SRR), Mid-Range Radars(MRR) and Long-Range Radar(LRR).
Long range radars are often placed in the front bumper of the vehicle for detection
of objects in the path of the vehicle. Some of common ADAS technologies that
mainly rely on a front radar are: Adaptive Cruise Control(ACC) and forward colli-
sion warning[9]. These sensors can have a detection range of up to 250m, however,

their horizontal filed of view is mostly limited to 8-20°[9],[29].

Mid-Range Radars on the other hand have a wider horizontal field of view of
about 20°[10] however their detection range on average is limited to 150m. These
sensors can be used in conjunction with the LRRs for technologies such as ACC
and automatic emergency breaking. They also have a wider field of view of up to

80°at close-range which helps with pedestrian detection [10].

Short-Range Radars are mainly used as corner radars all around the vehicle.
These sensors have a wide detection angle, and they detect objects and pedestrians
quickly and accurately. In addition to the position of the object, these sensors

provide the relative speed and direction of motion [8]. SRR sensors are commonly
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utilized for monitoring the area behind and around the vehicle and can be used
in systems such as blind spot detection, Rear cross traffic alert, lane change assist
and many more. Figure 2.1 below shows a very common radar setup that is used

in many modern vehicles.

LRR Ny .
MRR [ | / \
SRR / \

j |
/7 \\
\\\
A L

\\\ ) //
- 4
7

FIGURE 2.1: Most Common Radar Layout in Modern Vehicles

Since radars work with electromagnetic waves, they can work under any weather
condition. This is a major advantage of radars in comparison with many other
sensors that get affected by lighting, rain or fog. Another advantage of the radars
is their high longitudinal accuracy. They are also very accurate in differentiating
stationary vs moving targets. They are relatively cheaper compared to other ob-
ject detection sensors. However, radars do not have a high resolution at range.
In addition, they are prone to getting saturated if a large object is close to the
transmitter. Another limitation of radars is the fact that they can not accurately

differentiate between moving obstacles such as cars, trucks, and etc [2].
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2.2.2 Ultrasonic Sensors

Ultra sonic sensors have been used in vehicles to detect objects close to the
car for many years now. These sensors emit acoustic pulses, and the return of
these pulses is then measured by a control unit which will calculate the distance of
the object from the vehicle. As shown in Figure 2.2, these sensors are commonly
placed in the front and rear bumper of the vehicle to compliment other sensors
used in the vehicle to get a full picture of the immediate environment around the

vehicle [59].

Ultrasonic sensors can be commonly found in vehicles equipped with features
such as parking assist, rear collision warning and blind spot detection. In the recent
years, there has been more interest in use of ultrasonic sensors for technologies such
as connected vehicles to analyze the condition around the vehicle for higher levels

of autonomy/[5].

FIGURE 2.2: Ultrasonic Sensors in AVT Vehicles

A few advantages of these sensors that is worth mentioning is their low cost.
They are also not sensitive to lighting and are not affected by the color of the

object. However, a few limitations of these sensors, is that since they work on
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basis of reflection of sound waves, their range can be affected in extreme weather
conditions. They also may not detect small, narrow objects such as a narrow pole

which is not sufficiently large enough to reflect the ultrasonic waves[19].

2.2.3 Cameras

Cameras have been used in many applications as the mean to create a visual
representation of the surrounding. Cameras have high precision, and they are very
good at classifying specific objects such as pedestrians and vehicles. With the help
of machine learning, they are also heavily used to detect road signs and other

objects on the road such as construction cones.

FIGURE 2.3: Applications of Cameras in AVT

In addition, using computer vision and image processing, lane detection is also

done by cameras which is used in lateral ADAS features. This is a unique element
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that distinguished cameras from other sensors.

However, cameras have poor ability to adapt to different lighting conditions
and operate under severe weather conditions. They also often have a wide field of

view, but a shorter range compared to sensors such as LIDARs and Radars.

Using cameras in combination with other sensors helps the autonomous system
to gain a better understanding of its surrounding and be able to interpret the
situation it is in. This diversity between sensors and the redundancy in detection

will verify that the detections are accurate and reliable.

Almost all vehicles with ADAS features are equipped with at least one camera
in the front and one in the rear. More advanced vehicles with higher level of
autonomy often have cameras placed on every side of the vehicle: front, rear, left,
and right to create a 360-degree view of their environment. Work is being done to
implement stereo vision for self-driving cars by using two cameras in order to get
a better estimate of the depth of all objects around the vehicle for a better motion

planning [18][39].

2.2.4 LiDAR

LiDAR, "Light Detection and Ranging" is a sensing technology that uses laser
beams to create a 3D visualization and understanding of the surrounding environ-

ment as shown in Figure 2.4.

A LiDAR system is an active system, meaning the system itself generates the
source light and emits it to the surrounding. By receiving the beams that have

been reflected back by obstacles such as trees and buildings, LIDAR measures the
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time it takes for the beam to travel back to the sensor, and uses this information
to calculate the distance traveled by the beam [53]. This is known as ‘Time of

Flight’ measurements.

FIGURE 2.4: LiDAR

LiDARs work in a similar way to Radars and Ultrasonic sensors in the way they
all emit a source of energy and receive back the reflections. However, They have
different strengths and weaknesses. For example, Ultra sonic sensors have a very
short range and Radars generally have a limited lateral resolution depending on
the size of the sensor, several meters at a distance of 100meters. In comparison,
LiDARs have a high level of accuracy for 3D mapping with a resolution of a few
centimeters at a distance of 100meters. As a result, each sensor is used for a partic-
ular application in collaboration with each other. While Radars are usually used
for collision avoidance, LiDARs are often used for contour mapping, localization

and navigation through the environment[60].

In Automated Vehicle Technologies, LiDARs act as a vehicle’s eyes to always
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assess the surrounding in all directions in real-time. This 3-D visualization of
the environment, helps identify all sorts of objects around the vehicle whether
stationary or moving. Although LiDAR sensors are enabling many application in
ADAS systems, there are some downsides to these sensors. As an example, LIDAR
sensors are more expensive than camera and radars systems. On the other hand,
LiDAR data is receiving in a point cloud form which lacks color and texture which
requires high levels of post processing and analysis. In addition, their performance

will significantly degrade during heavy rain, or cloudy weather[13].

LiDARs have many applications in industry. They are heavily used in geog-
raphy, agriculture, contour mapping, autonomous vehicles and many more. With
the ongoing improvements in these systems and rapid development of ADAS tech-

nologies, LiDARs have become a key element in an autonomous vehicle.

2.2.5 Vehicle to X communication (V2X)

Vehicle to X communication(V2X) stands to for 'vehicle to everything’” which
refers to a wireless technology that allows exchange of data between the vehi-
cle and any entity in its surrounding that may affect the vehicle. The main
purpose of this technology is to improve road safety, traffic, and energy con-
sumption. As shown in Figure 2.5, this system has several components, includ-
ing vehicle-to-vehicle (V2V), vehicle-to-infrastructure (V2I), vehicle-to-pedestrian

(V2P), vehicle-to-network (V2N) communications and more.

By integration of these systems into the infrastructure, vehicles can receive crit-
ical information about the vehicles around them, nearby accidents, road condition,

traffic light, emergency vehicles approaching and more.
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Vehicle to Network Vehicle to Grid

Vehicle to Pedestrian
(V2P)

Vehicle to Infrastructure
(va1)

Vehicle to Device
(v2D)

Vehicle to Vehicle
(V2v)

FiGurE 2.5: Components of V2X

In a city equipped with V2X communication,Figure 2.6,vehicles talk to other
vehicles, to infrastructure, and pedestrian. This enables many different use cases
and applications. One of the major projects and early applications of this is
the development of a smart intersection, which is an intersection equipped with
not only V2X system, but also cameras and other sensors. Much research is
being conducted on using smart intersections to improve road congestion, and
minimize accidents by informing the vehicle of upcoming accidents and dangers
well in advance which in return also results in reduction of fuel consumption and

environmental costs[52].

Another application of this is the development of cooperative and coordinated
maneuvers. Platooning, which is by definition the phenomena of driving a group of
motor vehicles together uses V2V communication to match the speed of following

vehicles to the speed of the proceeding vehicle.
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FIGURE 2.6: The Idea of a City Equipped with V2X

Using this technology vehicles can match their speed and react to accelerations
and deceleration’s of the vehicles in front of them much quicker than a normal
driver. This will greatly reduce the lag in reaction time and wind drag. It also
impacts traffic flow and increases energy efficiency of vehicles especially in the case
of trucks that travel a long way [3]. The idea of cooperation of vehicles doesn’t
stop at platooning, many research is being conducted on implementation of V2V
communication between vehicles on highways and city for driver assistance system
applications since V2V reduces the reaction time of the vehicle significantly. With
the current reactive systems available in automated vehicles, the reaction time of
the perception system is considerably higher than the case of V2V communications.

Utilizing this can reduce multi-car rear collisions significantly.

Applications of V2X are increasing day by day. One of the main sectors that is
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focusing on taking advantage of this technology is the automated vehicles indus-
try. For the car manufacturing companies, enabling V2X communication is a big

milestone towards the implementation of self-driving cars.

2.2.6 Global Positioning System (GPS)

GPS is a U.S. owned space-based navigation system that consists of a group of
approximately thirty satellites flying around the earth. They are spaced such that
between four to eight of them are high above any site on earth at each point in
time. Each of these satellites broadcasts a radio signal that travels through space
at the speed of light and provides their location, status and precise time. Once a
receiver on earth receives the signal, it can calculate its distance from the satellite
using the time difference between the moment signal was sent and the time it was

received.

FIGURE 2.7: Global Positioning System
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A GPS receiver on earth can calculate its exact location on earth upon receiving

unobstructed signal from at least four GPS satellites in space.

Even though this system is highly advanced, it can only calculate the position
of a receiver with accuracy of roughly 5m due to limitations that are associated

with noise, disturbances, atomic clock drift, and etc [20].

This technology has been used by both military and civilians. In the military,
these systems are used to navigate soldiers throughout missions, track targets,
used for guidance and targeting of missiles, and many more. As an example of
civilian applications of GPS, all aircrafts are equipped with GPS systems. Which
is used to locate the plane as well as continuously position it on a computer map
for tracking purposes. Other civilian uses of GPS that can be mentioned are
robotics, sports as well as personal cell phones [56]. GPS is also used in almost
all vehicles for automotive car guidance and navigation. When implementing an
ADAS feature, it is required to identify the location of the vehicle at each point
in time. This is done by utilizing GPS technology. Intensive research is being
done on improvement of the accuracy of the GPS by fusing GPS information with
other localizing technologies and other sensors in the vehicle [25]. This fusion
will significantly increase the accuracy and robustness of the positioning of this
system and enables further development in autonomous features with higher levels

of autonomy.
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Chapter 3

Advanced Driver Assistance

Systems (ADAS)

The basic principle behind the operation of ADAS features can be divided into
three modules: Environmental perception and processing, control module and
decision making, implementation and actuator module. As mentioned in the pre-
vious section, the system needs to first obtain a sufficient understanding of the
surrounding vehicles through sensors on the vehicle. There are many different
types of sensors available for use in automated vehicles.

Given the perception information and the knowledge of the vehicle operating sta-
tus, the control module then plans and makes decision on the action that the

vehicle must take. This is done in the vehicle’s computing system.

This decision will then be implemented using the actuators in the vehicle while
receiving feedback from the sensors. Depending on the level of automation of the
system, the automated feature can be anything from a light on the dashboard, to

fully automated acceleration and steering.
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3.1 Common ADAS Features

Early stages of ADAS features were mostly based on passive components and
mainly were aiming to warn and assist the driver in case of emergency or danger.
Examples of those features are Blind Spot Detection or Forward Collision Warning.
As technology improved, more complex systems were introduced. These features
are focusing on taking on part or all of the driving task to improve the driver
comfort and safety. These features can be subdivided in two main categories: lon-
gitudinal control features and lateral control features. By definition, longitudinal
control is referring to "any control system that controls the longitudinal motion of
the vehicle, for example, its longitudinal velocity, acceleration or its longitudinal
distance from another preceding vehicle in the same lane on the highway" [37].
Lateral control features on the other hand are features that are related to the
lateral control and safety of the vehicle. Which can be done by controlling the

steering of the car.

Below in Table 4.2, a list of some of the well-known features available on the
market can be found.

TABLE 3.1: Common State of the Art ADAS Features

Longitudinal Control Features | Lateral Control Features
Classic Cruise Control Blind Spot Detection

Forward Collision Warning Lane Departure Warning
Adaptive cruise Control Lane Centering Assist

Stop/Go Traffic Assist Lane Change on Demand

In the table above, features of each category have been ranked from the oldest
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and most simple, to the newer and more complicated features. The idea of clas-
sic cruise control, as an example, was first introduced in 1900s. Cruise control,
actively maintains the vehicle speed by taking over the throttle of the car. This
system however, did not use any vision sensor. Development of forward collision
warning started around 1950s. This system which is designed to reduce or prevent
a collision, monitors the speed of the vehicle and the vehicle in front of it and
the distance between them using a radar sensor, and warns the driver if the two
vehicles get too close to each other. Adaptive cruise control (ACC), can be found
in most cars manufactured after 2017. This feature is an advanced version of the
classic cruise control with the difference that it uses sensors such as radars and
cameras, to detect a vehicle in front of the car, and automatically brakes in case
the two cars get close to each other while following the lead vehicle. Early ACC
features were only to be used on highways and would disengage once the vehicle
has been brought to full stop. Few years later a more advance ACC was developed,
called Stop/Go ACC or traffic assist. This feature is very similar to ACC, with the
difference that it has been tuned for lower speeds and urban driving and traffic.
Once the vehicle comes to a full stop in traffic jam, the system remains engaged

and is ready to follow the vehicle in front of it once it moves.

One of the earliest lateral features developed was the blind spot detection.
Blind spot detection systems were first introduced in late 2000s. When the system
detects a vehicle driving in an adjacent lane approaching the rear of the driver’s
vehicle - a common blind spot area, it notifies the driver with an indication which
can be a light on the mirror, or a beeping alert or sometimes in more recent vehi-

cles the steering wheel might also shake. Lane departure warning, is designed to
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help the driver avoid crashes due to drifting or departing from the lane. However
it does not take over the active steering of the car. Lane centering on the other
hand, is currently the highest level of lane monitoring technology. This system
proactively keeps the vehicle centered within the lane it is traveling in. It uti-
lizes automatic steering functionality to make constant adjustments based on road
marking information it receives from the front camera. And lastly, the most recent
feature which is being added to some cars, is Lane change on demand. This system
is used on highways and with request of the driver the vehicle will evaluate the
surrounding of the car and when it confirms that the request is acceptable, it will

automatically execute a safe lane change.

As discussed above, there has been many longitudinal and lateral ADAS features
developed over the past few decades. In the following section, we will dive deeper

into two of these features.

3.2 Adaptive Cruise Control

Over the past decade, various approaches have been proposed to simulate hu-
man driver behavior. Adaptive Cruise Control (ACC) is a longitudinal driver
assistance system that adjusts the vehicle speed automatically to maintain a de-
sired distance set by the driver with the vehicle ahead. This said, this system will
attempt to minimize the amount of sudden and unnecessary braking and acceler-
ations applied and therefore enhances the driving comfort and improves the fuel
consumption of the vehicle. This is done by having at least two modes of control

as shown in Figure 3.1 below. Velocity Control Mode(VCM) and Distance Control
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Mode(DCM). VCM is technically the classical cruise control that has been avail-
able on vehicles since 1940s. In this mode the vehicle attempts to maintain a "set
speed" selected by the driver assuming there is no vehicle in front of it. DCM on
the other, aims to adjust its speed in order to maintain a desired distance with the
vehicle in front of it. This distance is set by the driver as a function of time gap.
Time gap is defined as the time it takes for the ego vehicle to reach the location

of the lead vehicle, assuming that the lead vehicle suddenly goes into a full stop.

FIGURE 3.1: ACC Modes - A: Velocity Control Mode , B: Distance
Control Mode

Research has shown that PI controllers are sufficient enough for VCM. For
DCM however, Various types of control methods have been widely reviewed by

the researchers.

While some of these categories focus on most accurately simulating the normal

manual car-following behavior of an actual driver, others focus on predicting the
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best motion profile for the vehicle to improve comfort while maintaining a safe

distance with the leading vehicle.

Some preliminary work was carried out in the early 2000s by Treiber et al
[48]. In his paper, Treiber et al proposes a human driver model named Intelligent
Driver Model (IDM) [48]. IDM provides a sensible model by capturing different
congestion dynamics. However, IDM has unrealistic behavior in cut-in situations
and hence is it unstable under traffic conditions. In [30] however, Chaoru Lu
suggests an adaptive cruise control named Smart Driver Model (SDM) to address
the instability of IDM under various traffic conditions in order to stabilize the
homogeneous traffic flow in a city. Chaoru Lu [30] measures vehicle speed, gap
and the relative speed of the preceding vehicle using on-board sensors. However,
SDM inherits the acceleration maneuver of IDM which has a predefined formula
for values of acceleration and braking of the vehicle. Following a set of predefined
acceleration and deceleration values for all the driving scenarios may result in a
suboptimal speed profile and unnecessary acceleration and braking maneuvers thus

a decrease in driving comfort in some cases [33].

Many attempts have been made in recent years [Nunen 2017, Lin 2017, Bertoni
2017, Firoozi 2018] with the purpose of implementing different Model Predictive
Controls (MPC) into ACC. however, The constraints they use to formulate their
MPC significantly vary among different works as some aim to ensure high perfor-
mance and robustness in terms of stability while others focus on energy-efficiency

and fuel consumption.

Nunen E. [49] developed a method called Cooperative Adaptive Cruise Control
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(CACC) with the usage of Vehicle-to-Vehicle (V2V) communication in a feed-
forward manner using an MPC. In his work, Nunen focuses on improving the
robustness and performance of the CACC control in the presence of intermittent

packet losses just in case the V2V communication momentarily fails.

Xjaohai Lin [28] and Bertoni [7] on the other hand, focus on using Model Predic-
tive Control (MPC) approach to smoothen the velocity profile of the vehicle such
that unnecessary acceleration and braking maneuvers are minimized based on the
environmental conditions. They both argue that their models will significantly
decrease the energy consumption of an electric vehicle [49][7] . Lin’s method, how-
ever, only relies on receiving data about the lead vehicle by radars and cameras
and does not consider other possible more advanced ways of receiving data such as
V2V communications. This limitation has been tackled by Bertoni as his method
allows for Vehicle-to-Vehicle communications as well [7] . In a more recent study,
Firoozi [17] investigates the possibility of using road grade information in the MPC
framework to optimize comfort, safety, and energy efficiency of the ACC system.
Many other methods have also been tested to improve the stability of the system

by altering the desired distance of the controller.

While most controllers use a constant time gap set by the driver to calculate
the desired distance, [51] attempts to adjust the spacing between the vehicle and
the lead vehicle based on a variable time gap instead and it shows to improve the
stability of the system as well as the traffic flow. Gain scheduling is also one of the
common methods used in distance control since a set of acceleration and breaking
control commands that result in a smooth maneuver in high speed drives might

cause excessive jerk in lower speeds [38].
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While these methods are successful in theory, they often result in repetitive
throttle switching in real life implementations. To tackle this, most methods in
literature create a hysteresis between the two modes to avoid unnecessary switch-
ing. In this project a new switching method has been implemented in conjunction
with an addition of a new control mode using PID controllers which improves driver
comfort and avoids unnecessary vehicle jerks due to sudden switching between the

two modes of the system.

3.3 Lane Centering Assist

Since one of the main causes of motor vehicle accidents is departure from the
driving lane, the goal to develop a feature that takes care of the active task of

steering has been of the main interests of researchers for decades.

Early work in the area of lateral control begun with development of warnings
and passive assists such as Lane Departure Warning or Lane Keep Assist. These
features which represent the same concept, alert the driver once the vehicle is close
to the line and is about the exit the lane it is driving in. While these feature have
been very effective in reducing lateral accidents that are due to lack of attention
from the driver, they do not take away from the task of driving that can cause

driver fatigue in the first place.

Lane Centering Assist (LCA) which is currently one of the highest levels of
lateral control technologies, proactively and automatically steers the vehicle to
follow the path or the lane that vehicle is in. This feature that has been better

illustrated in Figure 3.2 below, uses the lane information received and processed by
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the cameras and other sensors on the vehicle, to calculate the best path it should

take. It then automatically steers the vehicle to follow the path.

Lane Detections

FI1GURE 3.2: Lane Centering Assist

Previous work on this topic investigates various approaches. As an example, one
of the commonly used controllers for path tracking is the Proportional-Integral-
Derivative (PID) controller. This controller is very easy to implement with minimal
computational power needed. However, this method has its limitation in the sense
that it can not adapt to various environments and different maneuvers. For this
reason, much work has been done on developing adaptive methods, which will

compensate for the limitations of PID.

Zhao et [63], investigates the development of an adaptive PID controller to
follow a predefined path. His controller takes in lateral error with the aim to

minimize this error throughout the drive as much as possible.

Another category of lateral controllers, is the geometric controller which tracks

a reference path using the information about the vehicle kinematics. This method
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ignores the dynamics of the vehicle, and instead assumes a no-slip condition. The
most common geometric path-following methods are Pure Pursuit method and
Stanley method. In his thesis, Jarrod Snider [43] implements and compares these
two common geometric path tracking methods and concludes that both meth-
ods work well under known paths and circumstances, however, due to the lack of
dynamic inputs in the controller formulation, both have significantly poor perfor-

mance in higher speeds or unknown curvy paths.

Stanley method has shown to work slightly better than Pure Pursuit in different
scenarios since it takes into account both the lateral error and the heading error and
it therefore has been more researched on. In [35], Oliver works with Stanley method
to develop a lane keeping algorithm. By tuning the constant gain in the formulation
of Stanley, he presents the improved performance of Stanley compared to a linear
controller. Amer NH [4] takes a slightly different approach and introduces an
adaptive Stanley in combination with a fuzzy supervisory controller. This way the
controller gains are adapted to the maneuver and the vehicle speed automatically.
This method shows a better performance compared to the Stanley alone, however,
since the adaptive characteristics of the controller comes from prior knowledge of
tests conducted in certain environments, it does not perform as well in new paths

and severe maneuvers that controller has not been previously exposed to.

Another method that has gained popularity in this area of research is Model
Predictive Control(MPC). MPC which by nature is a control method that predicts
the future state of the system, and tunes the control input accordingly to reduce
the total error, has been used on many dynamic systems. In his article Yan Ding

[15], discusses three methods of path following: Pure Pursuit, Stanley and Basic
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MPC. By comparing the three controllers theoretically and then in simulation, he
goes over the advantages and disadvantages of each model. While Stanley and Pure
Pursuit have their own limitations since they are only based on the kinematic model
of the vehicle, MPC takes advantage of the dynamic plant model embedded in it,
and reduced the lateral error significant. However, he presents the disadvantages
of MPC as being computationally expensive. He also points out that in some
scenarios, the MPC controller perform unsteadily and the steering was shown to
be jerky. In [50], Vivek compares Stanley, Linear Quadratic Regulator (LQR)
and MPC. He evaluates the three controllers in MATLAB and IPG CarMaker
simulation software. By defining the parameters of interest as the lateral error
and the input steering angle, the controllers are optimized and the results are
compared based on their Integral Absolute Error. Results show that MPC has the
least amount of lateral error and it also has the lowest maximum steering angle
which is a representation of drivability and comfort of the system. Both Stanley
and LQR have very similar lateral error, with the difference that LQR shows to

have a better performance in the drivability criteria.

In summary, most of the methods discussed above attempt to develop a con-
troller that can adapt to different maneuvers and speeds while minimizing the
lateral error throughout the drive. While Stanley and Pure Pursuit lack the abil-
ity to predict the future or take advantage of the dynamic characteristics of the
vehicle, they do a good job in outputting a steering input value for the current
state of the car assuming the curvature of the road does not change significantly
and the speed of the vehicle is not too high. The problem of only taking into ac-

count one reference point in time can be overcome by use of predictive controllers
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such as MPC. MPC is a strong tool used for optimal control. The predictive
nature of MPC, allows for the controller to adjust its input in advance and incor-
porate future information into control formulation to improve its performance. In
addition, the ability of this method to satisfying multiple control or performance
constraints, makes it a suitable choice for developing lateral control. There are
multiple constraints associated with development of a lateral control system for
a vehicle. As an example, there are constraints due to physical limitation of a
car and there is a minimum and maximum for the steering angle value that is

achievable in real life, as well as the rate of change of steering angle.

However, the most common formulation of MPC found in literature which takes
into account the lateral deviation of the vehicle from the reference trajectory and
the steering angle as the controller input, lacks stability and does not perform
well in extreme driving scenario. The controller is unstable and often oscillates in
situations where the vehicle is far from the target trajectory which reduces driver
comfort. This is mainly due to the fact that the controller has a constant set of
parameters and gains for all lateral and heading error values and it does not adapt
its cost function accordingly. For this reason, in this project, a new lateral control
method has been designed and implemented, which is based on fuzzy adaptive
control. In this method, using fuzzy logic control, the weight parameters in MPC
can be adjusted in the cost function based on location and orientation of the vehicle
with respect to the trajectory. This proposed method improves performance of
the system in tracking accuracy and significantly reduces unnecessary oscillations

which in return improves driver comfort.
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Chapter 4

Proposed Driver Assistance

System : SmartCruise

This chapter goes over the proposed highway assist technology. This feature
consists of two main controllers as shown in Figure 4.1. A longitudinal controller,
which contains the adaptive cruise control algorithm, is in charge of the longitu-
dinal control of the vehicle. This is done by manipulating the acceleration and
braking inputs. A lateral controller, which contains the lane centering algorithm,
is in charge of lateral control of the vehicle by manipulating the steering angle

input.

The full model has been developed in MATLAB SIMULINK. The vehicle plant
model consists of the kinematic and dynamics model of the vehicle, and takes the
outputs of the two controllers and uses them as actuator inputs to the vehicle
model. The output of the vehicle model is information about the state of the
vehicle, including longitudinal and lateral speed, longitudinal and lateral acceler-

ation, yaw rate and much more. This information is fed back to the controllers as
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feedback and is used for decision making and further control calculations.

Lane Info
—* . Longitudinal
Environment Model Lead Vehicle Info &
Controller
Current Steering
Vehicle Speed
-
Vehicle Plant Model Lateral Controller
Set Speed
Actuator Command

(Acc/ Brake [ Steering Angle)

FIGURE 4.1: Motor Vehicle Traffic Fatalities Statistics

Parallel to the vehicle plant model, there is the environment model. The envi-
ronment model consists of the driving scenario that has been built in the driving
scenario designer app in MATLAB. This block models the vehicle and the en-
vironment in the world coordinate system, and provides information about the
surroundings of the vehicle given the current state of the vehicle. This subsystem
also includes the sensor models of the sensors mounted on the vehicle, and takes
care of the sensor fusion and tracking algorithms that are applied on the detec-
tions of these sensors. This subsystem provides information about the lead vehicle
detected and the information about the lane the vehicle is driving in, and passes
this information onto the main controller. The environment model is discussed in

more detail in the next chapter.

As discussed before, ACC is a driver assist system that maintains a certain

39


http://www.mcmaster.ca/
https://www.eng.mcmaster.ca/mech

Master Of Science— Shiva GHASEMI DEHKORDI; McMaster University—
Mechanical Department

distance with the vehicle in front of it, while also following a set speed set by the
driver.To achieve this, ACC commonly has two modes. Distance Control Mode
(DCM) and Velocity Control Mode (VCM) which are the methods present in clas-
sical cruise control. ACC has been researched on for a very long time, and a
PID controller has proven to be sufficient for the longitudinal control purposes of
the vehicle including both VCM and DCM to ensure safety and sufficient perfor-
mance[24]. The main difference between different controllers designed however,
is the number of control modes they introduce and the way they switch between
these modes. Some calculate the acceleration output of both VCM and DCM con-
trol modes and apply the minimum of the two [40]. While this method is simple
to implement, the result is very jerky since the transition between different accel-
eration inputs is not controlled and smooth. Other methods, introduce additional

modes such as speed matching mode.

Systems containing the two most common control modes, VCM and DCM the-
oretically work well. However, in real scenarios, repetitive switching happens be-
tween these two modes [62][61]. As the vehicle approaches the lead vehicle in
front of it, at the desired distance, the system switches back and forth between
the two modes which increases jerk and reduces drive comfort. For that purpose,
in this project an alternative approach is taken in which a new switching method
has been developed that is inspired by the work of Kadir [24], For both controller
modes, the most common controllers have been implemented in SIMULINK which
are based on PID controllers. The performance of this controller is then evaluated
in SIMULINK using Driving Scenario Designer Simulation system. The detail of

the system is better described in the next section.
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Lane centering assist on the other hand, is a lateral feature that proactively
steers the vehicle to ensure it stays in the center of the lane it is traveling in.
As mentioned in the previous chapter, there are many methods in the literature
that attempt to implement this path following feature, while ensuring the system

remains stable and the ride is comfortable.

Geometrical methods such as Stanley which calculate the required steering
based on the kinematics of the vehicle and its relative location to the desired
path, work sufficiently at lower speeds. However, in cases of higher speed or large
lateral deviation from the center of the lane, these systems suffer from instabil-
ity. A good path tracking controller, as a multi-constraint optimization problem,
needs to not only aim to minimize the lateral error but also take into account the

comfort constraint and the mechanical and electrical constraints of the system.

Model predictive Controller (MPC), predicts the future state of the vehicle
and the path it is traveling on, establishes a multi-variable cost function given all
the constraints, and attempts to minimize this cost function with respect to the

constraints of interest and the control input.

While the performance of a model predictive controller can prevent the stability
and comfort issue and can ensure high tracking accuracy, the fixed gain factors in
the cost function of the MPC reduce the adaptivity of the system. In the proposed
MPC, this problem is solved by adjusting the weight factors of the cost function
to control the accuracy of the path following. Using fuzzy control logic, given
the lateral deviation and the heading angle error at each point in time, a set of

optimized cost function weight factors are calculated and selected, and the MPC
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optimizes the system based on these new factors.

In the next two sections the formulation and control laws behind both longitu-

dinal and lateral controllers are presented.

4.1 Longitudinal Control Development

For this project, the main longitudinal model contains two main controllers
as shown in Figure 4.2. First is the system plant model, which consists of the
vehicle dynamics, and the second controller is longitudinal controller subsystem,
which contains the adaptive cruise control. While the vehicle dynamics sub-system
attempts to mimic a real vehicle behaviour and respond accordingly to acceleration
and braking inputs, the longitudinal controller block receives the information about
the surrounding and the lead vehicle in front the ego vehicle in order to calculate

the required actuator input (Throttle or brake).

Set Speed

Vehicle Speed

Vehicle Plant Model Longitudinal Controller —
Lead Vehicle Info

Actuator Command

(Acc / Brake)

FIGURE 4.2: Longitudinal System Structure

To best model the behaviour of the vehicle and then develop a controller for
it, we must first understand the dynamics of the vehicle that affect its motion.

Therefore, the next section goes over the dynamics of the vehicle modeled and all
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the forces applied to it. Following that the development process of the longitudinal
control system along with the Adaptive Cruise Control development is explained

in detail.

4.1.1 Vehicle Dynamics Model

The vehicle model was made in MATLAB SIMULINK using a vehicle dynamics
block set. This block follows the vehicle dynamics law as shown in Figure 4.3 below.
This figure represents a typical vehicle longitudinal motion on an inclined road.
The forces acting on the vehicle are the front and rear tire forces F,; and F,, the
aerodynamic forces Fj.,, and the rolling resistance forces R,y and R, . There is

also the force due to gravity which will act on the center of gravity of the vehicle.

FicURE 4.3: Longitudinal Vehicle Model

Based on Newton’s second law, the equation of the motion of the vehicle can

be written as:

mi = me + Fur — Faero — R:ch — Ry — mgsin(e) (4'1>
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Let F, be total longitudinal tire forces : F, = F,; + F,, and R, be the total
rolling resistance: R, = R,f + R,,, and assuming 6 is a small angle: sin(f)= 0,

Equation 4.1 can be simplified to:

mi = F, — Foepo — Ry — mgl (4.2)

Where given a fixed vehicle shape and standard atmospheric pressure,F.,, can

be calculated as:

1
Faero = ipCdAf(‘/r + sz’nd>2 (43)

Atmosphere conditions and temperature affect air density and in return can
significantly affect the aerodynamic drag. Following ISA standards, the pressure
and temperature of the environment vehicle is running in is assumed to be sea level
pressure (101 KPa ) and temperature (288K) . The frontal Area Ay, is defined
as 80% of the area calculated from the vehicles width and height for a passenger
car [50]. The aerodynamic drag coefficient also, can be estimated to be 0.3 since

on average, drag coefficient of a car is between 0.25-0.35 [54].

Rolling resistance can be approximated using the formula below:

R, =~ (p1 + p2Vi)mgceos(6) (4.4)

Where 1 and po are the rolling coefficients and are set to 0.006 and 0.0001

respectively.

The inputs to the vehicle block are the steering angle in radians and the front
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and rear forces on the vehicle axle which represents the propulsion force created
by the power train in Newtons which will be a function of acceleration and brake
command. A summary of parameter values used in the vehicle dynamic block can
be found in the table below:

TABLE 4.1: Parameters Used in the Vehicle Dynamic Model

Parameter Description Unit | Value
m Vehicle Mass Kg 1700
p Air Density % 1.22
Cq Coeflicient of Drag - 0.3
Ay Frontal Area m? | 2.75
0 Road Grade rad 0
Viind Speed of wind o 0
1 Rolling Coefficient 1 - 0.006
142 Rolling Coefficiant 2 - 0.0001

4.1.2 Basic Adaptive Cruise Control

In basic ACC, there are two operating modes. The Velocity Control Mode
(VCM) and the Distance Control Mode (DCM) . The VCM, which is the classic
cruise control, maintains the speed of the vehicle, so called the ego vehicle, at a set
speed that has been set by the driver. DCM on the other hand follows the vehicle
in front of the ego vehicle, the lead vehicle, while maintaining a safe distance. As

mentioned before, a PI controller is used to control these systems.

For the VCM mode, the velocity error (eyeiocity) can be defined as the error

between the vehicle speed and the set speed set by the driver as defined in equation
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4.5.

Evelocity = ‘/set - V;igo (45)
Therefore, the control law for the VCM can be formulated as:

ACCGZG’I"CLMO’I’LREQ - V - _KP(vcm) (evelocity) - KI(vcm)(/ Evelocity dt) (46)

Where V is the vehicle speed and V. is the set speed. Kp and K; are the PI

controller gains.

The DCM on the other hand has a more complicated system. DCM uses the

time gap, Tyqp, set by driver to calculated a desired distance as shown below:

ddes = Tgap *V + dsafe (47)

Where dg, . is called a safe distance. Safe distance is a constant value added
to this equation to increase safety and guarantee a sufficient distance between
vehicles even at vehicle velocities close to zero. Common values of safe distance
can be found in safety standard documentations. It usually is set to be around

twice to three times an average vehicle length [26].

The distance error, ey can be defined as:

Cdist = ddes - drel (48)
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Where d,..; is the relative distance between the ego vehicle and the lead vehicle
in front of it. This information will be collected by the sensors on the vehicle and
will be processed and provided to the longitudinal controller by the sensor fusion
and tracking algorithm. Given the time gap set by the driver, and the distance

error calculated using the equation 4.8, the DCM controller can be formulated as:

Accelerationpe, =V = Kp(gem)(€dist) + Kidem)( / edist dt) (4.9)

Time Gap Lead Vehicle Info Set Speed

Distance Control Velocity Control

C:E)};Eance < d;;;)

;

(’/

Desired Acceleration

F1GURE 4.4: Basic ACC Upper Level Controller

The most common switching algorithm used in literature and here in the basic
ACC controller, compares the distance between the lead vehicle and the ego vehicle
to the desired distance and switches to DCM if the relative distance to the lead
vehicle is smaller than the desired distance as shown in Figure 4.4 above. For the
purposes of this project, the following parameter values were used in the VCM and

DCM controller:
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TABLE 4.2: PID Gains in VCM and DCM

Controller VCM DCM

Parameter KP('ucm) KI(Ucm) KP(vcm) KI(dcm)

Description | Proportional Gain | Integral Gain | Proportional Gain | Integral Gain

Value 0.075 0.00001 0.5 0

4.1.3 Adaptive Switching ACC

Although the previous controller proves to work well in adjusting vehicle speed
to maintain a sufficient distance with the lead vehicle at all times, in practice, the
basic switching method is not feasible. For instances where the distance controller
overshoots even for a brief period, the system switches back to the VCM mode
which results in higher acceleration and therefore the car speeds up and approaches
the lead vehicle again, resulting in the controller to switch back to the DCM mode.
This repetitive switching behaviour reduces the driver comfort and results in a

jerky ride.

The proposed controller has a few advantages over the above system. Firstly,
a new controller called a Following Control Mode(FCM), replaces the previously
mentioned DCM. This controller consists of two smaller controllers as shown in
Figure 4.5. One that attempts to keep the distance with the lead vehicle as close
to the desired distance as possible(DC), and the second controller which attempts
to match the speed of the vehicle to the speed of the lead vehicle, called the speed
control(SC).
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FIGURE 4.5: Adaptive Switching ACC Upper Level Controller

Addition of the SC controller into the old DCM, reduces the unnecessary ac-
celerations and brakings. By matching the ego vehicle speed to the lead vehicle
speed during the following mode, variations in the distance error is minimized.
Therefore, once an acceptable distance is achieved, it is easier to maintain it by
matching the vehicle speeds rather than modifying the vehicle speed only based

on the distance error.

The formulation of the velocity controller and the distance controller are iden-
tical to the previous ACC mentioned and follow equations 4.6 and 4.9. The speed

controller is also very similar to the previous controllers and can be formulated as:
€speed = ‘/lead - Vvego (410)

ACC@lerationReq = V = —KP(scm) (espeed) - KI(scm) (/ espeed dt) (411)
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Where eg)eq is the difference between the lead vehicle speed and the ego vehicle
speed. Kp and K; are PID gains.
Another advantage of the proposed controller is its switching method. While
repetitive switching is a problem in the basic ACC controller mentioned in the
previous section, this controller solves that issue by introducing a new switching
technique. In the switching algorithm, Figure 4.6, in order for the controller to

switch from the VCM to the FCM, one of two things must happen:

1) The distance between the lead vehicle and the ego vehicle falls below the
desired distance :

ddes > drel (412)

2) The speed of the lead vehicle is considerably lesser than the set speed, even

though it is much further than the desired distance:

R * ‘/;et > ‘/lead (413)

And for the controller to switch back to the VCM, one of the following conditions

must be satisfied:

1) The distance between the lead vehicle and the ego vehicle increases much

more than the desired distance :

Q% ddes < drel (414)
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2) The speed of the ego vehicle while following the lead vehicle goes noticeably
higher than the set speed:
6 * ‘/set < ‘/ego (415)

k,c and [ are all tuning parameters which can be adjusted based on application

and it controls the frequency of the switching.

du’es} dre! OR K+ Vsst = Vieﬂ,d

VCM
FCM
ddes o= drei OR |3* th = I';go

FIGURE 4.6: Adaptive Switching : Switching Conditions

The addition of the second switching condition 4.13, allows the ego vehicle
to slow down ahead of time when there is a lead vehicle further away that has
a significantly lower speed. This avoids any unnecessary acceleration prior to
approaching the lead vehicle and consequently the braking required to slow down
to maintain a safe distance. This modification to the switching criteria significantly
increases the drive comfort and smoothens the ride and the result of such difference

is better presented in the simulation.

Condition 4.14, adds a hysteresis effect to the controller which regulates the fre-
quency of the switching. Note that the desired distance is not modified throughout
this processed. Instead, the criteria for switching that is based on the desired dis-
tance is adapted to the situation to prevent unnecessary change in controller mode.
This might result in the ego vehicle driving faster than set speed to maintain the

distance. To prevent this from happening, condition 4.15 is introduced which will
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add a comparison between the ego vehicle speed and the set speed to ensure that
the ego vehicle will not go faster than the set speed and in a scenario where the lead

vehicle is driving noticeably faster than the set speed, the controller will switch

back to VCM.

Tables 4.3 and 4.4, outline the parameter values used in the adaptive switching
ACC controller:

TABLE 4.3: PID Gains Used in SCM

Controller SCM

Parameter Kp(sem) Ki(sem)

Description | Proportional Gain | Integral Gain

Value 0.002 0

TABLE 4.4: Parameters Used in the Switching Method

Parameter | & « 153

Value 0911512

4.2 Lateral Control Development

The lateral control model contains two main controllers as shown in Figure 4.7
below. Same as longitudinal control mode, the vehicle plant model which consists
of the vehicle dynamics mimics the real life characteristics of the vehicle according
to the steering control input it receives. It then updates the vehicle states given
the control input received and calculates the new location, speed and yaw angle

of the vehicle and passes this information to the lateral controller as a feedback.
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FIGURE 4.7: Lateral System Structure

Path tracking is very dependent on the vehicle model. Therefore, to best es-
timate the steering angle input required to minimize the lateral deviation from
the trajectory, the lateral controller first models the dynamics of the vehicle and
calculates the steering input required based on that. There exist many different
vehicle models used for different applications. The bicycle model is a simple and

effective vehicle model commonly used for lateral control systems.

In the next few sections, the kinematic bicycle model, Stanley controller, Model
Predictive Controller, and the proposed adaptive MPC are discussed in more de-

tail.

4.2.1 Kinematic Bicycle Model

For the vehicle dynamics model and development of a prediction model, the
kinematic bicycle model is used. This model has long been well-known as a suitable

control-oriented model for representing a vehicle.

There are certain assumptions made in a bicycle model. Firstly, the left and

right wheel of the vehicle are lumped into one wheel as shown in Figure 4.8 below.
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Tires are also considered to have constant normal load and no slip angle at the
wheels in this model. and lastly, the vehicle is assumed to have planar motion,
meaning the only coordinates describing the motion of the vehicle in the world
coordinate system are z.,y. and #. Where x and y are the inertial coordinates of

the location of the center of gravity, and 6 is the heading angle of the vehicle.

Y A O (x (] y C )
@
".‘.‘.‘. 2R -, Cg
] — ---@
| X
)2' >

FIGURE 4.8: Lane Centering Assist

In such a model, the steering angle for the front wheels is represented by 0. The
rear wheels are assumed to be always straight and can not be steered. The center
of gravity of the vehicle Cj is assumed to be [y meters apart from the front axle,

and [, from rear. Therefore, the total wheelbase of the vehicle is L = [, + 4.

Instantaneous center of rotation of the vehicle, point O, is the point where at
an instant in time, the vehicle is rotating about. Meaning, the velocity of all
three points on the vehicle, front axle, center of gravity and the rear axle are all

perpendicular to the line connecting the center of rotation to them. Because of
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the no slip condition, we can introduce w as the rotation rate of the bicycle as:

0=w= (4.16)

v
R

Where R is the radius of the instantaneously center of rotation. Using the
concept of instantaneous center of rotation, the vehicle’s equations of motion in
an absolute inertial frame with respect to its center of gravity can be represented

by the following state equations:

Te. = v *cos(f + ) (4.17)

Yo = v * sin(0 + f3) (4.18)

v * cos(B) * tan ()

0=w= - (4.19)
p = tanl(h*tzn@) (4.20)

Using equations above, the vehicle’s motion can be estimated. By inputting
the steering angle rate and vehicle velocity into the system above,the new heading

and position of the vehicle can be calculated using the state space representation
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below: o _ - .
Te cos(0 + ) 0
. (0
"l = R W (4.21)
6 cos(p)tan(d)/L 0
0 0 1

Using this model, the yaw angle and position of the vehicle in the global coor-

dinate system can be calculated at each point in time.

4.2.2 Basic Stanley Controller

As mentioned in the previous chapter, the Stanley lateral controller is one of
the most commonly used geometrical controllers for lateral control. This method
computes the steering angle command, in radians, to adjust the current position
of the vehicle such that the lateral error and heading error between the vehicle
and the reference path is minimized. This controller only takes into account the
kinematic characteristics of the vehicle, which is the bicycle model as described in

the previous section.

The formulation of Stanley is better represented in the figure 4.9 below. In
this method, the front axle of the vehicle is used as the reference point. Lateral
error, e is defined as the shortest distance from the front axle of the vehicle to the
trajectory path. and the heading error v is defined as the difference between the
heading of the vehicle and heading of the trajectory at the point of the shortest

distance as shown in equations 4.22, 4.23 below.

e= (X - X2 = (Y - V,)? (4.22)
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77Z) = ¢t7’ajectory - ¢Uehicle (423)

Heading error is a measurement of how well the vehicle is aligned and moving
along the trajectory path while lateral error is a measurement of how far the vehicle
is from the center of the lane. The relative location and heading of the vehicle at
any point in time with respect to the desired path, i.e. center of the lane, can be

described using these two parameters.

FI1GURE 4.9: Stanley Controller

As mentioned above, Stanley is formulated based on three concepts. One,
is to eliminate the heading error v (t) Secondly, it aims to eliminate the cross-
track error e(t) by calculating the steering angle required to drive the vehicle to
the trajectory. and Lastly, it obeys the physical constraints of the vehicle and

maintains the steering angle between the limits at all times.
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Given the model above and putting the three Stanley concepts together, the

basic Stanley controller is formulated as:

W(t) + arctan(lzf((tt))) v + arctan(lifg))ﬂ < d(max)

6(t) = { 6(max) P+ arctan(lzf((f))) > 0(max) (4.24)
—d(max) v+ arctan(];f((f))) < —d(max)

Where k is the controller gain and d(max) is the maximum steering of the

vehicle which is a physical constraint.

Using equation 4.24 at each point in time, given the information about the tra-
jectory and the location of the vehicle, a steering angle control input is calculated
to reduce the lateral and heading error. Huffman in [21] demonstrated that this

system is globally asymptotically stable with linear or exponential convergence.

Stanley controller is an effective controller, since it considers both the cross-
track error and the heading error. In a scenario where the vehicle heading error is
large but the cross-track error is small, the output steering will also be large result-

ing in the vehicle’s orientation adjusting to the path. In a second scenario where

ke(t)
V(t)

the heading error is negligible but the cross-track error is large, arctan(37) ~ 5

, again the controller adjusts the steering angle such that the vehicle will drive

towards the center of the lane.
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4.2.3 Model Predictive Controller (MPC)

Model Predictive Control(MPC), is an advanced control method which at each
point in time predicts the process output over a finite predictive horizon based
on the current state of the system and the system inputs. These predicted state
variables are then compared with the corresponding reference variables using the
cost function which is developed based on the system constraints. and finally,
MPC calculates a control input sequence by optimizing the cost function for the
relatively short time horizon in the future [t-t-+T]. It then takes the first control

action and applies it to the system and repeats all the steps above again.

MPC is formulated based on the mathematical state-space model of a system
and this model is used to predict the state variable of the system throughout the
prediction horizon. Considering a multiple input output system, the state space

model is represented as:

X(k+1) = AX (k) + BAu(k) (4.25)

Y (k) = CX(k) (4.26)

Where u(k) is the manipulated input variable, or control input. Y(k) is the
process output at time (k). X(k) is the state variable Vector at time k. A, B and
C are the state matrices. Prediction horizon (IV,) is the length of the prediction

and optimization window.
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As mentioned before, the optimization goal of MPC is to develop an optimiza-
tion algorithm and minimize the cost function J over the receding horizon. The
most common formulation of a cost function is a quadratic cost function which is
given by:

N
= (Qu(R; — Xi)* + QuAu}) (4.27)
n=1

Where X; is the measured state, R; is the reference variable, u; is the ma-
nipulated variable or control input, and @, and @, are the weighing coefficients

penalizing the cost function.

By predicting the state of the system over the prediction horizon using the
prediction model and optimizing the cost function for that horizon , the optimal
control input for next sample time is calculated. The following sections go over
the dynamic vehicle model that is used as the prediction model, the cost function

and the complete formulation of MPC for the development of LCA.
A. Dynamics of the Bicycle Model

To best model the lateral characteristics of the vehicle and formulate the pre-
diction model, the kinematic bicycle model is extended to a dynamic model by
relaxing the no slip condition and force as shown in Figure 4.10. To begin model-
ing the lateral dynamics of the vehicle, the following assumptions are made: first,
the forward longitudinal velocity of the vehicle is assumed to be constant. This is
done by decoupling the longitudinal and lateral dynamics of the vehicle which has
been done throughout this project. Secondly, same as the kinematic bicycle model,

the front right and left wheels of the vehicle are assumed to be lumped together
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into a single wheel and same with the rear wheels. And finally, other non-linear
aspects of the system such as external forces acting on the vehicle, suspension
movements, and road inclinations are all considered to be negligible and are not

accounted for in the formulation on this model.

For this model, the center of gravity of the vehicle is assumed to be the reference
point to simplify the formulation. The lateral dynamics of the vehicle can be
formulated as equation 4.28 below, with only forces affecting the vehicle dynamics

being the front and rear tire forces.

mV (B + 1) = Fyf + F,, (4.28)

Where F,; and F), are the front and rear tire forces, m is vehicle mass, V is
vehicle velocity and 3 and ¢ are the side slip angle and yaw rate respectively.
For the angular acceleration, 1, the moments caused by the tire forces act in

opposite direction and create the following equation:

Ly =1;F;; —I,F, (4.29)

Where I, denotes the yaw inertia.
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FIGURE 4.10: Lateral Dynamics of Bicycle Model

As mentioned above, the only forces acting on the vehicle are assumed to be the
tire forces. Thus it’s essential to choose a tire model that models the system ac-
curately. Tire models tend to be nonlinear and complicated. However, for normal
driving conditions and small tire slip angles, the tire model can be approximated

as a linear function of the slip angle as follow:

¥
Fyyp = Croyp = Cy(6 = —fv) (4.30)
F, =Cro =Co(— + l;;b) (4.31)

Where o and o, are the front and read tire slip angles. and C, and C'f are
the cornering stiffness of the front and rear tires. Cornering stiffness is defined by

the resistance of a tire to deformation while the vehicle corners.

Substituting the tire model into equations 4.28 and 4.29, assuming the state
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vector is Xy = [y v 0 ¥]T, o = 0, and u = ¢ the lateral dynamics system can be

represented in standard state space form as follows:

X = AX + Bu (4.32)
Y =CX (4.33)
Where: ) )
0 1 0 0
0 26 gy 200200
A= e s (4.34)
0 0 0 1
20 Cp—21,-C, 2120542012
0 "y 0
T
B=|o X2 oy, - 20k (4.35)
1000
C = (4.36)
0001
and
Y
Y = (4.37)
(0

B. The Prediction Model

The model formulated in the previous section is the continuous dynamics model
of the vehicle. In the prediction model of MPC, the future states of the vehicle is

predicted throughout a specific prediction horizon using the discretized version of
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the model described in the previous section. This prediction model is then used

to calculate the control input in the next moment by minimizing the cost function

that will be described further in the next section under various constraints.

To best model the behaviour of the car and the mechanical constraints that exist

in the steering of the vehicle, a new discretized state space expression is established

based on equations 4.32 and 4.33 in which the control input in chosen to be Ad

and is presented as follows:

Where:

X(k+41) = A X (k) + BrAu(k)

Yk +1) = G, X (k)

| xw

Xy = , Au(k) =u(k) —u(k —1)
u(k — 1)_

. Ak By 5 By

Ak = , B, =
0116 I ] I

Gi=la o] YW=

(4.38)

(4.39)

(4.40)

The prediction horizon and the control horizon of the controller are N, and NN,

and are set to be 10 and 1 respectively. Meaning the control input is assumed to
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be held constant throughout the prediction horizon.

Adigk)

N Aﬂ(/{ + 1)
A[]Predicted<k) = ] (441)

Atk + N,)

At each moment in time, assuming the current state of the system is represented

by X, and k>0, the future vehicle states can be presented as:

Yk)
~ | Ykt
YPTedicted<k) - ) (442)

Yk + Ny)

Where Yfpredicted(k) is the predicted output over the prediction horizon N, and

it can be derived by combining Equations 4.38 - 4.42:

Y/Predicted(k> - \IIX(]{;) + GAUPTEdiCth(k> (443)
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Where:

T CB 0 0 0
CA B
o CAB CB 0 0

C' A2 S

U= , ©=| CcA2B CAB CB ... 0 (4.44)

C AN» o ] o ]

- - CAN—1B o C ANv—Ne B

C. Cost Function

The benefit of MPC over other methods is that MPC finds the optimal control
input over the horizon that will minimize the error between the reference values
and the output vehicle state values. This is done by minimizing the cost function.
To ensure the optimal solution follows the trajectory accurately and obtains lat-
eral stability and ensures driver comfort, the cost function can be constructed as

follows:

N
T =3 (Que] + Quii + QsAu?) (4.45)

n=1

Where Q,, @y and Q)5 are the constant weighting factors of the controller and
e; and v; are the lateral error and the heading error respectively and can be
calculated using the equations 4.22 and 4.23, and Auw; is the change in the steering

angle input.

The constraints of this problem are shown below:

AUmzn S AUZ S AUmax (446)
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Umin S Uy S Umaz (447)

In these set of constraints, AU,,;, and AU,,.. are the minimum and maximum
feasible angular increment of the front wheel, and U,,,;,, and U,,,, are the minimum

and maximum steering angle.

For the optimization of the cost function, a finite horizon optimal control
method is used in which a range of steering wheel inputs are chosen, and the
predicted state output for each of these steering angle inputs is estimated and the
cost function is calculated for each of these control inputs. Then the control input
that results in the lowest cost is chosen as the optimal control. With steering angle
inputs ranged from [-0.3, 0.3] rad, and increments of 0.005, the optimal control

input vector is:

AU*(k) = [Au*(k), Au*(k + 1), ..., Au*(k + N, — 1)] (4.48)

Since N. = 1 for this project, AU*(k) = Au*(k). Therefore, the front wheel
steering angle input is u(k) = u(k — 1) + Awu*(k) which will be the input to the

vehicle plant model.

The overall upper level architecture of the MPC system can be seen in Figure

4.11 below:
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F1cURE 4.11: Upper Level MPC Architecture

4.2.4 Adaptive MPC

As mentioned in the previous chapter, while Stanley and classic MPC methods
both perform decently in lane centering assist applications, they both suffer from
performance limitations that decrease tracking accuracy and ride comfort in certain

scenarios.

Stanley suffers from lack of prediction, since it calculates the steering angle in-
put required only based on the information about the current state of the vehicle
and the trajectory. Classic MPC on the other hand, suffers from lack of adaptabil-

ity to different maneuvers and tracking scenarios which stems from the fact that
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the cost function gains are tuned to a limited number of scenarios.

The improved adaptive MPC proposed in this work is based on fuzzy control.
This method guarantees improved accuracy in tracking and performance since it
will automatically adjust the gains of the cost function based on the current state of
the vehicle and the lateral error and the heading error. This in return, penalized
lateral error, heading error and the change in the steering input differently in

different scenarios.

Fuzzy control system is based on fuzzy logic and is widely used in the field of
control. This system mimics human behaviour and embeds the knowledge and
key elements of human thinking into decision making. Fuzzy logic controller can
be divided into three steps as shown in Figure 4.12: fuzzification, inference and
defuzzification. In the first step or fuzzification, crisp inputs with specific values
are fuzzified into fuzzy variables with a certain degree of membership. Next, the
fuzzy logic rules are applied to these fuzzy variables through the inference step and
lastly, these outputs will be converted into crisp specific outputs in the process of

defuzzification.

Heading Error Fuzzified Fuzzified

Lateral Error Variables Variables Cost Function Gains

FIGURE 4.12: Fuzzy Logic Flow Chart

In the fuzzy controller designed, the two fuzzy input variables are the lateral

position error and the heading angle error. These inputs are both fuzzified into
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five fuzzy sets: NB (Negative Big), NS (Negative Small), ZO (Zero), PS (Positive

Small), and PB (Positive Big) using the membership functions 4.13 and 4.14.

Degree of membership

LateralError

FIGURE 4.13: The membership function of lateral error e

Degree of membership

-0.6 0.4 0.2 0 0.2 0.4 0.6
HeadingError

FIGURE 4.14: The membership function of heading error v

The fuzzified values are then passed through the inference which implements

the fuzzy rules presented in tables below to these fuzzy variables:
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TABLE 4.5: Fuzzy rules of weight on Lateral Error e

Cy

NB | NS | ZO | PS | PB

NB | ZO | PS | PM | PS | ZO

NS | PS | PS | PM | PS | ZO

ey | ZO | PS | PM | PB | PM | PS

PS | Z0 | PS | PM | PS | ZO

Pb | ZO | PS | PM | PS | ZO

TABLE 4.6: Fuzzy rules of weight on Heading Error ¢

Cy

NB | NS |ZO | PS | PB

NB | PB | PM | PS | PS | ZO

NS |PM | PS | ZO | PS | ZO

ey | ZO | PS | ZO | ZO | PM | PM

PS | PM | PS | ZO | PS | ZO

PB| PB | PM | PS | PS | ZO

TABLE 4.7: Fuzzy rules of weight on Delta Steering Ad

€y

NB | NS | ZO | PS | PB

NB | PM | PS | ZO | PS | PM

NS | PB | PM | PS | PM | PB

ey | ZO | PB | PM | PS | PM | PB

PB | PB | PM | PS | PM | PB

PM | PM | PS | ZO | PS | PM
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These rules are representations of the relationship between the inputs and the
outputs based on the experience and intuitions that a driver would have while
taking into account both driver comfort and tracking accuracy of the system. The
output of these rules, are categorized into four groups of: ZO (Zero), Positive
Small (PS), Positive Medium (PM), Positive Big (PB). These output variables
are then defuzzified through the membership function represented in Figure 4.15

below using centroid defuzzification method.

-

=
=]

0.6

Degree of membership

R

FIGURE 4.15: The membership function of the outputs

Outputs of this defuzzification are rq,, rq, and rg, which represent the ratio

W
of cost function weight factors with respect to their maximum values. Meaning,
the outputs of the fuzzy logic system are used in the formulas below to give us the

final cost function gain values:

Qy = rQy * Qy,max
Q~¢ =TQ, * Qw,max (449)

Q5 =TQs * Q&,max
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Where Qy, Q~¢, and Qs are the adaptive cost function weighting factors, TQy> TQy
and rg, are the outputs of the fuzzy controller, and @y maz, Qv maz, and Qs max
are the maximum weight factors. The adaptive cost function weighing factors Qy,
Q~¢ and Qs are then passed on to the MPC controller for the implementation of

the optimization algorithm.

Below in Figures 4.16-4.18, the response surface of all three parameters are
plotted. These plots show the relationship between the system outputs and the

inputs given the fuzzy rules.

= Mg by "\'s"m\\\\e\\\\\\
) \\\““ m'l'n.'."\\mm

i
‘\\\\\\\\\\\‘ ‘\““’/I//////;///////”/l>

0
05 0.5
1 Lateral Error

HeadingError

FIGURE 4.16: Response Surface of rq,

R Q Theta
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£ o -1

=
P

1 Lateral Error

FIGURE 4.17: Response Surface of ¢,
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HeadingE :
LefEney 1 Lateral Error

FIGURE 4.18: Response Surface of rg,

Through the method described in this section, at each instance of time, the
system will adapt the cost function gain to the relative location of the vehicle to

the reference trajectory.

As an example, if the vehicle is far from the center of the lane but aligned with
the heading of the path, the weight factor on the lateral error will be increased to
ensure the vehicle will be brought back to the center of the lane smoothly. At the
same time, the weight factor on the steering wheel input will also be increased to

ensure ride comfort and avoid aggressive steering.
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Chapter 5

Simulation and Test Scenarios

Based on the methodology explained in the previous chapter, the vehicle model
has been designed in MATLAB SIMULINK. The longitudinal and lateral controls

are also created to control the vehicle plant model as shown in Figure 4.1.

Driving Scenario Designer app in MATLAB, allows for design of synthetic driv-
ing scenarios for testing of different autonomous features.The application allows
the user to create roads and actor models, which can be vehicles, trucks, bicycles
or pedestrians. It also allows the configuring of different sensors on the ego vehicle

to best mimic the real life test scenario.

For the purposes of this project, the following sensor configuration has been
designed as shown in Figure 5.1. The ego vehicle is equipped with a front facing
long range radar (LRR) placed on the front windshield. The radar has a field of
view of 20 © and a maximum detection range of 150m. This radar detects obstacles

such as vehicle and pedestrians that are in the path of the vehicle.
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Camera

FIGURE 5.1: Vehicle Sensor Architecture

The vehicle is also equipped with a front facing camera. The field of view of
the camera is 38 ° and range of the camera is 150m. The camera will create vision

detections of obstacles in front of the vehicle as well as lane detections.

The sensor detections received from both sensors are then processed in a sensor
fusion and tracking controller as shown in Figure 5.2. Both sensor fusion and the
tracking controller are taken from the SIMULINK library. The clustering block,
clusters all the detections received if they are within a certain distance from each
other. The tracking algorithm on the other hand, initializes, predicts and confirms
moving objects. This tracker accepts the clusters and detections from all sensors,
and assigns the detections to a track using global nearest neighbor(GNN) method.
The lead vehicle is then selected based on these tracks. This controller also provides
the relative distance and velocity of the lead vehicle as well as information about

the lanes detected.
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" Lane Info
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1 Sensor Datal 1
! Lead Vehicle Info !

FiGURE 5.2: Inside the Environment Plant Model

Both longitudinal and lateral controllers will then receive the required data and
calculate the next control input required for acceleration/deceleration and steering
of the vehicle. Since based on the assumptions made throughout the modeling of
the system the longitudinal and lateral motion and controller of the system work

independently, they have been evaluated and tested separately as well.

Throughout the following sections, the evaluation process of both controllers

has been explained in detail.

5.1 Longitudinal Control Evaluation

5.1.1 Test Setup

For the evaluation of the longitudinal controller, three driving scenarios have
been simulated and tested. To separate longitudinal control evaluation from the

lateral control evaluation, all tests assume a straight road with no road grade.
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In the first Scenario, the ego vehicle is travelling at 20 “*. There is a lead vehicle
traveling also at the same speed 50m ahead of the ego vehicle. After about 12s,
the lead vehicle fairly aggressively slows down to a full stop. The simulation setup
can be seen in Figure 5.3. In this scenario, the stability of the switching method of
both controllers at the boundary is evaluated as well as the reaction of the system

to a sudden stop of the lead vehicle.

FI1GURE 5.3: First Longitudinal Driving Scenario

In the second scenario, the ego vehicle is traveling at 20 . This time a lead
vehicle is traveling much further in the same line, at a speed of 16 ™. TIn this
scenario, the response of the controller as it approaches a much slower vehicle is

evaluated.

FI1GURE 5.4: Second Longitudinal Driving Scenario
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As for the third and final longitudinal driving scenario, the case of an aggressive
cut in is evaluated. The ego vehicle is assumed to be driving at 20 7. A vehicle
in the adjacent lane is also traveling at the same speed slightly ahead of the ego
vehicle. After a few seconds, the second vehicle changes lane and cuts in front of
the ego vehicle. This not only evaluates how accurately and quickly the system
detects the lead vehicle, it also evaluates the reaction of the system to evaluate

how aggressive and jerky the response is.

F1cURE 5.5: Third Longitudinal Driving Scenario

5.1.2 Evaluation Metrics

To best compare the two controllers, a few criteria have been set. The per-
formance of the system during the distance following mode can be evaluated by
looking at the distance error throughout the ride. In addition to the distance error,
the velocity error is also of interest in this project since the modified ACC includes
a third controller that aims to minimize that error. There are other factors that

are also representations of the performance of the system.

79


http://www.mcmaster.ca/
https://www.eng.mcmaster.ca/mech

Master Of Science— Shiva GHASEMI DEHKORDI; McMaster University—
Mechanical Department

As mentioned before, the main disadvantage of the basic ACC is its switching
method. The repetitive switching between the two control modes, creates unnec-
essary jerk and decreases driver comfort. By comparing the number of times each
system has switched between the two controllers amongst all scenarios, we can

assess the two switching algorithms.

In addition, increasing driver comfort is one of the main goals of this project.
Driver comfort is best measured by Longitudinal acceleration throughout the ride.
Excessive acceleration not only decreases driver comfort, but it also significantly

impacts the safety of the driver.

To better standardize and control this, a set of acceleration criteria has been put
in place that separates the value of longitudinal acceleration and categorizes it into
three categories of normal driving, aggressive driving, and extremely aggressive
driving[22]. While specific maneuvers and emergency responses of a vehicle might
involve aggressive acceleration or braking, the aim in designing an autonomous fea-
ture is to minimize the aggressive maneuvers as much as possible while maintaining
the safety of the ride. Figure 5.6 shows a summary of the longitudinal acceleration
criteria. These values might slightly vary in different applications, but they are all
within a very common range. The acceleration threshold for comfortable normal
driving is 0-1.47 7. Acceleration values ranging between 0.9-3.07% are considered
to be aggressive accelerations. That being said, the threshold for aggressive brak-
ing is higher. Aggressive braking is categorized as any acceleration between -5.06

-2 m 29 .
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Typical Longitudinal Acceleration for Drivers

Longitudinal O Normal Driving
Acceleration O Aggressive Driving

¥y v _, N Extremely
[=] ~
2 =

[a2]

Aggressive Driving

FI1GURE 5.6: Range of Acceptable Longitudinal Acceleration Val-
ues

To evaluate driver comfort, the longitudinal acceleration and jerk of the two
controllers is compared for all three test scenarios to ensure it stays within the
acceptable limit. The root mean square error of these values are also compared to

evaluate the level of aggressiveness of the ride using the formula below.

1
RMS = [~ 3" 3 (5.1)

Where n is the number of data measurements and z; is data at each sample

point.

5.2 Lateral Control Evaluation

5.2.1 Test Setup

For the evaluation of the lateral controller also, three driving scenarios were
designed to assess the performance of the system in three different maneuvers.

Since the evaluation of the lateral and longitudinal controller has been separated,
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throughout all three lateral scenarios the assumption is that the vehicle has a

constant speed of 207 and the road grade is zero.

The three main challenges lateral controllers face is large lateral deviation from
the center of the road, tight curves with high speed, and driving through S shaped
curvy roads. To evaluate the system performance in all these challenging maneu-

vers, the test scenarios have been built based on these cases.

The first driving scenario is a straight road as shown in Figure 5.7 below. The
vehicle is traveling at the constant speed of 20, however the vehicle’s initial
lateral deviation from the center of the road is 0.8m. This scenario assesses the

stability of the system against large lateral deviations.

Q

150 100 50 0 -50 -100 -150
Y (mi

FIGURE 5.7: First Lateral Driving Scenario

Second scenario is a tight highway curve. Based on [14], the minimum radius

of curvature of a highway can be calculated using the formula below:

V2
15(0.01 * epar + f)

Ryin = (5.2)
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Where e is the pavement superelevation, f is the coefficient of side friction force
between the vehicle tire and the road pavement, V' is vehicle speed, and R is the

radius of the curve.

The minimum radius of curvature a given highway can have is determined by
the limiting values of f and e which can be found in [11]. Assuming é,,,,=0.06,
and f;,42=0.140 with a vehicle speed of 20, the minimum radius of the curve
can be 190.5m . Therefore, for the second scenario, the vehicle is traveling at the
speed of 20 entering a curved road with a radius of 200m as shown in Figure 5.8

below.

300 200 100 0
¥ (m)

FIGURE 5.8: Second Lateral Driving Scenario

The third scenario is a S shape road with two curves that have a minimum
radius of curvature of 200m and the vehicle speed is the same as before which is

207 and there is assumed to be no road grade.
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F1GURE 5.9: Third Lateral Driving Scenario

5.2.2 FEvaluation Metrics

The Evaluation of the lateral controller is done by looking at the following
factors: tracking performance, front wheel angle, lateral dynamic stability, and

driver comfort.

Tracking performance can be evaluated by measuring the lateral error which is
defined as the lateral position of the vehicle with respect to the projected center
of the lane. This evaluation is done by comparing the mean of the error and the
average absolute error(AAE) for the lateral error in different test scenarios between

the three controllers. AAE can be calculated using the formula below:

1 .
AAFE = E Zi:l |6lateral(l)| (53)

Front wheel angle on the other hand, which is a function of the steering angle
input, is a measure of the control input required throughout the ride. Lateral

dynamic stability can be evaluated by looking at the reaction of the controller
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to the extreme driving scenarios which have been designed using the front wheel

angle.

The noticeable improvement in the stability of the system is one of the main
advantages of the new MPC controller. This can be seen by the reduction in

oscillations in control input and the overall performance of the system.

The last evaluation metric is the driver comfort. This can be characterized by
the lateral acceleration throughout the ride. To better standardize and control this,
a set of acceleration criteria has been put in place that categorizes the driving style
into three categories of normal driving, aggressive driving, and extremely aggres-
sive driving[22]. While specific maneuvers and emergency responses of a vehicle
might involve aggressive steering and therefore a more aggressive lateral acceler-
ation, the aim in designing an autonomous feature is to minimize the aggressive
maneuvers as much as possible while maintaining the safety of the ride. Figure
5.10 shows a summary of the lateral acceleration. These values might slightly vary

in different applications, but they are all within a very common range.

Typical Lateral Acceleration Criteria for Drivers

Lateral O Normal Driving
Acceleration O Aggressive Driving

h;___;___;_____lh_.;___‘i_p .EXtremEIV
Q < Q o o © Aggressive Driving
9 N e ~ < o

F1cURE 5.10: Range of Acceptable Lateral Acceleration Values
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Chapter 6

Results and Analysis

6.1 Longitudinal Controller

6.1.1 First Scenario

As mentioned in the previous section, by looking at the relative speed and
distance of the ego vehicle and the lead vehicle, the overall performance of the

controllers in VCM and DCM modes can be observed.

As shown in Figure 6.1, in this scenario both vehicles are driving at a speed
of 207 for about 13s before the lead vehicle aggressively slows down to a full
stop. Figure 6.2 shows the relative distance between the two vehicles, the desired,
and the safe distance. Both controllers show sufficient performance following the

desired distance while slowing down to a full stop.

The main disadvantage of the classic ACC method is its switching method. As
discussed before, when the distance error between the actual relative distance and

the desired distance is close to zero, the classic ACC tends to switch back and
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forth between the VCM and DCM mode. This can be clearly observed in Figure
6.3 throughout the first 10 seconds of the test. When the vehicle switches to VCM
mode from DCM mode, it tends to accelerate the vehicle to match the vehicle
speed to the set speed. This reduces the relative distance between the ego and
lead vehicle and forces the ACC back to DCM mode. This excessive switching

between the two controller modes can best be visualized in Figure 6.3.

Classic ACC Speed Following

30
- Set Speed
E 20 e —x Lca-q Speed
E \\ Vehicle Speed
B 10 :
& e
0 1 1 1 i T— |
L] 5 10 15 20 25
30
= Set Speed
E 20 Lead Speed
B Vehicle Speed
210
[55]
G 1 ——— ]
[} 5 25

Time (s}

FIGURE 6.1: Scenario 1 - Speed Profile
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Classic ACC distance Following
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FIGURE 6.2: Scenario 1 - Distance Following

Classic ACC Switching

ClassicACCMode

0 5 10 15 20 25 30
Time (seconds)

Adaptive ACC Switching
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AdaptiveAC CMode
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FIGURE 6.3: Scenario 1 - Switching between VCM (0) and DCM(1)

One of the other evaluation metrics mentioned in the previous chapter is the
ride comfort. As mentioned before, ride comfort can be evaluated based on the
longitudinal acceleration experienced by the driver throughout the ride. Based on

the standards available, the longitudinal acceleration values are divided into three
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categories of comfortable acceleration, aggressive acceleration, and extremely ag-
gressive acceleration. Figure 6.4, present the longitudinal acceleration of the ride
with each of the controllers. The green and red horizontal lines mark the bound-
aries between different acceleration categories described above. As we can see
throughout the first 10 seconds of the ride, the classic ACC has a jerky accelera-
tion profile which is due to the excessive switching between the VCM and DCM

mode.

Figure 6.5, plots the bar graph of the RMSE error of acceleration and jerk
between the two controllers. Results indicate reduction in longitudinal acceleration

throughout the ride which improves driver comfort.

Acceleration Values(m/s 2]

Comfortable Accelaration
4} ; Agaressiv Acceleration

AdaptiveACC |
ClassicAcc

Acceleration(mfsaj

0 5 10 15 20 25 30
Time(s)

FIGURE 6.4: Scenario 1 - Longitudinal Acceleration Evaluation
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[ A daptive ACC

Acceleration Jerk

FIGURE 6.5: Scenario 1 - Longitudinal Acceleration and Jerk
RMSE Evaluation

6.1.2 Second Scenario

In the second scenario, the ego vehicle is driving at 20 “* while approaching a
slow lead vehicle driving at 16" much further away. In classic control, switching
between VCM and DCM happens once the lead vehicle is closer than the desired
distance. Upon the switching, the DCM aims to maintain the relative distance
between the ego vehicle and the lead vehicle close to the desired distance. While
this switching method works theoretically, in a case like this one where the lead
vehicle is driving at significantly lower speed, the transition between the VCM and
the DCM will be harsh and once the lead vehicle is detected, the ego vehicle will

brake to maintain the desired distance.

However, the Adaptive ACC proposed in this project has the condition of enter-
ing the DCM earlier if there is a lead vehicle detected further away that is driving

significantly slower. This will in return create a smoother velocity profile and it
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will give the ego vehicle more time to slow down and match the speed of the lead

vehicle.

This phenomena can be better observed in Figures 6.6 and 6.7. While in the
classic ACC the ego vehicle goes from 207 to 16" within 5 seconds, the adaptive
enters the DCM mode much earlier and therefore has a smoother velocity profile

and decreases the vehicle speed from 20 to 16" within 15 seconds.

Classic ACC Speed Following

3{) Ay
- Set Speed
E2 = - Lead Speed
E o T —— ‘ehicle Speed
2ol
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= Adaptive ACC Speed Following
= Set Speed
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_E e ElEE————————— Vehicle Speed
Lo
(73]
a i i i i 1 i
0 5 10 15 20 25 30

Time(s)

FIGURE 6.6: Scenario 2 - Speed Profile
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FIGURE 6.7: Scenario 2 - Distance Following

Figure 6.8, shows the frequency of the switching between the two modes of
ACC amongst the two controllers. It’s seen that the adaptive ACC is entering
the DCM mode much earlier than the classic ACC. Besides, repetitive switching
occurs between the VCM and DCM in the classic ACC when the error between

the relative distance and the desired distance reaches zero.
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FIGURE 6.8: Scenario 2 - Switching between VCM(0) and DCM(1)
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Last but not least, the driver comfort of this scenario is evaluated by looking at
the longitudinal acceleration throughout the ride. As mentioned above, the fact
that adaptive ACC switches to DCM earlier than the classic ACC increases driver
comfort and decreases the intensity of the brake upon reaching the lead vehicle.

This is mostly visible in Figure 6.9 below around seconds 5-10 which is when each

controller switches to the DCM mode.

Acceleration Values(mfszj

E =
Comfortable Accelaration
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FIGURE 6.9: Scenario 2 - Longitudinal Acceleration Evaluation
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FIGURE 6.10: Scenario 2 - Longitudinal Acceleration and Jerk
RMSE Evaluation
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The RMSE errors for acceleration and jerk of each of these controllers for this
scenario can be seen in Figure 6.10. There is noticeable improvement in driver

comfort dues to the reduction of longitudinal acceleration in the adaptive ACC.

6.1.3 Third Scenario

In this scenario, the response of the system to an aggressive cut in is evaluated.
The response of the two controllers are quite different in this scenario. The classic
ACC applies an aggressive braking when the lead vehicle cuts in front of the ego
vehicle. while this ensures the relative distance remains above the desired distance,

the aggressive braking creates discomfort.

Figures 6.11, 6.12 present the performance of these controllers in VCM and
DCM mode. While both controllers perform adequately, the response of the adap-

tive controller creates a smoother velocity profile and less longitudinal acceleration.
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FIGURE 6.11: Scenario 3 - Speed Profile

94


http://www.mcmaster.ca/
https://www.eng.mcmaster.ca/mech

Master Of Science— Shiva GHASEMI DEHKORDI; McMaster University—
Mechanical Department

Classic ACC distance Following
T

———— Desired Distance | 7
— —— Relative Distance

\—‘ Safe Distance i
1

15 20 25

&

B

DesiredDistance (m}
I
=]

Adaptive ACC distance Following
T T

T
———— Dwasired Distance
—— Relative Distance
Safe Distance b

&

5]

DesiredDistance
FY
=

=
2]
iy
=
_
tn
b
=]
b
th

Time (s)

FIGURE 6.12: Scenario 3 - Distance Following

The excessive braking of the classic ACC increases the distance between the
lead vehicle and the ego vehicle enough to switch the ACC mode back to VCM.
The jerk caused by the aggressive braking followed by an aggressive acceleration
creates a significant discomfort for the driver. This behaviour of the classic ACC

can be seen in Figure 6.14 below.
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FIGURE 6.13: Scenario 3 - Switching between VCM(0) and
DCM(1)
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FIGURE 6.14: Scenario 3 - Longitudinal Acceleration Evaluation

The RMSE error associated with the longitudinal acceleration and jerk of both
controllers, confirms the above conclusions. The adaptive ACC has improved the

driver comfort compared to the classic ACC in scenario 3.
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FIGURE 6.15: Scenario 3 - Longitudinal Acceleration and Jerk
RMSE Evaluation
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6.2 Lateral Controller

In the development of the lateral controller for lane centering applications, the
aim is to design a system that remains stable and performs adequately under
different maneuvers. Stanley and MPC each have their limitations. While their
performance is good in some driving scenarios, they lack stability in others. The
test scenarios designed for the evaluation of the lateral controller, covers all these
different edge cases to ensure the proposed controller in fact improves path tracking

and drive quality performance of the LCA system.

6.2.1 First Scenario

In the first scenario the stability of the system is evaluated under large lateral
deviation. This is a major weakness of the Stanley method since the system does
not have any predictive factor in it, the controller simply attempts to eliminate this
lateral error. This reaction results in major overshoot which pushes the vehicle out
to the other side of the lane. This Oscillation can be observed in Figure 6.16 below.
While MPC has similar behaviour in the case of major lateral error, the predictive

nature of this controller reduces the overshoot and therefore the oscillation.

The Fuzzy MPC in contrast, does not oscillate as much and smoothly brings
the vehicle back to the center of the lane. The fact that cost function gains of
the adaptive MPC are adjusted to the relative position of the vehicle to the path,
ensures stability. The steering angle request of each controller can be observed in

Figure 6.17 below.
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FIGURE 6.16: Scenario 1 - Lateral Offset

While in the beginning of the test the Fuzzy MPC controller requests a big
steering angle input to bring the vehicle closer to the center, as the vehicle gets
closer to the center, the controller prioritized the heading angle error between the
vehicle and the road to ensure the vehicle approaches the center of the lane slowly

and smoothly.
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FIGURE 6.17: Scenario 1 - Steering Angle Input
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Lateral stability not only is hand in hand with the path tracking performance,
it also impacts the drive quality. As mentioned in the previous chapter, lateral
acceleration is a measure of driver comfort throughout a ride. Figure 6.18 below,
presents the lateral acceleration caused by each controller. The resulting lateral
acceleration demonstrates the improvement in driver comfort that Fuzzy MPC

provides compared to Stanley and Classic MPC.
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FIGURE 6.18: Scenario 1 - Lateral Acceleration

Figure 6.19 below, shows the mean and average absolute error for lateral devi-
ation and lateral acceleration. It’s important to note that to better interpret the
performance of each controller, one must look at all these factors at the same time.
While the mean of the lateral deviation can demonstrate an overall overview of the
path tracking performance of each controller, one can not conclude improvement
in performance without looking at the average absolute error since the oscilla-
tions are not well represented in the mean calculation. Same goes with the lateral

acceleration.
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Together, the results suggest a significant improvement in the performance of
the controller under large lateral deviation. The Fuzzy MPC controller reaches
lateral stability much faster with less lateral acceleration resulting in a more com-

fortable ride.
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FIGURE 6.19: Scenario 1 - RMSE Error

6.2.2 Second Scenario

The second scenario involves a curved toad with a small radius of curvature.
Since the Stanley controller is based on the current instance in time, the controller
finds a balance between the heading error and the lateral error term. While the
system is steady when faced with a tight curve, it suffers from a large steady state

lateral offset error.

MPC on the other hand constantly attempts to reduce this steady state error
which in turn creates an oscillation in the system. Fuzzy MPC however, has the

least steady state error throughout the curve while it also has the minimum amount
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of oscillation. The response of all three controllers can be seen in Figures 6.20 and

6.21.
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FIGURE 6.20: Scenario 2 - Lateral Offset

This Oscillation can be seen in Figure below. While Fuzzy MPC reaches sta-

bility, Stanley and MPC experience oscillations throughout the curve. The adapt-

ability of the Fuzzy MPC controller creates a smoother steering.
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FIGURE 6.21: Scenario 2 - Steering Angle Input
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Figure 6.22 below evaluates the driver comfort throughout this test. While all

acceleration values for all three controllers remain within the comfortable acceler-

ation boundaries, the oscillations cause discomfort.

Lateral Acceleration {mfs‘?)
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FIGURE 6.22: Scenario 2 - Lateral Acceleration

Looking at the mean and average absolute error values shown in Figure 6.23,

the difference in the lateral deviation and lateral acceleration of the controllers is

more prominent.

102


http://www.mcmaster.ca/
https://www.eng.mcmaster.ca/mech

Master Of Science— Shiva GHASEMI DEHKORDI; McMaster University—
Mechanical Department

Lateral Deviation Lateral Deviation Lateral Acceleration Lateral Acceleration
035
535 0.035
02 [
03 003 03 |
025
e 0.025
025 - 015
0.2 0.02 0.2
0.15 L 0.015 015
a1 0.01 01
0.05
005 0.005 J 0.05
o 0 : 0 s 0
Mean Ave Abs Error Mean Ave Abs Error

FIGURE 6.23: Scenario 2 - RMSE Error

Lateral deviation of Fuzzy MPC is noticeably lower and hence path tracking
performance of the system is better. Looking at the Acceleration mean and abso-
lute error, it can be noticed that on average, Fuzzy MPC has higher acceleration
values. This is due to the extra steering that this system has applied to main-
tain the vehicle closer to the center of the lane. Looking at Figure 6.23 and 6.21
together, one can conclude that even though the magnitude of the steering input
applied by the Fuzzy MPC is higher, since the oscillations are minimized through-

out the ride, the overall driver comfort is better in Fuzzy MPC.

6.2.3 Third Scenario

The third scenario is an S shaped road. Figure 6.24 presents the lateral devia-
tion of each controller throughout the test. Stanley and Classic MPC controllers

both have the larger lateral deviations.
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Figure 6.25, shows the control input or steering angle request throughout the

ride. Similar to the last two scenarios, Stanley and Classic MPC tend to oscillate

more.
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FIGURE 6.24: Scenario 3 - Lateral Offset
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FIGURE 6.25: Scenario 3 - Steering Angle Input

Looking at the lateral acceleration in Figure 6.26, Stanley has lower maximum

acceleration compared to other two controllers. However, all three controllers
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remain within the comfortable lateral acceleration boundaries. Additionally, it’s
apparent that Classic MPC oscillates more while the other two controllers reach

stability faster.

Lateral Acceleration Evaluation

Comfartable Acceleration
— Aggressive Acceleration
Stanley
— Classic MPC
Fuzzy MPC

e e —

Lateral Acceleration {mfsg)

—E Il Il Il Il Il Il ]
] 10 20 30 40 50 60 70
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FIGURE 6.26: Scenario 3 - Lateral Acceleration

Looking at the mean and average absolute error of this scenario in Figure 6.27,
the mean of lateral deviation of the Fuzzy MPC seems to be higher than the other
two. However, looking at the average absolute error and the lateral deviation itself
which is plotted in Figure 6.24, one can conclude that Fuzzy MPC has a better
performance in path tracking since it remains closer to center of the lane at all

times.

On the other hand, while the mean of the lateral acceleration of the Fuzzy
MPc tends to be lower, its average absolute error is higher. This indicated that
even though lateral acceleration of the Fuzzy MPC is significantly lower than the

Classic MPC, it is higher than the lateral acceleration of the Stanley controller.
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FIGURE 6.27: Scenario 3 - RMSE Error

As proposed, given the results above Fuzzy MPC can cover a better driving
comfort performance while improving the path tracking accuracy. This proposed
controller guarantees lateral stability under different conditions and throughout

the whole process of tracking.
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Chapter 7

Conclusion and Future Work

Motor vehicle fatalities are one of the top unnatural causes of death across the
world. Advanced vehicle assistance technologies not only aim to increase driver
safety by reducing the number of crashes, they also have significant impacts on en-
ergy consumption, pollution, congestion and transportation accessibility enabling

older people or people with disabilities to also freely and easily commute]6].

In this project, a new Advanced Driver Assistance System(ADAS) called SmartCruise
is introduced. This system is a combination of two ADAS technologies: Adaptive
Cruise Control (ACC) which controls the longitudinal motion of the vehicle and

Lane Centering Assist (LCA) which handles the lateral motion of the vehicle.

ACC is a driver assist system that adjusts the speed of the vehicle to maintain
a certain distance with the vehicle in front of it, while also following a set speed
assigned by the driver. To achieve this, classic ACC systems have two modes:

Distance Control Mode (DCM), and Velocity Control Mode (VCM) which is the

classical cruise control.
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An improved adaptive switching ACC is presented for the longitudinal controller
of the system. The proposed controller has a few advantages over the classic
ACC systems. Firstly, a new controller called a Following Control Mode (FCM),
replaces the previously mentioned DCM. FCM combines two smaller controllers
that aim to not only maintain the distance between the vehicle and the lead vehicle
close to the desired distance, but also match the speed of two vehicles in order to
improve the distance-following performance. Additionally, a new switching method
is implemented in the Adaptive switching ACC controller which reduces frequent
switching between the VCM and FCM modes and hence reduces longitudinal jerk
and increases driver comfort. The proposed Adaptive switching ACC system is
evaluated under three different driving scenarios and the results of this controller
are evaluated against the performance of the classic ACC by comparing vehicle

following capabilities and driver comfort.

For the lateral system, a Fuzzy Model Predictive controller (MPC) has been
presented. This controller predicts the future state of the vehicle and the path, and
finds the optimized control input that minimizes the lateral offset and heading error
of the vehicle with the trajectory. A fuzzy control logic is applied to this controller
which allows for the cost function weights to automatically change. While Stanley
and classic MPC both have constant gains regardless of the relative position of
the vehicle to the trajectory, Fuzzy MPC adapts cost function weight factors of
the system to the current state of the vehicle to ensure stability and improve the
performance. Same as the longitudinal controller, the performance of the lateral
controller is evaluated under three different simulation tests. Simulation results

of the proposed controller are then compared with classic MPC, and the Stanley
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controller to verify lateral stability of the system along with the driver comfort.

The effectiveness of the proposed system for both the longitudinal and lateral
controllers are evaluated via MATLAB SIMULINK Driving Scenario Designer app.
All six driving scenarios are designed and tested using this application. Based on
the simulation results of both longitudinal and lateral controllers, the following

conclusions are drawn:

Adaptive Switching ACC

o The proposed adaptive switching ACC solves the repetitive switching prob-
lem of Classic ACC

e The addition of FCM, improves the transition between the VCM and DCM
resulting in less aggressive acceleration and braking and hence a more com-

fortable ride

o The tracking performance of the system is good and the relative distance
between the vehicle and the lead vehicle always remains within 1 meter of
the desired distance, unless the vehicle is operating in the VCM mode or is

in transition between the two modes

Fuzzy MPC

o Fuzzy MPC improves tracking accuracy compared to classic MPC and Stan-

ley controller

o The proposed controller ensures lateral stability when responding to a large

lateral offset
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e The control input of the system remains within the boundaries of comfortable

steering throughout all scenarios

Future research in this area can address the following two topics:

1. There are certain assumptions made throughout the kinematic and dynamic
modeling of the vehicle. While these assumptions simplify the model formu-
lation, they result in modeling inaccuracies. One of the assumptions worth
investigating is the assumption of constant longitudinal velocity throughout
the lateral modeling of the vehicle. This assumption increases inaccuracies
when the vehicle is driving on a curved path. Another major assumption is
the linearization of the dynamic model of the vehicle by ignoring the non-
linear factors such as non-linear forces acting on the vehicle and suspension
forces.

It’s worth noting that such assumptions significantly reduce computational
cost of the system, which is a limiting factor in formulation of MPC. How-
ever, the impact of such simplifications must not be overlooked and is worth

investigating.

2. Moreover, in the formulation of the Fuzzy control logic inference, the cur-
rent fuzzy rule combination has been selected by trial and error. While the
selected set of rules improve the performance of the system, it might not
be the most optimal. In future work, an optimization algorithm such as a
genetic algorithm or a pattern search algorithm can be applied to the fuzzy

rule selection to find the most optimal set of rules.
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