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Abstract

This work is looking into the problem

of autonomous vehicle path tracking.

The purpose of this work is to design
and implement path tracking algorithm
that could reflect the capabilities of
the over-actuated vehicle platform and
test this algorithm against the baseline
path-tracking algorithm.

The vehicle platform that was used in this
work is an RC vehicle modified so that

it can independently turn every wheel.

The platform has also got distributed
computational power in a form of several
units which are part of the ROS2 network.
The baseline algorithm used for purpose
of this work was the Stanley Control
Law, which was designed at Stanford
University for purpose of controlling
the autonomous vehicle in the DARPA
Challenge.

The other algorithm designed was MPC
based algorithm that could reflect that
the vehicle platform can independently
steer all wheels.

The algorithms deployed on the vehicle
platform were implemented a the ROS2
nodes to be able to communicate with
the rest of the vehicle.

The path-tracking algorithms were tested
in the real environment within the park
of the CTU FEE on Charles Square.
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autonomous vehicle, path tracking,
over-actuated platform, ROS2
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Abstrakt

Tato se préace se zabyva problémem vedeni
autonomniho vozidla po referenéni cesté.
Cilém této prace bylo vytvorit a imple-
mentovat algoritmus pro sledovani cestz,
ktery by byl schopny brat v ivahu moz-
nosti preauktuované platformy a otestovat
tento algoritmus ve srovnani se zakladnim
algoritmem pro sledovani cesty.
Testovaci platforma pouzitd v této praci
je RC vozidlo modifikovano tak, aby bylo
schopno nezévisle natacet vSechnz kola.
Platforma ma také distribuovanou vypo-
¢etni silu v podobé nékolika vypocetnich
jednotek, které jsou soucasti sité ROS2.
Zakladni algoritmus pouzity v této praci
je tak zvany Stanley Control Law, ktery
byl navrzen na Stanfordské Univerzité,
pro potreby sledovani cesty autonomnim
vozidlem pfi DARPA Challenge.

Dalsim pouzitym algoritmem je algorit-
mus zalozeny na MPC, ktery je schopny
vyuzit nezdvislého naticeni vsech kol, Ce-
hoz je platforma schopna.

Algoritmy nasazené na platformé bzli im-
plementovany jako uzly sité ROS2, aby
byli schopné komunikovat se ybztkem plat-
formy.

Algoritmy byli testovany v prostiedi
parku uvnitf komplexu budov CVUT na
Karlové Namésti.

Klicova slova: MPC, Stanley Control
Law, autonomni vozidlo, sledovani cesty,
preaktuaovana platforma, ROS2

Pteklad nazvu: Algoritmy vedeni po
trati pro autonomni vozidlo
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Chapter 1

Introduction

. 1.1 Motivation

This work was highly motivated by papers published at the ITCS conference
[VCHT21] and [CHK*21]. The mentioned papers were aimed to examine a
way to estimate and predict parameters of the driving surface using image
data from cameras placed somewhere on the vehicle. Image data can then
provide prior information about what surface is ahead of the vehicle so the
assistance systems or algorithms deployed on a vehicle can be adjusted to have
better performance on the given driving surface. An example of this behavior
could be seen for example in ﬂm, where road friction properties are
provided to the braking control algorithm in order to adjust vehicle response.
The problem of adjusting vehicle parameters based on a prediction of surface
properties can be then reformulated into a problem of following the path with
optimal driving parameters. That means that based on image data one can
estimate surface properties ahead of the vehicle and then plan a path that
will lead the vehicle to the positions with the optimal driving surface. This
could be especially useful when for example vehicle has to avoid frozen-over
places on the road.

Another motivation for this work was to examine the possibilities of a relatively
new concept of over actuated vehicles. The over actuation of the vehicle can
lie in having a vehicle with all wheels steered or powered independently. This
concept can be then used to develop control or assist algorithms with better
performance in certain situations.



1. Introduction

. 1.2 Problem Formulation

The fundamental problem here is to develop a pipeline of algorithms, which
will allow the vehicle to classify surface ahead and independently on the human
operator lead vehicle through a surface with optimal driving properties. This
problem can be further divided into three subproblems namely prediction of
surface properties from image data, path planning with respect to predicted
data and path tracking.

SULIEEE Optimal Path Path
Az Plannin Trackin
Preditction 9 9

AN / NS J

Figure 1.1: Full pipeline

The surface properties prediction algorithm is described in [Kon22]. This
algorithm uses an artificial neural network to process images from a camera
placed on the vehicle in order to obtain an estimation of surface properties.

Figure 1.2: Example of the image processing [Kon22)

The second part of the pipeline is a path planning algorithm described in
[Boh22]. This algorithm uses data from the image processing part to plan the
optimal path through the environment. The path planned by this algorithm
chooses the best available surface according to several conditions described
in related work.
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E
&
£ 21
o
[=]
- §015 - - : : : :
E >I< 0 1.0 0 20 A0 [~¥al a0
@ 0.254
[+
;E 0.00
8 -0.25
[ - T T T T T T T
=2 lT' fal 10 20 20 AN =¥t =i al
w 27
E. /\«
£11
[=]
T : - . T - T
E‘ >‘:|.5 0 10 0 20 A0 B0 F~fat
£
E’ 0.0+
=]
L
£ -051 . . ; ; - ;
0 10 20 30 40 50 60
Time [s]

Figure 1.4: Planned development of states [Boh22]

The last part of the pipeline is the path-tracking part. This algorithm uses
the path obtained from the path planning part to safely navigate the vehicle
along it. The development of this part of the pipeline is the main focus of
this work.
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. 1.3 State of the Art

B 1.3.1 Over-actuated vehicles

The over-actuated vehicle is the vehicle that has got more forms of actuation
than it is necessary to control it. The over-actuation in our platform lies in
the independent steering of all wheels.

Another example of the over-actuated vehicle might be the vehicle platform
used in [CW14]. The vehicle used there has got four inwheel BLDC motors
and front wheel steering.

B 1.3.2 Path planning

There are many approaches to the path planning problem. The simplest
approach is to use the algorithm from the family of graph-based algorithms.
This family groups algorithms like A*, D*, the Dijkstra algorithm, breadth-
first search and many others. One example of the usage of graph-based
algorithms can be seen in [SNK19]. In this work the Hybrid A* algorithm is
used to plan the optimal path to the parking spot. However, the drawback of
the graph search algorithm is that the quality of output of these algorithms
strongly depends on the resolution of the searched space and it is quite
difficult to incorporate the constraint on vehicle dynamics or kinematics into
the algorithm.

Another group of path-planning algorithms is based on sampling methods.
These algorithms are based on a random sampling of the given state space.
For example, in [KETT08| the RRT-based algorithm is used to plan a path in
the urban environment. The algorithm selects a starting point (measurements
in the given time), take a random sample of the input to the mathematical
model and apply the input to the mathematical model. The mathematical
model is then "simulated" with the applied inputs and the states, where the
simulation ends, are marked as a node of the algorithm. The node and the
state trajectory are then compared with a feasibility map to check if there
are any possible collisions. After the collision check the node is added to the
search tree.

The MVP (minimum violation planning) framework [RCCT™13, TRCK™13]
based on RRt* also belongs to sample-based planning methods. The advantage
of the MVP framework is that it can handle logical conditions and also it can
handle multiple rules of different importance.

There are also optimization-based methods for path planning. These on

4



1.3. State of the Art

defining the path planning problem as the optimization problem. A notable
member of this family is MPC based path planning algorithm described in
[LLVT17]. The drawback of the MPC-based planning algorithm is that the
algorithm needs the convex optimization problem to find the globally optimal
solution and not be stuck in the local optimum. The algorithm then needs
some sort of heuristic for example a cost-to-go heuristic from [RHO05].

B 1.3.3 Path tracking

There are many path-tracking algorithms that can be used to navigate au-
tonomous vehicles and robots in general.

According to [BSAT17], path-tracking algorithms can be divided into several
categories, geometric algorithms, kinematic algorithms and dynamic algo-
rithms.

Geometric algorithms take into consideration only vehicle position and ori-
entation and its geometry. These algorithms are the simplest ones because
they don’t reflect any internal or external forces affecting the vehicle or the
velocities of the vehicle.

Kinematic algorithms are designed using a kinematic vehicle model. This
means that these algorithms take into consideration also the velocity and
angular velocity of the vehicle. However, these algorithms still don’t consider
forces affecting the vehicle.

The last group of algorithms is the group of dynamic control algorithms.
These algorithms are designed using dynamic vehicle models and are capable
of considering also forces affecting the controlled vehicle.

B Geometric Control Algorithms

® Carrot Following Algorithm

This algorithm uses so-called lookahead point s = (ms yS)T which is a

point on a path in a given distance from the vehicle reference point. Then
let vector v = (a: y) be the position of the vehicle, ¥ be its heading
and V vector describing vehicle orientation. There can be introduced
vector d = s — v and the angle between vector d and vector V can be
denoted as 14 which is also the tracking error.

5



1. Introduction

Figure 1.5: TIlustration of carrot following algorithm functionality from
[TYKAMI15]

The cornering ability of this algorithm strongly depends on the structure
of the controlled robot and also on the choice of the distance of the
lookahead point. If the distance of the lookahead point is too long the
robot will suffer from large deviation from the given path and can end
up in dangerous situations. On the other hand, if the lookahead distance
is too short then the robot doesn’t have to be able to track curves with
a smaller radius and is more likely to overshoot.

This algorithm is mainly used for two-wheeled circular-shaped robots
because these robots have much simpler steering geometry than vehicles.

® Pure Pursuit Algorithm
Pure pursuit is an algorithm used for front-wheel steering vehicles. Its
reference point is situated in the center of the rear axle of the vehicle.
This algorithm also uses the concept of the look-ahead point (see section
1.3.3)).
This algorithm uses the center point of the rear axle as its reference point.
The algorithm then creates a circular arc that will lead the reference to
the look-ahead point. The control action (steering angle of the front axle
wheels) is then calculated based on the circular arc using the equation
111

2L sin(«)

0p = arctan( l
d

), (1.1)

where 0 is the steering angle of the front axle, L is the distance between
the front and rear axle, « is the difference between the vehicle heading
and heading of the line segment between the reference point and look-
ahead point and d is a distance of the look-ahead point from the reference
point.
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path
Figure 1.6: Illustration of pure pursuit algorithm [TS]

® Stanley Control Law

Stanley Control Law is a path-tracking algorithm that was invented for
purpose of controlling autonomous the vehicle called Stanley through
the DARPA challenge. This algorithm was first introduced in article
HTMTO

This algorithm uses two error metrics to track the desired path. The
first error metric is the so-called cross-track error e., which describes the
signed perpendicular distance of the vehicle’s front axle from the reference
path. The second error metric is heading error ey, = 1.y — %, which
describes the deviation of vehicle body heading i from reference heading
Yrer. Base Stanley Control Law can then be described by equation

5(t) = (rep(t) —1b(t)) + arctan(lﬁ(?@)) (1.2)

The Stanley Control Law used in the DARPA challenge has two additional
features. The first additional feature is a yaw rate damper. This damper
can be described by equation [1.3|

kd,yaw (rmeas - Ttraj)v (13)

where kg yq is a tuning parameter, ry,cqs is the vehicle yaw rate and
Tirqj is an estimated yaw rate vehicle has to achieve to precisely track
the reference path. The second additional feature is the steering damper
which can be described by equation

kd,steer (5meas (Z) - 6mea5 (Z + 1)) (14)

7



1. Introduction

where kg gteer is a tuning parameter, 0,,eqs is steering angle on the
servos in given moment, ¢ is the index of the measurement one period
earlier. This additional feature should damp the response of the steering
mechanism, servos in our case.

B Kinematic Control Algorithms

Kinematic algorithms are algorithms designed with the use of a kinematic
model of the controlled vehicle.

One example of the MPC-based tracking algorithm comes from [PSLMI17].
This MPC-based algorithm uses a discrete-time kinematic model of the four-
wheel steered vehicle as a predictor for the MPC algorithm. The discrete-time
model can be described by the equations below.

Xiy1 = Xi+ Tovicos (¥ + 3i), (1.5)
Yiir = Y+ Tyv;sin (Y, + 5;),
\I’i—i-l = \I’i + TSUZ’KJZ’, (17)

where X is the position on the x-axis, Y is the position on the y-axis, ¥ is
the vehicle body heading, 3 is side-slip angle and is taken as a first input and
k is a curvature of the curve vehicle has to do and is taken as a second input.
This model is then linearized using the reference points on the path and used
as the predictor for the MPC framework.

This particular formulation gives optimal side-slip angle /* and optimal
curvature k*. These are not exactly the control inputs for the vehicle so
k* and * have to be recalculated into front wheel steering angle ér and
rear wheel steering angle dr using geometric properties of Ackerman steering
geometry. Another approach proposed in [TYZ720] is to use MPC in cascade
with PID controller on a yaw rate of the vehicle. The MPC algorithm is
designed to track the position and heading of the vehicle and output the
optimal yaw rate. The yaw rate from the MPC is then used as a reference
yaw rate for the PID controller. This cascade connection according to the
authors will result in a significant reduction of tracking errors.

B Dynamic Control Algorithms

Dynamic control algorithms are algorithms that are designed using a dynamic
model of the vehicle. They can reflect for example forces affecting the vehicle’s
wheels or the vehicle itself.

One of the examples of the dynamic control algorithm comes from [YGP'19).

8



1.3. State of the Art

There was designed a robust MPC controller based on a steady-state error
model.

There is also a possibility to use NMPC (Non-linear model predictive control)
introduced in |LLZ"19]. This work uses NMPC to track the desired path.
The NMPC then outputs the optimal front wheel steering angle 7 and also
a requirement on the yaw moment of the vehicle M,. The requirement on
the yaw moment of the vehicle is then handed over to the distribution logic,
which will select the appropriate braking torques on the wheels.

B Adaptive Control Algorithms

The control algorithm proposed in [SZCT20| uses a combination of pure
pursuit algorithm and PID controller. These algorithms are combined using
reinforcement learning.

Another approach introduced in [LJKK19] is to LQR (linear quadratic regu-
lator) controller with Kalman Observer. This control technique is enhanced
with lookahead measurements. That means the measurements are also taken
some distance in front of the vehicle. This distance is also adaptively changed.
The work [PN14] is solving the vehicle overtaking problem. The proposed
solution is to design a nonlinear controller based on the relative kinematics
of the two vehicles. The unknown velocity of the overtaken vehicle is then
estimated based on error metrics. The estimated velocity of the overtaken
vehicle is then used to adaptively tune the nonlinear control law.
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Chapter 2

Vehicle Platform

. 2.1 Introduction

The vehicle platform is built on the commercially available RC car Losi
Desert Buggy. The RC car was further modified to meet up requirements for
developing advanced algorithms.

Figure 2.1: Vehicle platform

11



2. Vehicle Platform

B 2.2 Hardware Configuration

B 2.2.1 Drivetrain

The vehicle platform is powered by one BLDC engine with motor controller.
The engine is then connected through the shaft and differential to the rear
wheel axle. The vehicle has only the rear wheels powered.

The engine is controlled by changing the width of the PWM signal applied
to the motor controller. This change is done using the ROS2 node directly
controlling hardware actions which then communicate with Navio using the
serial interface.

Control signal up € [—100, 100] is the signed percentual value of allowed
PWM width, where up = 100% is the maximal allowed value of PWM width
and up = —100% is the minimal allowed PWM width. The value up is then
recalculated to the PWM width and Navio then set the appropriate PWM
output to this width.

B 2.2.2 Steering mechanism

The vehicle platform is equipped with four standalone servo motors, which
independently control every wheel’s steering angle. This steering configura-
tion allows the development of advanced control algorithms for over-actuated
vehicles.

| &
=
ﬂﬂ - i Center of

ratotion

=

d
| R -

Figure 2.2: Ackermann steering principle [HRKI0)]
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2.2. Hardware Configuration

However, in this work, the single-track vehicle approximation is used. That
means that the wheels which are on the same axle are moving with each other
according to the rules of the Ackermann steering mechanism. The Ackermann
steering mechanism causes the wheels on the same axle to turn at different
angles so that the circular trajectory of both wheels has the same center. This
mechanism helps to prevent additional slips of wheels during turn maneuvers.
The Ackermann steering mechanism is implemented on both the front and
the rear axles. The vehicle platform has this mechanism implemented in
a software manner opposite to commercially produced cars that have this
mechanism implemented mechanically.

B 2.2.3 Computational Units

UART
100Hz STM Nucleo

] UART [

100Hz

] Ethernet [

not specific freq

UART
NVIDIA Jetson AGX Xavier Raspberry Pi 4 100Hz

Arduino Nano

Figure 2.3: Computational units connections [BTKS]

the computational power of the vehicle platform is distributed into several
computational units.

Computational units list.

13



2. Vehicle Platform

® NVIDIA Jetson AGX Xavier

® Raspberry Pi 3B with Navio HAT (further in text only referred to as
Navio)

® Raspberry Pi 4B (further in text only referred to as Central Raspberry)
® Microcontrollers

Arduino Nano

STM Nucleo

NVIDIA Jetson AGX Xavier serves as a graphic accelerator and is used
to compute high-level tasks like forward propagation in an artificial neural
network.

Navio is used to measure certain data and furthermore, Navio is equipped
with PWM output.

B 2.2.4 Low-level Hardware Modified

Low-level microcontrollers and the hardware circuits were at first soldered
on universal PCB (illustration can be seen in Fig. 2.4) with external wire
connections soldered directly to the board. This design was prone to damage
mechanical damage. The external wires often break in the soldered point.
The circuits were almost impossible to repair when something got broken
because the wires were directly soldered to the circuit and the circuit then
couldn’t be extracted from the vehicle platform. There was a need to find a
solution to these problems.

The first change in the platform was the design of the printed circuit boards

(further used as PCB) for the microcontrollers and the safety circuit. The
design of the PCBs was done using open-source software named KiCAD
(https://www.kicad.org/|). This change then means that connections be-
tween elements in circuits are no longer connected using wires but they are
connected by printed copper paths. This fact also contributes to the general
resistance of the circuits to the effects of the environment.
The designed PCBs were equipped with connectors to solve the problem
of extracting the PCBs from the platform. The connectors used in this
particular case are 9-pin DSub Cannon connectors (https://cz.mouser!|
com/ProductDetail/571-5747840-6)) and 15-pin DSub Cannon connectors
(https://cz.mouser.com/ProductDetail/649-10090926-P156VLF).

14
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2.3. Communication Network

Figure 2.4: Manufactured and assembled PCB of the safety circuit

All the single wires were also changed for jacketed cables to reduce the
effect of the electrical disturbance on the signals transferred through cables.
All the PCB designs and final products will be shown in the Appendix of this
work.

. 2.3 Communication Network

Communication between computational units is held by two kinds of interfaces.
The first interface used is the Ethernet connection this connection is used by
the ROS2 layer, which is establishing the connection between Jetson Xavier
and central raspberry. The second interface is UART. UART is used to collect
data from microcontrollers (Nano, Nucleo) and Navio and also to send control
signals back to Navio, which then set appropriate values for PWM outputs.

B 2.3.1 ROS2 Network

ROS2 network creates an application layer above the Ethernet connection of
the Raspberry Pi 4B and Jetson Xavier. The ROS2 network provides some
basic synchronization tools and communication tools.

ROS2 network in this particular case is used mainly for its communication
tools. It allows us to asynchronously send and receive messages between
Raspberry Pi and Jetson Xavier.

15



2. Vehicle Platform
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Figure 2.5: Communication architecture

In this case, the ROS2 network transfers image data from the ZED camera,
transformations between coordinate frames, path data, the control commands
from the controllers and also other vital measurements.

B 2.3.2 Serial Connections

The serial connections are used to transfer the data from the low-level hard-
ware to the Raspberry Pi 4B. The data are then processed by the ROS2
node deployed on the Raspberry Pi 4B and propagated to the ROS2 network
in a form of messages. The serial connection between the Raspberry Pi 4B
and Navio is also used to transfer direct commands for servos and a motor
controller to the Navio.

Specifications of serial interfaces.

® Raspberry Pi 4B and STM Nucleo

Data transfer rate: 100 Hz
Baud rate: 115200 Bd
Data type: int16
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2.4. Measurements

Data length: 8
Number of bytes: 16 bytes

® Raspberry Pi 4B and Arduino Nano

Data transfer rate: 100 Hz
Baud rate: 230400 Bd
Data type: float

Data length: 8

Number of bytes: 32 bytes

B8 Raspberry Pi 4B and Navio

Data transfer rate: 100 Hz
Baud rate: 460800 Bd
Data type: float

Data length: 70

Number of bytes: 280 bytes

. 2.4 Measurements

B 2.4.1 Position measurement

The measurement of position data is done using a dual GPS on the vehicle
and a base station GPS, which is positioned in a certain spot with a known
position. The dual GPS setup is giving a precise measurement of the heading
of the vehicle body. Base station GPS is used to compensate for an error,
which arises from GPS signal passaging magnetosphere.

Positional data are measured with sample frequency fgps = 10Hz.

B 2.4.2 Heading measurement

There are two different headings measured. The first measured heading is the
body heading 13, of the vehicle which describes the orientation of the vehicle
body in the plane. This heading is measured by the dual GPS receivers which
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2. Vehicle Platform

have their antennas situated on the opposite sides of the vehicle.

The second measured heading is the travel heading 1, which describes the
orientation of the velocity vector of the vehicle. This measurement is done
using measured velocities in NED coordinate frame and then calculating the
travel heading v; using a formula 2.1|

Yy = atan2(vg, vN), (2.1)

where vg is the velocity to the east and vy is the velocity to the north.

B 2.4.3 IMU units

The Navio unit has two inbuilt IMU units namely MPU9250 (https://
invensense.tdk.com/wp-content/uploads/2015/02/PS-MPU-9250A-01-v1.
1.pdf) and LSM9DS1 (https://cdn.sparkfun.com/assets/learn_tutorials/
3/7/3/LSMIDS1_Datasheet.pdf). These units have magnetometers, ac-
celerometers and gyroscopes on all three axes.

B 2.4.4 Velocity measurement

The vehicle platform has Hall effect sensors with magnetic rings mounted on
the half-shaft of each wheel. These sensors are used to measure the frequency
of wheel revolutions in revolutions per minute.

These measurements are collected by STM Nucleo mentioned in section 2.2.3.
The microcontroller then resends these data via the UART interface to the
Navio unit with frequency fsras = 100 Hz. These data are further processed
in the Navio unit.

The Hall effect sensors on the front wheels are also used to calculate the
tangential velocity of the wheels. Only the frequency of the front wheels is
included in the calculation of velocity because front wheels aren’t affected
by the motor and thus we can assume that front wheels have zero slip in the
longitudinal direction. Calculation of the front wheels’ tangential velocity vy
is done using the equation

Uf:(W)'$'2'T('T, (2.2)
where fr; and frg are revolutions per minute of the front left and front right
wheel and 7 is the radius of the vehicle wheel in meters.

Another velocity measurement then comes directly from GPS which provides a

ground speed of the vehicle. This measurement is updated with the frequency
of 10 Hz.
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2.5. Coordinate frames and transformations

B 2.4.5 Side-slip angle measurement

Measurement of side-slip angle 5 is done using vehicle both vehicle headings
mentioned in section [2.4.2. The side-slip angle g is then calculated using a
formula 2.3l

B =t — v, (2.3)

where 1), is the travel heading of the vehicle and v is the body heading of
the vehicle.

. 2.5 Coordinate frames and transformations

Bl 25.1 Global coordinate systems

There are used two global coordinate systems. The first used coordinate
system is the so-called Eart-Centered, Eart-Fixed (ECEF) coordinate sys-
tem. This system has the origin in the center of gravity of Earth, Z-axis is
directed towards the north pole, X-axis is directed towards the intersection
Prime Meridian (zero longitude) and Equator (zero latitude) and Y-axis is
perpendicular to both Z- and X-axis.

19



2. Vehicle Platform
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Figure 2.6: ECEF coordinate system [Sel7|

The second global coordinate system is the approximation of the North-
East-Down coordinate system using a local tangential plane. Approximation
of the global coordinate system by using a local tangential plane is done by
the creation of a plane, which touches Earth in certain ECEF coordinates.
These ECEF coordinates are then the origin point of the approximation of

the NED coordinate system.
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Equator

— Prime Meridian

Figure 2.7: Local tangential plane NED coordinate system

Coordinates in the ECEF coordinate system can be transformed into NED
coordinates in the local tangent plane using the following equation

Pnep = RY(PEcEF — Dres), (2.4)

where pygp is a vector of coordinates in the NED coordinate system, ppopr
is a vector of coordinates in the ECEF coordinate system, p,. is a vector of
coordinates of the origin of the NED coordinate system in ECEF coordinate
system and R is a rotation matrix. Rotation matrix m can be defined as

—sin(¢) cos(A) —sin(\) —cos(¢)cos(A)
R = | —sin(¢)sin(A)  cos(A)  —cos(¢)sin(A) |, (2.5)
cos(¢) 0 —sin(¢)

where ¢ is latitude and A is longitude. Similarly, this conversion can be also
used to convert the NED coordinates back to the ECEF coordinates.

The nature of this approximation implies that this approximated NED co-
ordinate frame holds only in the local neighborhood of reference point pi..
However, according to the fact that the vehicle platform is driving only inside
a testing facility, the approximation of the NED coordinate frame can be
safely assumed as a global coordinate system.

B 2.5.2 Vehicle coordinate frames

There are three coordinate frames on the vehicle which are used for purpose
of the trajectory tracking. These coordinate frames are gps, base_ footprint
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and front__axle_footprint.

The gps coordinate frame is positioned at the center of the Navio processing
unit. All position measurements are related to that coordinate frame.

The base_ footprint coordinate frame has its origin approximately at the
center of gravity of the vehicle with its z-coordinate equal to zero.

The front__azle_footprint has its origin positioned in the center of the front
axle with its z-coordinate equal to zero, which means that this coordinate
frame shows a projection of the center of the front axle to the ground.

B 2.5.3 Transformations between global and vehicle coordinate
systems

There are defined two coordinate frames to describe vehicle position in the
global coordinate system.

The first coordinate frame is called map. This coordinate frame is identical to
NED coordinate frame described in the section above. The second coordinate
frame is called odom. The position of the vehicle in this frame is measured
by the GPS sensor.

. 2.6 Sensor Fusion

The GNSS receiver has only limited measurement frequency fgps = 10Hz.
This measurement rate doesn’t have to be sufficient for attitude tracking.
This problem is solved by the implementation of vehicle attitude estimation.
The estimation algorithm uses a fusion of several sensors to estimate the
attitude.

The estimation algorithm consists of three separate branches of cascaded
complementary filters, one for each estimated value. The estimated values
are the north position in local tangent plane N,z in meters, the east position
in local tangent plane E.s and vehicle body heading 1.4 in radians.

22



2.6. Sensor Fusion

Neps (m) Low-pass

Low-pass
Kinematic

Model

Toy

High-pass
N
High-pass

Toy

Figure 2.8: North coordinate estimation branch of the complementary filter

Ecps (m) Low-pass

Low-pass

Kinematic |[VE:model(/$)

Model

Tog

VEest(M/s) High-pass

TE

High-pass

Tog

Figure 2.9: East coordinate estimation branch of complementary filter

Low-pass
’(/)G PS (rad)
Ty

"/}est (Tad)

High-pass
Yayro(rad/s) gn-p

Ty
Figure 2.10: North coordinate estimation branch of the complementary filter

23



2. Vehicle Platform

The branch for the vehicle heading, shown in figure 2.10], 1.5 estimation
uses a gyroscope measuring rotation around the z-axis of the vehicle body
&Qym and absolute measurement of the vehicle body heading from the GNSS
receiver ¥gpsg. This branch consists of only one complementary filter which
combines the two signals using a low-pass filter and a high-pass filter. The
heading complementary filter equations can be seen in the following equation

Tps 1
Upgyro(s) = T¢S—|—1;S\ngTO(S)’ (2.6)
1
U = U 2.7
pGPS(8) — aps(s), (2.7)
Vriter = Wpgyro(s) + Ypars(s), (2.8)

where capital letters denotes laplacian images corresponding variables, Wpgyr0(5)
and ¥,gps(s) are outputs of corresponding filters and 7¢pg are tuning con-

stants.

The branch for the north position N.4 estimation uses accelerometers from

the IMU unit, an absolute position given by the GNSS receiver, and velocity

in the reference point at the vehicle calculated using the kinematic model

from 13.2.1] from revolutions of front wheels. Data from the accelerometers

are related to the vehicle body coordinate frame and have to be converted

into a NED coordinate frame using the equation

an = ag-cos(+ B) —ay -sin(y + ), (2.9)
ap = ag-sin(¢ + B) + ay - cos(y + f), (2.10)

where ay and ap are accelerations corresponding to NED coordinate system
axes, a; and a, are accelerations related to the vehicle body coordinate frame,
1 is the heading of the vehicle body and S is slip angle of the reference point
at the vehicle. A similar transformation must be done for the velocity of
the vehicle at reference point v.. This transformation can be described using
equations

ovN = wve-cos(v+ ), (2.11)
vg = ve-sin(y + f), (2.12)

where vy and vg are velocities whose directions correspond to NED coordinate
system axis, v, is a value of the velocity at the reference point on the vehicle,
1 is the vehicle body heading and [ is the side slip angle of the reference
point on the vehicle calculated using the kinematic model.

This branch has two complementary filters connected in cascade, as can be
seen in figure [2.8] The first filter is used to estimate the value of the velocity of
the vehicle in the north direction. This filter uses the value of the acceleration
of the vehicle in the north direction ax and the value of velocity in the north
direction vy to return the estimated value of velocity in the north direction
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2.6. Sensor Fusion

UN,est- The equation of the filter is then

TonS 1
@ = -A , 2.1
Vean(s) = T An() (213)
1
v - - 7 mode 3 214
Vpun (8) TUN5+1VN’ det (8) (2.14)
VN,est(S) = vaN(S) + VpaN(S)a (2.15)

where capital letters denote Laplace images, Vp,n, and Vp,n are outputs of
the corresponding filter, Viv cs; is the estimated value of the velocity of the
vehicle in the north direction and 7,, is tuning constant.

The second filter in cascade uses the north position of the vehicle NV and the
estimated value of the velocity of the vehicle in the north direction vy ¢s and
returns the estimated north position of the vehicle Ngg4. Filter mathematical
description can be seen in the following equations.

ns 1
NPUN(S) = ™ + 1 gVN,est(5)7 (216)
1
Nppn (s) - 1N(5), (2.17)
Nest(s) = NppN(S) + vaN(S)7 (2'18)

where capital letters denote laplace images, Npp, and Np,n are outputs of
corresponding filters, N, is estimated north position of the vehicle, and 7
is a tuning constant.

Heading branch | Heading filter | 7, | 0.2
Position filter | 7 | 0.1
Velocity filter | 7,, | 0.75
Position filter | 7 | 0.1
Velocity filter | 7,, | 0.75

North branch

East branch

Table 2.1: Parameters of complementary filter
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Chapter 3

Vehicle Model

. 3.1 Introduction

There were several mathematical vehicle models used for different purposes.
All models used in this work are single-track models. This kind of vehicle
model should be sufficient to properly describe the use vehicle platform
because Ackermann steering geometry implemented in the platform allows
for collapsing wheels on the same axle to the single wheel in the center of the
axle without significant loss of precision of the model.

B 32 Modelling

B 3.2.1 Kinematic singletrack model

The kinematic single-track model is used as an odometry model for the
complementary filter described in section Inputs to the kinematic model
are the steering angles on the front axle  and on the rear axle dr in radians
and the value of the velocity of the front wheels v;. Outputs of this model
are velocity in reference point on the vehicle v, in meters per second, slip
angle of reference point beta in radians, yaw rate of vehicle ¢ in radians per
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second, and curvature k of a turning vehicle is doing. The outputs of the
kinematic model could be described by equations

g = arctan <(l7q(tan(5f) — tan(d,)) + tan(&,)) , (3.1)

Ly + 1)
¥ = wvp- fracsin(d; — 8,) (1 + 1) cos(6,), (3.2)
ve = vy szg)’ (3.3)
- SiIl((Sf — ,3)
" Ly - cos(dy) (34)

B 3.2.2 Nonlinear single-track model

The nonlinear single-track model used in this work was adopted from [EKXHH20)].
This model extends the functionality of the kinematic single-track model by

taking into account the dynamics of tires or dissipative forces affecting a

vehicle. Due to the complexity of the nonlinear model of the vehicle dynamics,

the equations won’t be shown here. The linear lateral model described in the

next section is derived from this nonlinear model.

B 3.2.3 Linear Lateral Dynamics Model

The nonlinear single-track vehicle model described in |3.2.2| can be used to
derive the linear model, which assumes only the lateral dynamics of the
vehicle. Derivation of the linear model is described in [EZKH21].

The linear approximation of lateral dynamics is modeling only side slip angle
B in the center of gravity of the vehicle and yaw rate of the vehicle body ).
This model can be described by the equation

. Cr+Cy 1,Cr—14C C
AV B e N CA A (3.5)
w ZTC’T;lfo _lfC’J;—ji:lTCT ¥ lf[Cf _ZTIQ 5. )" .

This model is a linear parameter-varying model. The parameter varying in
this model is velocity v. Parameters [y and [, are distances of axles from the
center of gravity, I, is the moment of inertia of the vehicle body with respect
to the z-axis and m is the mass of the vehicle. The parameters C'y and C, are
cornering stiffnesses of the front and rear tires. These parameters are slopes
of the bilinear approximation of the Pacejka simplified lateral tire model and
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can be obtained using the equation

C, = Dy By -Cy - Fup, (3.6)
Cy = Dys-Byy-Cyyp- Fiy, (3.7)

where D, B, and C' are respective tire parameters and F,, and F.,; are forces
affecting tires in z-axis direction.

This model in its discrete form is further used as a predictor for attitude
control using MPC algorithm.

. 3.3 Identification

The identification of vehicle parameters was done only for the linear lat-
eral vehicle model. The parameters m, Iy, and [; were identified by direct
measurement of the vehicle platform. The parameters I, Cy and C, were
identified by fitting system response to measured data. This identification of
parameters was done by minimizing the deviation of states trajectory from
measured data. The optimization problem can be written as

t1
min J(p) = min(y(t) — [ f(t,z,u,p)dt)? (3.8)
pER3 pER3 to

T
where p = (I : Cf Cr) is parameter vector, y(t) is representing measured
data and f(t,x,p) is function of parameters

f(t,z,u,p) = Az + Bu (3.9)

where A is system matrix from equation 3.5, B is input matrix from equation

35, z=(8 o ’ is vector of states and u = ((5r of g is vector of inputs.
Data for identification were obtained by performing a so-called crab walk.
This maneuver is done with both steering axles turning about the same angle.
This maneuver then ends up with the side slip angle being the same as a
steering angle on axles and only very small or short time deviations of the
yaw rate of the vehicle. Experimental data can be seen in figure [3.1] and
inputs used to generate these data can be seen in figure [3.2
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Figure 3.1: Lateral identification data
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Figure 3.2: Inputs for lateral identification

Identified parameters can be seen in table Figure 3.3/ shows a compari-
son of the response of the identified linear system and measured data.
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Figure 3.3: Comparison of identified system response and measured data

| lf[m] | 03 | L, [m] | 03 |
| m[kg] | 21 | L [kgm?] | 85.334 |
| Cp[] ]1000 | Cr[] | 1000 |

Table 3.1: Identified parameters of linear parameter varying model

B 3.3.1 Modified Experiment

The data used from the first identification attempt didn’t include slips of
the vehicle and also the experiment was done with a lower velocity of the
vehicle. Under these circumstances, the model couldn’t be properly identified.
The second experiment was performed at a higher speed and the steering
was more aggressive than in the experiment. The data from the second
experiment included slips of the tires and not only a slip of the vehicle body.
The parameters identified from the data from the second experiment can be
seen in table 3.2l

(][ 03 [ bfm [ 03 |
Im kgl | 21 | L [kgm® | 1.2562 |
| Cp[] 533964 | C,[-] [68.8640 |

Table 3.2: Modified parameters of linear parameter varying model
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Unfortunately, these new data couldn’t be used as data for the MPC
predictor because there was no time left to perform new experiments.
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Figure 3.4: Lateral identification data
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Figure 3.5: Inputs for lateral identification
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Figure 3.6: Comparison of identified system response and measured data

B 3.4 Vehicle Dynamics Simulator

To simulate the algorithms there were used a HIL simulator built in ROS2
environment. The simulator was implemented as a ROS2 node and was run
on the Jetson Xavier. This simulator had the interface built according to the
real ROS2 node which operates the vehicle to be as close to it as possible.
This simulator was used to test the interface of the algorithms before they
were deployed on the vehicle platform and also to check the behavior of
the algorithm. The visualization tool used with the simulator was a ROS2
built-in package named RViz (https://github.com/ros2/rviz), which has
the capability of visualizing the ROS2 messages in real time.

The mathematical model used as a simulation model was composed of the
LPV model described in section the nonlinear transformation of the
polar velocity to x-axis and y-axis velocities and first-order velocity system
approximation. The equation describing the simulation model can be seen in
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the equations below.

B _C]::UCT lTC;%—’Ulng 1 0 6
b = | kil _% ol | (3.10)
W 0 1 0) \¥
G G
muy muv 5
1:C 1,-C, f
+ e <5T> (3.11)
0 0
T = cos(B+1Y)-v (3.12)
= sin(B+7)- v (3.13)
v = a-v+b-u (3.14)
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Chapter 4

Path Tracking Architecture

. 4.1 Overall Architecture

Position and heading

Control Vehicle
algorithms
Y
N Rear wheel angle|
. Path
Plannlng » Path tracking Steering
Front wheel angle
A w Q
Velocity Engine command > Engine
> control
Velocity

Figure 4.1: Control layout block diagram

Vehicle control was divided into two separate control tasks as can be seen in
figure 4.1}

The first part is the velocity controller, which takes the reference velocity
from the planning algorithm and outputs the engine command in a form of
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PWM width.

The second part is the path tracking algorithm, which takes the [V, E] position
and heading as a reference from the planning algorithm and outputs a control
signal in a form of steering angles of the front and rear axle.

B a2 Planning and Control Interface

B 4.2.1 Path Planning

Path planned by planning algorithm is an ordered set of points pr =

(Nk B Yy vk)T, these values are then used as reference signals for the
attitude control algorithm and velocity control algorithm. N, and Ej are
positions in the NED coordinate system of the local tangent plane namely
Ng is a north position in the local tangent plane in meters and Fj, is an east
position in the local tangent plane in meters. Both position coordinates are
relative to the origin of the local tangent plane approximation described in
section [2.5.1. Heading ¢y gives desired heading of the vehicle to get from
point pr to pri1 taking a straight line. The size of the velocity vy is the
velocity for which the path from point py to point py1 was planned.

E [m]

N [m]

Figure 4.2: Reference path visualization
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B 4.2.2 Integration

Planning and control algorithms are implemented as separate nodes inside
the ROS2 network. The path planning node is deployed on NVIDIA Jetson
AGX Xavier and the path tracking algorithm and velocity controller are
deployed on Raspberry Pi 4B. These two computational units are connected
via Ethernet and communication between them is established by the ROS2
layer. Path planning algorithm sends Path filled with information mentioned
above in section 4.2.1. Path message [PAT] is an inbuilt message of the ROS2
environment, namely nav_msgs package. The definition of the path message
can be seen below.

Message name | Element Type
Path
header Header
poses | Array of PoseStamped

Table 4.1: Path message definition

. 4.3 Vehicle and Control Interface

B 4.3.1 Position Control

The path-tracking algorithms control the steering angle of both the rear and
the front axle. The output of the path tracking algorithm is a request on
the steering angle on the given axle in radians, dz for the front axle and ép
for the rear axle. Maximal allowed steering angle deviation of both axles is
|0maz| = § rad. These steering angles sent by the attitude control algorithm
are then received by the node controlling a vehicle, converted to PWM width
value, and sent to servo motors controlling the steering angles of particular
axles.

These steering angle requests are sent in ROS2 message called Pose2D (ROS
message definition http://docs.ros.org/en/noetic/api/geometry_msgs/
html/msg/Pose2D.html). The definition of this message could be seen in the
table below.
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4. Path Tracking Architecture

Message Name | Elements | Types
Pose2D

X float64
y float64
theta float64

Table 4.2: Definition of Pose2D message

In this particular case Pose2D message’s element z was used to transfer
front axle steering angle dp and element y was used to transfer rear axle
steering angle 6r. Element theta was left unassigned and not used.

Steering
= () O
—
Algorithm CChLTe
ROS2 Node ROS2 Node
Measurements
Raspberry Pi 4B
Serial
ROS2 Network Interface
PWM 6
Front .~ = Low
Servos Level
Control
and
Rear | | Measurements

SeNOS | PWM 6 Navio

Figure 4.3: Block diagram of the interface between position control and vehicle
hardware

B 4.3.2 Velocity Control

The control action up outputted from the velocity controller is the command
that is directly proportional to the width of the PWM signal applied to
the motor controller. This signal is in the range up € [—100,100]. The
control signal from the velocity controller is sent wrapped in a ROS2 message
to the ROS2 node communicating with the hardware of the vehicle. The
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message used for this is the Twist (http://docs.ros.org/en/melodic/api/

4.3.

geometry_msgs/html/msg/Twist.html).

Vehicle and Control Interface

Message name | Element | Type
Twist
linear | Vector3
angular | Vector3

Table 4.3: Definition of Twist message

Message name | Element | Type
Vector3
X float64
y float64
zZ float64

Table 4.4: Definition of Vector3 message

Control
Input
Velocity X
Reference \C/:elomty Vehicle
— ontrol
. Control
Algorithm <,5
ROS2 Node ROS2 Node
Measurements
Raspberry Pi 4B .
Serial
ROS2 Network Interface
Low
PWM Level
Motor Control
Controller and

Measurements

Navio

Figure 4.4: Block diagram of the interface between velocity control and vehicle
hardware
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4. Path Tracking Architecture

B 4.3.3 Integration

Communication between control algorithms and the vehicle is also established
by the ROS2 layer. As mentioned in chapter manipulation of vehicle
actuators is also implemented as a ROS2 node. These two nodes are deployed
on the same computational unit. ROS2 nodes in which the velocity controller
and path tracking algorithm are implemented communicate with ROS2 node
that manipulates vehicle actuators namely the engine and steering mechanism.
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Velocity Controller
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B 51 Approximation of longitudinal dynamics

Observation of the data shown in figure [5.1) shows that transfer from input
up to velocity v can be safely approximated using a first-order linear system.

Vehicle velocity

v (m/s)

14
t(s)
Input
T T T T T T
50 [ A
S
=] Uy ]
-50 1 1 1 1 1 1
0 2 4 6 8 10 12 14

t(s)

Figure 5.1: Measured velocity and engine input

Longitudinal dynamics was only considered as a transfer from input up
mentioned in section to vehicle velocity in a reference point. We can
assume the transfer function of longitudinal dynamics approximation to
proper transfer without zeros. The equation could be seen [5.1]

k
Hlong(s) = s+a (51)
The transfer was then converted to a state space description
o(t,x) = —a-v(t,x) + k-up(t) = f(t,z,c), (5.2)

where ¢ = (a k g is a parameter vector and t is time in seconds. This
system was identified using the least-squares fitting method. That means that
model was fitted to the data acquired by doing experiments on the vehicle.
Parameters were then obtained by minimization of the equation

min J(¢) = min(y(t) — [ F(t,, c)dt)>. (5.3)
ceR? ceR? to
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This minimization problem is formulated as a nonlinear least squares problem
and was solved with the use of MATLAB function called lsqnonlin [Matal.
Data used for identification were generated using engine input up = 58% and
zero steering angle. Experimental data can be seen in figure [5.1

Result of identification

v (m/s)

Measured data
Identified system response

A2

_1 1 1 1 1 1 1
0 2 4 6 8 10 12 14

Figure 5.2: Result of first-order approximation identification

Identified parameters are

a = 0.9144, (5.4)
k = 0.0690. (5.5)

This first-order approximation was then directly used to design a velocity
controller.

B 52 Controller design

The design of the controller was done using the root locus method with a
forced controller structure. It was decided to use a PI controller because this
type of controller is capable of holding steady-state error at zero and also
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5. Velocity Controller

provides some degree of robustness. This could help with inaccuracies in a
model used for the design of the controller. The parameters tuned on the

design model can be seen in table

The resulting regulator was then tuned using tests on the real platform to

meet the requirements.

However, these parameters were too aggressive for the real system. The

Root Locus
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Figure 5.3: Root locus plot for the approximation of system longitudinalal
dynamics with forced PI regulator structure

parameters were tuned using experiments with the real system. These pa-
rameters can be seen in table

Ky

31.65

K;

34.78

Table 5.1: Parameters of the PI controller tuned on design model

Ky

23

K;

15

Table 5.2: Parameters of the PI controller tuned for design model
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5.2. Controller design

Step Response

1.2 T T T

0.8 1

0.4 r y

02r 4

Figure 5.4: Step response of controlled design model
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B 53 Velocity reference

Figure 5.5: Shadow vehicle projection

The problem with velocity while tracking trajectory is that velocity given by
time gaps between points on the trajectory is assumed in case the vehicle is
moving precisely along the planned trajectory. This means that if the vehicle
deviates from the given path the velocity reference has to be modified.

This can be solved by introducing a so-called "shadow" vehicle, which is a
projection of the vehicle onto the trajectory, as can be seen in figure 5.5l The
shadow vehicle projection can be used to calculate the velocity of the real
vehicle necessary to achieve point pgy1 in time. When a vector of velocity is
projected on the direction vector line segment given the position of points
pr and pp1, it gives the size of the velocity vector vy of the shadow vehicle
moving along the trajectory. The size of velocity vector vy then becomes a
controlled value and planned velocity vy between points py and pgy1 is taken
as a reference value.
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5.4. Rate Limiter

Figure 5.6: Velocity projection

The projection can be calculated using the following formula

’Ug - v
log|

which gives us the size of the velocity vector of the shadow vehicle v,.

jog] = (5.6)

. 5.4 Rate Limiter

The velocity controller was supplemented with a rate-limiting feature. This
feature is changing the step change of the reference to the linear change with
a given slope.

The rate limiter is designed to limit the acceleration of the vehicle to a4, =
1ms—2. The velocity control algorithm runs with sampling period 7. = 0.01
s. The rate-limiting feature was implemented as a software feature described
by the algorithm [1.

Algorithm 1 Rate limiter algorithm

if New reference available then
VUrate < Measured velocity
Uref < New reference velocity

end if

if vef — Vrate < 0 then
Urate €= Uref

end if

while |v,qte — Vpef| <= € do
Urate <~ Urate + 7Y

end while
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5. Velocity Controller

where v,qte is the velocity reference outputted by the rate limiter algorithm,
vref is the external velocity reference and v is the constant increase. In our
case 7 = 0.0l ms~! due to the while loop having the sample period T,. = 0.01
s and frequency f.. = 100 Hz the rate limiting algorithm will limit the rate
of change of the reference velocity to ames = 1 ms™2.
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Chapter 0

Path Tracking

Algorithms designed to track trajectory are mainly controllers with some level
of predictivity. In trajectory tracking problems predictivity of controllers
could be crucial when performing certain maneuvers, for example driving
through a turn with a high value of curvature at high speed. Reactive
controllers like basic PID can have a slower reaction and cause the vehicle
to deviate too much from the path and it might crash into the crash barrier
alongside the road. A good analogy to using reactive controllers for a path
tracking problem could be driving a vehicle and looking only into a side
mirror, the driver will know that there is a turn just when he actually passes
the turn.

B 61 Stanley Control Law Inspired Algorithm

This controller is highly inspired by Stanley Control Law used in the publica-
tion [HTMTO7].

Stanley control law is consisting of several parts namely heading part e,
cross-track part d.,;, and curvature part 7., this can be understood as a
yaw damper, and steering part sq,-;. The full equation of Stanley control law
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Heading

Heading
Error

Preview

Path Heading

Error

Vehicle —

Cross-track
Error

Controller

Position

Velocity

Figure 6.1: Diagram of Stanley Control Law inspired algorithm

used can be written as

ke(t)
3(t) = (Yrer — ) +arctan —————
() = (g =) +arctan A0
wctrl dctrl (6_1)
+ kd,yaw (Tmeas - Ttraj) + kd,steer (6meas (Z) — Omeas (l + 1))7
Tetrl Sctrl

where 0(t) is the steering angle calculated with control law, 1, is the refer-
ence heading, v is the measured vehicle heading, e(t) is a cross-track error,
Esoft is softening constant, which prevents division by zero, ryeqs is yaw rate
of the vehicle, r4.,; is estimated yaw rate of reference trajectory, dmeqs is
discrete time measurement of steering, i is time index of measurement of
steering one period earlier and k, kg yqw and kg sieer are tuning constants.
The architecture of the baseline controller used in this work is highly inspired
by Stanley control law. When designing this controller, curvature part r..
and steering part s.,; were removed, because the vehicle platform doesn’t
allow measurement of the steering angle of axles. The designed baseline
algorithm was supplemented with the predictive part in form of lookahead
measurements of the vehicle heading.

The equation of this controller could be written as
d(t) = kyaw(Vrer — 1) +arctan kel + kin (Yin — ) (6.2)
— hyaw ref k,‘soft + ’U(t) lh lh U .

wctrl d’lh,ctrl
dctrl

where 1) is measured heading of vehicle, 9,y is heading reference in current
position, 1y, is heading reference in lookahead distance, e(t) is cross-track
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6.1. Stanley Control Law Inspired Algorithm

error, ksof¢ is softening constant, v(t) is vehicle velocity in reference point
on vehicle and k and kj, are tuning constants. Additionally, Stanley Control
Law output action is restricted only to the allowed range {(Lm-n, 5mw} so the
final output of the controller is described by equation [6.3.
6771(1(15
Op(t) = satg™(6(t)) (6.3)

min

where 0 is steering angle on front axle, ¢ is control command from modified
Stanley algorithm and satgz_‘: is saturation operator with upper bound in
Omaz and lower bound in O,n.

B 6.1.1 Predictive part

The predictive part in this controller is designed using lookahead distance
dependent on the vehicle velocity. Calculation of the lookahead point is done
using constant time gap taap between vehicle and lookahead point and ghost
vehicle velocity defined in section [5.3|

Pk+2

Figure 6.2: Lookahead point

Calculation of lookahead point distance is done using the equation

dip, = do + |?Jg| -tgap- (6.4)
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6. Path Tracking

the lookahead point is then found in distance djj, "walked" along the path, |vg|
is the size of the velocity vector and dj is the offset constant. The reference
heading of the lookahead part of the controller is a reference of the path
segment given by points p; and p;4+1 to which the lookahead point p;, belongs.

B 6.1.2 Error measurement

Calculation of heading error and lookahead heading error is done using the
following equations

Yerr = wref_¢7 (65)
wlh,err = wlh_d}v (66)

where psiep is current heading error and vy, ¢ is heading error in distance
of lookahead point.

However, the calculation of cross-track error could be a bit tricky. Cross-track
error when considering smooth trajectory is defined as the length of the line
segment between the closest point on the path and the reference point on the
vehicle, which is also perpendicular on the line tangential to the closest point.
However, cross-track error calculation, when considering trajectory as a set
of positions connected by line segments as in this case, can be done using
vector rejection, which will calculate the size of vector € using vectors pand t
as is shown in figure |6.3|

Pk

Figure 6.3: Calculation of cross-track error
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. T
Rejection of vector ¢t from vector p = ( = py) can be calculated as

. T
projection of vector t on vector p- = (py —px) perpendicular to vector p.
The equation of this projection is then

t )"
7|
This calculation gives the signed cross-track error so that the cross-track error

is negative when the path is closer to the right side of the vehicle and positive
if the path is closer to the left side of the vehicle.

el = (6.7)

. 6.2 Model Predictive Control

B 6.2.1 Basic tracking problem

The basic tracking problem is that it is given the desired heading and the
desired position of the vehicle by waypoints on the reference path. The
basic problem is to track these references directly. To be able to do this the
predictor has to be composed of several parts.

The first part is the linear parameter variable model introduced in section
3.2.3l

The LPV model can be then extended with the integrator of the heading.
This extended model can be expressed by equation |6.8|

. Cf+CT ZTCTflfo C C,

@ Y mu? 2_1 0 /B mij; mu A

b | = | bCo-trcy 13Cs+2C, O+ | 4l ke f

) R R V'Y B N T ACTA
0 1 0

(6.8)
The body heading of the vehicle can be directly obtained by integration of
yaw rate ¢ and in addition, the equation describing the integration is also
linear.
The velocity of the vehicle could be broken down to the north and the east
part of the velocity using equation 6.9

N = cos(B+)-v, (6.9)
E = sin(B+1)- v, (6.10)
where N is the north part of the velocity, E is the east part of the velocity,
v is the value of the velocity at the reference point on the vehicle, 3 is side

slip angle of the reference point on the vehicle, and 1 is body heading of
the vehicle. The equations [6.9 have to be linearized to use these equations
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6. Path Tracking

in the linear predictor. The lateral linear model is already the LPV model
parametrized by the variable velocity of the vehicle v, thus it is possible to
approach the linearization in the same way and also take the velocity as a
variable parameter.

This system although has no equilibrium if holds that v > 0, so it has to be
linearized along the state trajectory. The system linearized in this way will
have a form described in equation [6.11.

T, + Az = A,Az+ B,Au, (6.11)
Ar = z—ux (6.12)
Au = u—u (6.13)

where @, is a vector that describes the direction of the state development,
Az is a vector that describes the direction in which states deviate from the
trajectory, Az is a vector of state increases, x, is the operational point and
Aw is the input vector increase and because the input operational point u,, is
equal to zero vector it can be written that Au = u.

The linearization is then done by calculation of the Jacobi matrix of the
subsystem mentioned in equations 6.9 taking 5 and 1 as state variables.

N Sin(ﬂe + 77[16) v — Sin(ﬁe + Ql)e) *v
= < cos(Be + e) v cos(fe + ) - v ) (6.14)

where (. and 1), are state values in which the system is linearized and v is the
velocity at the reference point on the vehicle taken as a variable parameter.
Matrices of the linear predictor could be then composed of the LPV model
extended with heading integrator and the linearized velocity model from
equation |6.14. The resulting matrices and the predictor can be seen in
equations [6.15]- [6.17]

_ Cy+Cr 1,Cr—1;Cy

s =L —1 0 0 0
veye, o _loio 0 0 0
1. vl
0 1 0 o ol (6.15)
—sin(Be + ¢e) - v 0 —sin(Be + ) -v 0 0
cos(fBe + e) - v 0 cos(fe +e)-v 0 0
AP
Cr Cr
S _Le,
I, I,
0 0 | (6.16)
0 0
0 0
BP
AB ApB
A7) Ay 5
A | =A,- | Ay [ +B,- <5f> : (6.17)
AN AN r
AE AE
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6.2. Model Predictive Control

Because the linearization is done along the trajectory it is necessary to
calculate the vector @, using the formula [6.18.

Ep = Ap - xp, (6.18)

. T
where x, = (Be Pe e Ne Ee) is the operational point and @, =

(ﬁd 7/.1d g Ng Ed) describes a trajectory the system’s states are devel-
oping. The operational point was chosen as the position and heading of the
shadow vehicle (see subsection |5.3)) with zero the side-slip angle and yaw rate.

The predictor has to be discretized every time any of the parameters
changes its value. The discretization method used for the discretization of the
predictor was the zero-order hold method. The predictor was discretized with
sample period T}, = 0.1 s. The discretization was done only for the subsystem

Az = Ap)Az + Byu, (6.19)

because only this subsystem will be used as the predictor inside the MPC
framework.
For the discretization, it was necessary to calculate the matrix of state

development eA»T. The system matrices were then discretized using formulas
6.20.
Ay = T (6.20)
TP
B, = Bp/ eArTdr (6.21)
0

B 6.2.2 Prediction reference

Path tracking algorithm using MPC needs to know future references to be
able to fully exploit its predictive nature. The reference signals have to be
evenly spaced in time according to the sample period of the predictor 7.
Shadow vehicle concept introduced in [5.3/ could be used to project the position
of the vehicle on the path and then "drive" the shadow vehicle along the path
and "sample" points on the path to get the reference signals which can be
seen in figure [6.4l
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Pk

Figure 6.4: Visualization of prediction reference

Assuming that the vehicle is moving with velocity |v| there exists a projec-
tion of the velocity vector v on the path. This is the velocity vector of the
shadow vehicle vs; and it describes how fast the vehicle is moving along the
path. The size of the shadow vehicle velocity vector |vs| is used to calculate
spacing between reference points on the path. The spacing is calculated using
formula [6.22

d=T, |vs, (6.22)

where T), is the sampling period of the predictor, and |vg| is the size of the
velocity vector of the shadow vehicle when driving along the path segment
described by points py and pgy1. The first point sg is the shadow vehicle
position. Then there can be constructed points s;, [ € 1,... H so that they
lie on the path and their distance along the path is equal to d.

Reference signal r; = (1/11 N; El>T then consists of north and east coordi-
nates, which are directly taken from coordinates of points s;, 1,... H on the
path, and the vehicle body heading v;, which is taken from initial point pj of
the line segment to which s; belongs.

Due to the formulation of MPC problem described in section [6.2.1] the refer-
ences have to be further transformed into a suitable form. In order to do that
it is necessary to introduce a new vector rq = (¢d Ny Ed) where Ny, Ey
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and 14 are elements of vector &, defined in section 6.2.1. The transformed
reference vector can be then described by equation [6.23.

fj:T‘j—j‘Tp'Tdaje:l?"'H (623)

where 7; is the transformed reference vector and T}, is the predictor sampling
period.

Bl 6.2.3 Formulation of optimization problem

The tracking problem described in [6.2.1 can be written as an optimization
problem. There is introduced new labeling where state increases are labeled
2, = T — Tp = Az and control input is labeled vy = wy. For the sake of
simplicity, it can be assumed that in every sampling period 7}, there is a new
measurement zg and the MPC algorithm is reinitialized. The optimization
problem is then described by the equations below.

min J(Z1y ey ZN V0 ooy UN—15 1y ey TN) (6.24)
215043ZN V05, UN —1 ER™
s.t.: 2p=Azp 1 +Bu,_1, kel,..,N (6.25)
with cost function defined as
J(Zl,...,zN,Uo,...,UN_1> = (626)
N1
=3 5((@ — Cz) T Q7 — Cz) + v | Rup_1). (6.27)
k=1

This formulation has a problem in that the steady-state error won’t be zero
because the controller minimizes absolute values of inputs wug, thus controller
cannot maintain the constant non-zero value of inputs vy and cannot regulate
error to zero in steady state.

This tracking problem can be solved by the augmentation of the controlled
system. The system will be augmented by introducing additional state
equations |6.28,

Avy, = v — Vg1 (6.28)
V= Up_1+ Avy (629)

This means that there is a new state vy_; = 2}’ and Av is virtual input. State
equation can be then rewritten into the following vector equations

~ o A B Zk B
————  ——
A Zk B
2k
e = (C 0 u 6.31
K u <k> (6.31)
C
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Cost function J can be now reformulated using augmented system matrices
into

N
1
Z 5 (P = Cz) Q7 — C2) + Avj_ RAv ). (6.32)

The cost function J can be further modified and after modification and
removal of constant terms, which have no effect on minimization, there
remains the following cost function

N
}: a?C(ka—mQC%+ A%lRAwl) (6.33)

The optimization variables can be further associated into vectors

51 AUO fl

B 29 Av1 fQ

=1 .|, Av= . ,r=1 . 1. (6.34)
ZN AUN,1 fN

The cost function can be then written as a vector function of these associated
optimization variables

) c'qQc QC
c'qQc QC
Q T (6.35)
R
+Av Av
R
%’_/
R
Minimization problem constraints can be written similarly as
0 i -
- B A
A - 0
zZ= zZ+ Av+ | . | 2. (6.36)
. B :
A 0 0

The number of optimization variables can be further reduced by converting
this problem to a so-called dense formulation by elimination of state variables
using only initial state Zy and vector of optimization variables Av. All states
can be expressed as the following function of initial state zg and optimization
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variables vector Av described as

A B
A’ AB B
Z = Ak 20 + Ak*lﬁ Ak*ZB E Av. (637)
AN AV B
———
c A

the cost function can be then reformulated into the form only with vector
Awv as optimization variable and furthermore into the form of QP problem
cost function as can be seen in equations [6.38.

_ L 1 aTSA LB r .1\ [CQA
J o= JAT(A QA +R)Av+ (3f 7 )<—TA Au  (6.38)
H —_———
F
1
J = §AUTHAU—|—(§COT rT)FAv (6.39)
b
1
J = §AuTHAv—|—bAv (6.40)

Minimization of this cost function then yields a sequence of control input
increments. This incremental formulation of the MPC problem gives integral
behavior of the controller because of the minimization of input increments
instead of absolute values of inputs.

Minimization of cost function J gives a whole vector of control inputs over
the given horizon and thus calculation of current control input v; is needed.
Current control input can be obtained by using element Avg from vector Av
and last applied control input v;_; in a way described in equation 6.41.

v = vi_1 + Avg (6.41)

This minimization solves only unconstrained problems. The vehicle has
constraints on its steering angle thus there have to be added equations
describing bounds on control inputs. Let’s assume that v,,;, is a vector of
lower bounds of control inputs and v, is a vector of upper bounds of control
inputs. Input constraints can be then written as

Umin S Vi—1 S VUmazxs k= 1, . ,N. (6.42)

This equation can be then modified using system augmentation from [6.30
and selection matrix E to

Vmin < AZp_1 +BAv,_1 < Upas, k=1,...,N. (6.43)
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Selection matrix E selects states of the augmented system, which will be
constrained. When only inputs are to be constrained the selection matrix E
has the following form

E=(0 1), (6.44)

where matrix T € R™*™ ig identity matrix and m is number of controlled
inputs.

Matrices from |6.37| can be then used to eliminate state vector z; from the
equation and to adjust the constraint equation for whole optimization sequence
Av as follows

| E |
Vmin < (AAU +C%) < | | Ymaz (6.45)
I E I
——" ~— — ——"
I E I

Equation adjustment then give

Ttmin — EC# < EAAu < Ttme, — EC#y, (6.46)
— —
b; by

which describes constraint on the sequence of input increments Awv.

The whole optimization problem can be then described as

min  2AvTHAv + bAVT, (6.47)
Av
st.: b <EAAu<b,. (6.48)

B 6.2.4 Implementation

This algorithm was at first implemented in Matlab & Simulink environment.
This implementation allowed fast prototyping and debugging of the whole
algorithm. The Simulink model implementing MPC framework was after test-
ing and debugging used to generate a C++ class using the Embedded Coder
[Matb] from Matlab & Simulink. This C++ class was then integrated into
the ROS2 interface node to be able to communicate with the rest of the vehicle.
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Side-slip angle . ROS2 Node
Heading ) Front Steering Angle
Position = C++ MPC
Yaw rate ” Framework Rear Steering Angle
Path ’ ROS2 Interface

Figure 6.5: Block Diagram of MPC Node

The solver used to solve the QP problem defined in the section [6.2.3| was
quadprog [Matc] from Matlab & Simulink. This solver is capable of solving
constrained QP problems. The solver takes the QP problem in from described
by equation |6.49|

1
IrgnimTHx + T, (6.49)
sit.:A-x <b, (6.50)
Ay o = beg (6.51)
bl <z< bu (6.52)
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Chapter 7

Experiments

The path algorithms were tested in two scenarios. The first scenario was
the piecewise linear path with two turns. This scenario is good for testing
because the two curves are curved in the opposite direction.

The second scenario was the big loop around the testing facility this scenario
was designed to test if the algorithms can sustain longer runs.

The velocity controller was tested on a straight road with different velocity
references.

Figure 7.1: Bird’s eye view of the testing facility
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. A Velocity Controller

Velocity controller response
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Figure 7.2: Comparison of measurements and reference signals

The function of the velocity controller can be seen in figure Approximately
2 s from the start of the experiment a new reference signal arrives. The rate
limiter algorithm is initialized to the current velocity of the vehicle and starts
to rise with a slope of a;;,;, = 1m/s. There are also large oscillations of the
vehicle velocity visible at the start of the experiment. This effect is probably
caused by deadzone of the motor controller and also the measurement of the
velocity from revolutions of the front wheels. On the other hand, after the
deadzone region is surpassed the vehicle tends to the reference velocity with
a small overshoot.
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B2 Stanley Control Law

B 7.2.1 Controller without predictive measurements

The tuning constants used in these testing scenarios can be seen in table

kso ft 1
k 0.5
kyaw | 1

Table 7.1: Stanley Control Law tuning constants

Position in NED frame
20 T T T T T T T T

Vehicle position
O References

[ Grass

15

N (m)

Figure 7.3: Vehicle positions and references in NE plane

Figure shows the measured position of the vehicle compared to the
reference path. From picture, it can be seen that the Stanley Control Law can
track the path correctly but with small deviation. This deviation results from
its non-predictive nature and also from the nonideal vehicle platform. The
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platform has got some asymmetry in its steering geometry so it spontaneously
turns a bit to the right. Stanley Control Law can’t solve this problem by
itself because the control law is equivalent to the proportional controller.
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Figure 7.4: Comparison of measurements and reference signals
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Heading error
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Figure 7.5: Control errors
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Steering angle of the front wheels

30 .

12

Figure 7.6: Velocity profile

Figure |7.6| shows that the control action on the front steering angle isn’t
smooth. This effect is caused by the piece-wise continuous heading reference.
The controller gets the reference and tries to track it and after the new
reference is received there is a step from the previous reference and this
results in the steps in the control action.
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Velocity profile

5 T T

0 1 1 1 1 1 1
0 2 4 6 8 10 12

Figure 7.7: Vehicle positions and with references in NED plane

B 7.2.2 Controller with predictive measurements

The tuning constants used in this testing scenarios can be seen in table

ksoft 1
k 0.5
kyaw 0.7
kin, 0.3
taap | 0.3s
do 0.5 m

Table 7.2: Predictive Stanley Control Law tuning constants
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Il Short test

Position in NED frame
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Figure 7.8: Vehicle positions and reference signals in NE plane

Figure shows that the Stanley control law with a predictive part performed
really well in the first turn because it started to turn sooner than thanks
to the lookahead measurement. However, in the narrow part of the path it
started to deviate from the path due to the spontaneous turn of the vehicle.
The maximal deviation was in the final turn probably because the direction
of the turn matches the direction of the spontaneous turn of the vehicle.
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Figure 7.9: Comparison of measurements and reference signals
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Heading error
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Figure 7.10: Control errors
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Steering angle of the front wheels
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Figure 7.11: Control signal of the algorithm
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7.3. MPC based algorithm

Velocity profile
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Figure 7.12: Predictive Stanley Control Law velocity profile

B 7.3 MPC based algorithm

MPC algorithm was tested in two different variants. The first variant of the
MPC algorithm had steering with both front and rear axles enabled. The
second variant had the rear axle steering disabled.

B 7.3.1 MPC with both axles steered

The cost matrices of this MPC variant can be seen below.
100000 O 0

Q = 0 100 0 |, (7.1)
0 0 100
1000 0
R = ( 0 1000)’ (7.2)
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7. Experiments

The prediction horizon of the MPC was set to H,, = 10.
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Figure 7.13: Vehicle positions and reference signals in NE plane
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7.3. MPC based algorithm
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Figure 7.14: Measurement and reference signals comparison
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7. Experiments

This experiment shows the capability of MPC based control algorithm fully
exploits the features of the over-actuated vehicle platform. Figure |7.17| that
the vehicle is using the so-called crabwalk to track the reference position.
The integral nature resulting from the difference formulation of the MPC is
able to neglect the steady state error resulting from the nonideal steering
geometry of the vehicle.
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7.3. MPC based algorithm
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Figure 7.15: Control errors
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7. Experiments
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Figure 7.16: Untracked states of the system
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7.3. MPC based algorithm
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Figure 7.17: Control action of the algorithm
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7. Experiments

Velocity profile
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Figure 7.18: Velocity profile

B 7.3.2 MPC with the rear steering disabled

The cost matrices of this MPC variant can be seen below.

1000 O 0

Q = | 0o 1000 o0 |, (7.3)
0 0 1000
1000 0

R = ( 0 1000)’ (7:4)

The prediction horizon of the MPC was set to H,, = 10.
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Figure 7.19: Vehicle positions and reference signals in NE plane
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7. Experiments
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Figure 7.20: Measurement and reference signals comparison
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7.3. MPC based algorithm
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Figure 7.21: Control errors
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7. Experiments
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Figure 7.22: Untracked states of the system
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Figure 7.23: Control action of the algorithm

87

14



7. Experiments

t (s)
Figure 7.24: Velocity profile

B 7.3.3 Comparison

Figure shows that the MPC with both axle steering enabled performs the
best in the test scenario. The MPC algorithms overall had better performance
in this test.

The Stanley control law inspired algorithms used in this test can’t handle the
nonideal steering of the vehicle and have a steady deviation from the path.
The MPC algorithms have got a known issue. The heading reference signal
is wrapped to region [—180°;180°) and the MPC algorithms try to turn the
vehicle about a full circle to match the reference when the reference signal
overflows the range [—180°; 180°).
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Chapter 8

Conclusion

. 8.1 Discussion

The purpose of this work was to design a suitable control algorithm for
over-actuated vehicle platform that would track the reference path and then
compare it to a baseline algorithm.The baseline algorithm used in this work
was the modified Stanley Control Law [HTMTQT7] from Stanford Unirversity.
The designed control algorithm was the MPC based algorithm. This algorithm
was capable of exploiting the features of the over-actuated platform and also
has the effect of the anticipation. That means that it can react to curves on
the path before the curve starts. This resulted in better tracking performance
then algorithm without preview.

The algorithms were also succesfully deployed on the vehicle platform, which
could also serve as the demonstrator for these algorithms.

The comaprison of the MPC based algorithm and baseline algorithm shows
that the anticipation capability of MPC results in tighter tracking of the
reference path and also the MPC could be suitable algorithm to use with the
over-actuated vehicles. The MPC based algorithm also has capability to add
constraint to the vehicle motion so that the path tracking much likely doesn’t
end up in dangerous situations.
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8. Conclusion

. 8.2 Future Work

® Adaptive MPC algorithm
There is a possibility to enahnce basic MPC algorithm with external

setting of cornering stiffnesses from the estimator described for example
in this article [VCH™ 21|

# Nonlinear MPC
The MPC can be also formulated using nonlinear predictor and with
that also nonlinear QP solver

# Adding torque vectoring There is also a possibility to include infor-
mation about velocity and torque inside the MPC framework and further
enahance it to include torque vectoring to the optimization problem.
This possibility would also require more suitable vehicle platform.

® Soft constraints on the vehicle position The MPC framework can
be also enhanced with sof constraints which could reflect for example
dimensions of the lane on the road or other vehicles in the traffic.

® Deploying of the algorithm in the real vehicle Lathough, the
algorithm was deployed oon the real vehicle platform it could be inter-
esting to deploy it in the real commercially available vehicle with some
modifications.
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Appendix B

PCB Designs

. B.1 STM Nucleo breakout board
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B.2. Arduino Nano breakout board

. B.2 Arduino Nano breakout board
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B.3. Safety circuit board

B B3 Safety circuit board
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