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Abstract

The aim of this thesis was to investigate, develop and implement an Advanced
Driver Assistance System (ADAS) feature for an ultra-light electric vehicle, fo-
cusing specifically on an Automatic Emergency Brake (AEB). The fundamental re-
quirements, for an ultra-light electric vehicle, were found and investigated through
experiments. A person detection algorithm with camera and LiDAR was developed
with the ability to measure distance to the detected person and the brake algorithm
was designed and implemented with three alternative control strategies. The AEB
was tested through experiments and the three control strategies were evaluated as
well as the real-time properties and the overall performance. All three control strate-
gies functioned, however the PI controller with a velocity strategy performed the
best in regards to comfort. The AEB showed great promise in increasing the safety
for ultra-light electric vehicles.
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1

Introduction

In this chapter a brief introduction to micromobility and advanced driver assistance
systems will be presented, along with the objective of this thesis and its contribu-
tions to research.

1.1 Background

This thesis examines the benefits of driver assistance systems on ultra-light electric
vehicles to improve driver safety. Based on research by [Abduljabbar et al., 2021],
[Sexton et al., 2023] and [Ziebinski et al., 2017] micromobility and advanced driver
assistance systems will be described.

Ultra-light Electric Vehicles

Micromobility is a form of transport optimized for short-distance travel, often in
urban environments. The vehicles include bicycles, scooters and e-bikes as well as
new innovative products such as ultra-light electric vehicles. They are often powered
by electricity or human-power, light weight and operate at lower speeds, generally
not exceeding 45 km/h. Micromobility vehicles have seen a drastic increase in pop-
ularity in recent years as the shared-service options using mobile apps have reached
the market, but micromobility vehicles can be both privately owned and shared. The
benefits of micromobility solutions are mainly that they are energy efficient, help
in the reduction of emissions and pollution as well as relieve traffic congestion in
urban settings [Abduljabbar et al., 2021].

As the popularity of micromobility vehicles has grown, research has been made
about its safety. A literary review by Sexton et al. (2023) concluded that e-scooters
are generally perceived as unsafe, especially for riding in car traffic. This can lead
to riders using the side-walk instead, which both increase the risk for pedestrian
injuries as well as leading to pedestrian discomfort.



Chapter 1. Introduction

Advanced Driver Assistance System

Advanced Driver Assistance System (ADAS) is a technical feature that assist the
driver by using sensor data from the vehicle to alert the driver in certain situations
[Ziebinski et al., 2017]. Such systems are highly valued features in cars because of
their ability to reduce the chances of road traffic accidents, given the high number of
incidents that occur every year [United Nations Economic Commision For Europe,
2021]. The response of the ADAS is based on input from the different sensors in the
vehicle. The system should act against dangerous situations by analyzing data from
the vehicle’s behavior using proprioceptive sensors. The decision can also be based
on the surroundings of the vehicle, e.g., ultrasonic, radar, LIDAR and other vision
sensors [Ziebinski et al., 2017].

Furthermore ADAS can be categorized within three categories: Vehicle Dynam-
ics Stabilization; Information, Warning & Comfort; and Automated & Coopera-
tive Driving [Bengler et al., 2014]. Some examples of ADAS systems are Anti-
lock Braking System (ABS), Lane Keeping Assistant (LKA) and Adaptive Cruise
Control (ACC) [Bengler et al., 2014]. Automatic Emergency Braking (AEB) is an
ADAS system that gathers data from a vehicle’s sensors to prevent collisions by ap-
plying the brakes. Some of these systems have the ability to prevent collision while
others simply reduce the speed before collision occurs [Ariyanto et al., 2018].

LEVTEK and LEVKART

LEVTEK Sweden AB is a start-up company currently developing prototypes for an
ultra-light electric vehicle with smart functions, for example ADAS. For this thesis
a prototype version of the vehicle LEVKART has been used as well as an iPhone
15 Pro Max for computing and vision.

1.2 Objective

As the number of Ultra-light Electric Vehicles (LEV) increases in urban environ-
ments, their safety becomes increasingly important. Therefore the objective of this
thesis is to improve the safety of LEVs by developing and implementing ADAS fea-
tures, particularly an Automatic Emergency Brake (AEB). To achieve this, a kine-
matic model will be used to develop the AEB. The requirements of AEB will be
developed through tests to determine safe and comfortable deceleration values. The
feature’s real-time performance will be evaluated. The project, conducted together
with LEVTEK, will utilize their LEVKART as an experimental platform for all tests
and implementations. Furthermore, the project will go through these stages:

* Investigate fundamental requirements such as acceleration, braking, response
time and actuation dynamics for ADAS for an ultra-light electric vehicle

* Develop a kinematic model of the ultra-light electric vehicle.
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1.3 Delimitations

* Implement, test and evaluate the selected ADAS feature, AEB, on the ultra-
light electric vehicle.

Based on these steps, three research questions have been formulated:
* What are the fundamental requirements of an AEB for a LEV?
* How can the kinematics of the vehicle be described?

* How can an AEB be developed on the experimental platform?

1.3 Delimitations

The development and implementation of the AEB was limited in the situation it
should function in. The tests were conducted in a controlled environment, an empty
space with only a few specific target people and the vehicle was only driven straight
forward.

1.4 Contributions

The work for this thesis was divided equally between the authors and most parts
were done together in close collaboration. Jakob was the main person responsible
for the person detection algorithm and GUI whereas Frida was the main person
responsible for the control strategies and brake algorithm.
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2

Vehicle Platform

This chapter highlights the important features of the platform that will be used
throughout all tests. It includes the system architecture, such as sensors and com-
puting modules, along with the kinematic model that will be used in this thesis.

2.1 Vehicle

The experimental LEVKART platform has four wheels with non-geared electric
hub motors in the two front wheels and it brakes using regenerative braking in the
wheel motors. The driver stands between the two pairs of wheels and steers the front
wheels according to the Ackermann principle [Veneri and Massaro, 2021]. Further
specifications follow in Table 2.1.

Table 2.1 Test vehicle specification

Feature Value

Weight 20 kg
L, (Figure 2.2) 0.6 m
L, (Figure 2.2) 0.47 m
Wheel Diameter 165 mm
Motor Type BLDC

2.2 System Architecture

The system architecture of the experimental platform’s computing units is described
in Figure 2.1 and is structured in two main units, an iPhone and a VESC system.
The VESC is an off the shelf motor controller. These two units communicate via
Bluetooth to transmit information from one system to the other.

The VESC system is made up of several different computing units, the VESC
express and VESC 1, 2 and 3. The different VESC units communicate via a CAN
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2.3 Regenerative Braking

bus. The CAN bus is a communication system and standard commonly used in auto-
motive applications. In a CAN network, short messages are broadcast to the network
and all nodes can listen and pick up these messages. The format and identifiers for
messages are standardized and it is appropriate for real-time implementations [Cor-
rigan, 2016]. As can be seen in Figure 2.1, all nodes have two-way communication
to the CAN bus.

The VESC Express has the ability to communicate via Bluetooth and processes
all information going to and from the CAN bus and the iPhone. VESC 1 and 2
control each driving wheel and they are synchronized via the CAN bus. VESC 3
handles data from the IMU which can be sent on the CAN bus and logged on the
VESC Express or transmitted via Bluetooth.

Sense and Compute

iPhone

Bluetooth
communication VESC System

VESC Express VESC 1 VESC 2 VESC 3

CAN

Figure 2.1 System architecture

2.3 Regenerative Braking

The prototype of the LEVKART has a regenerative braking mechanism. This mech-
anism allows the motors to brake the vehicle, by converting the kinetic energy into
electrical energy. The recovered energy is transformed by inverting the current from
the motors and simultaneously charging the battery. The braking torque of the mo-
tors is described in Equation (2.1) as an electromechanical torque from the BLDC
motors. K; is the motor constant, which is torque divided by the current of the motor
[Rizzoni and Kearns, 2015].

T=K, i @2.1)
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Chapter 2. Vehicle Platform

2.4 Kinematic Model

A kinematic model is a geometric description of the movement of a body without
involving the forces associated with this movement[Nyberg, 2014].

The kinematics of the experimental platform can be described as the model of a
car-like robot by Lynch and Park (2017) as

6] [tany)/Li 0

X cos ¢ 0 |v
1= v sin @ 0 w} (2:2)
14 0 1

¢ is the heading direction, y is the steering angle and x and y describe the position
of the midpoint between the rear wheels, these variables define the configuration of
the vehicle. The controls v and w are the forward speed and the angular speed of
the steering angle y. The length L; is the wheelbase in Figure 2.2. Like the LEV-
KART, it has two steered front wheels, two fixed-headed rear wheels and steered
with Ackermann steering to reduce slipping, when turning.

. . v(‘.CoR)

Figure 2.2 Kinematic model of the LEVKART

For emergency braking without turning, the motion is only in the forward longi-
tudinal direction. If acceleration is assumed to be constant, the following equations
describe the motion in continuous time

v=vo+at (2.3)
1
s =vot+ Eatt2 2.4

where v, vy, a, s and ¢ are the current velocity, initial velocity, acceleration, distance
and the time. The assumption of constant acceleration is likely to be inaccurate
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2.5 VESC Express Sensors

in most real-world applications and therefore the model should be treated as an
approximation for the motion of the actual vehicle.

2.5 VESC Express Sensors

The VESC system contains an IMU unit with accelerometer, gyroscope and magne-
tometer. The accelerometer data is detected along three dimensions where the x-axis
describes the acceleration in the forward direction of the vehicle. The VESC system
can also be used to retrieve the speed of the vehicle as the revolutions per minute
can be tracked and the system has knowledge of the wheel radius. All VESC system
data can be both logged as well as used in real time.

2.6 Camera and LiDAR sensor

To obtain the video and depth data in the front of the vehicle an iPhone was used,
where the information of the 48 MP camera and the LiDAR sensor were merged.
LiDAR is an acronym for Light Detection And Ranging and emits pulses of laser
to measure the distance to an object [NOAA, 2012]. The camera has a resolution
of 1920 x 1440 pixels, while the depth sensor has a resolution of 320 x 240 pix-
els [Apple Inc., 2024b]. Fusing the sensors allow for a more comprehensice data
collection, with accurate depth perception and high-resolution video.
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Control Theory

In this chapter a brief introduction to a control strategy and a filtering method are
given, along with a description of real-time requirements of the AEB.

3.1 PID Control

The most common type of controller is the PID controller. The PID controller input,
u, 1s defined as

1 r de
uzK(e—l—Ti./e(t)dt—l—Tdd[> 3.1)

where the error e is the difference between the reference signal r and the output
signal y. K is the proportional gain, 7; is the integral time constant and 7y is the
derivative time constant, these are the controller parameters.

The PID controller consists of three parts, P, I and D. The P part stands for
"proportional", the I part for "integral" and the D part for "derivative". A controller
can be designed with one, two or all three of these parts depending on the needs
and characteristics of the system where it is applied. If the controller only has a
proportional part it can lead to steady-state errors. This can be resolved with an
integral part, which will increase if an error exists and therefore corrects this. A
PI controller is an appropriate controller in most applications. A controller with a
derivative part is used if there is a need to be able to predict the error, such as in
slower systems [Hagglund, 2000].

The integral part is important for handling load disturbances. A large integral
gain can attenuate disturbances effectively, but too large can lead to oscillatory be-
havior, instability and poor robustness. A larger proportional part leads to a smaller
steady-state error, but can also lead to oscillatory behavior. A block diagram show-
ing the PID controller in Figure 3.1 [Astrém and Murray, 2008].

16



3.2 Kalman Filter

,,,,,,,,,,,,,,,,,,,,,,

L KT,

-1

Figure 3.1 A block diagram of a simple PID controller, where P denotes the process

3.2 Kalman Filter

The performance of an ADAS system largely depends on the quality of sensor data
and how it is used and a key for this is sensor fusion. The concept of sensor fusion
can be described as combining sensory data from different sources such that the
combination is better than information from a single source. An algorithm important
for sensor fusion is the Kalman filter [Gustafsson, 2010].

A Kalman filter is an estimation filter that uses two steps to estimate the state of a
system, prediction and correction. The basic version of the Kalman filter can be used
when a system can be described with a linear model and the noise of the process
and measurements have a Gaussian probability distribution. The Kalman filter fuses
noisy sensor data and a model to compute an optimal state estimation [Astrom and
Murray, 2008]. If the system is non-linear it is possible to use an extended Kalman
filter to propagate a Gaussian approximate state distribution [Gustafsson, 2010].

State Model

To model the vehicle’s motion along a straight line, the constant acceleration trans-
lational kinematics model in discrete time is described by Gustafsson (2010) as

L T LI,
X(+T)= 0y Ly Tl | X(1) 32
On On In

where I, is the identity matrix, T is the sampling time and x(¢) = [p(z), v(¢), a(t)]T.
The functions p(t), v(t), and a(t) is the position, velocity and acceleration over
time. The 0,, is the zero n-dimensional vector. x(¢ 4+ T') can also be denoted as x; 1,
where kT =t.
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Chapter 3. Control Theory

Kalman Filter Equations

Consider the discrete time linear system described in Gustafsson (2010), with state
transition matrix, F, control input matrix, B and observation matrix, H

X1 = Fpxy + By + vy (3.3)
Vi = Hpxe +wi (3.4)

where x| represents the state at the next time step, x; is the current state, uy is the
controller input, y; is the measurement, and v and wy are the process and measure-
ment noise, respectively. The Kalman filter uses the covariance Cov(vy) = Oy and
Cov(wy) = Ry to predict the output.

The predicted state estimate and the predicted error covariance is given by

Kf—1 = Fife1jk—1 + Brug (3.5)
Pi—1 = FP i1 F + Ok (3.6)

The difference between the measurement data, z;, and the predicted state, )Ek‘ k—1 18
called the innovation residual and is given by the following relation

Yk = zk — Hifkgpe—1 (3.7)

To simplify the equation, the innovation covariance is introduced as the sum of the
prediction covariance, Py, and the measurement covariance, Ry [Gustafsson, 2010].
The innovation covariance is given by

Sk = HePyr— 1 H{ + Ry (3.8)

The optimal Kalman gain, K, represents the proportion of prediction covariance to
innovation covariance, as the following equation states

Ky = Pt HE ()™ (3.9)

The corrected state estimate will then be the predicted state, which will be amended
by the Kalman gain multiplied with the innovation residual, ¥,

Kk = Rr—1 + Kide (3.10)
At last the estimated covariance matrix will be corrected,

P = (I — KeHi) Peji—1 (3.11)

3.3 State Machine

A finite state machine, later called state machine (SM), is a mathematical model
to represent steps in a process or in a computation. The SM consists of states and
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3.4 Real-Time Requirements of AEB

transitions, also known as nodes and edges, and a SM can only be in one of the
states at a time. There is always an initial state and to change state a specific input
has to be triggered, see Figure 3.2 [Arzén, 2024]. The initial state will always be
So and instantly when condition a is triggered the state will change to S1. The state
machine will be in this state until b is true, see Figure 3.2.

Figure 3.2 Example of a state machine, where @ and b are conditions that trigger a transition

3.4 Real-Time Requirements of AEB

AEB relies on precise timing constraints to prevent collision. Hence, it is crucial
to determine the real-time requirements of the LEVKART to facilitate the imple-
mentation of an AEB system. Therefore the worst case response times needs to be
decided [Arzén, 2024]. In Figure 3.3 the process is described and each of these steps
will be considered in the real-time analysis.

iPhone Vehicle

Figure 3.3 Block diagram for AEB feature

Capture and Compute

The real-time requirements are influenced not only by physical factors but also by
computing and messaging times, i.e., formulating the correct information to the
motor controllers. In the capture phase the object that is to be avoided by the AEB
is detected by a camera. The camera is set to 30 frames per second and have the
ability to detect objects at the same rate. In this project, the LEVKART is using
the camera and A17 Pro chip from the iPhone 15 Pro Max to compute and detect
objects using the CoreML framework. There are four modes to compute with the
CoreML and they are [Apple Inc., 2024c]:

* all - specifying the model’s execution on the Apple Neural Engine, CPU, or
GPU, based on their respective capabilities. This is the default mode.

19



Chapter 3. Control Theory

¢ cpuOnly - denoting the model running exclusively on the CPU of the device.

* cpulAndGPU - indicating the model’s operation primarily on the GPU with
occasional CPU usage.

¢ cpulAndNeuralEngine - using the CPU and the ANE.

The average inference times of the iPhone according to Denis (2023) are presented
in Table 3.1. The object recognition model is creating requests to Apple’s CoreML

Table 3.1 Average inference time [ms]

Configuration A16 Bionic | Al17 Pro
CPU 331 302
GPU + CPU 208 146
ANE + GPU + CPU 44 37

framework to perform image analysis [Wallner and Bérenger, 2023].

20



4

Fundamental Requirements

The fundamental requirements for an ADAS feature are important to understand in
the initial phase of the development. What is a fundamental requirement depends
on the specific feature, which in this case is an automatic emergency brake. The
requirements that will be investigated for the AEB are how velocity and acceleration
are related to the current input to the electric brakes as well as comfort for the driver
in different braking situations. This was done through braking tests.

4.1 Braking Tests

To investigate the braking patterns of the LEVKART, tests were set up where a
driver stands on the vehicle the is kept at a certain speed. When the test velocity is
reached, the brake is initialized by an observer via the Bluetooth-connected iPhone.
The reason for this is both for standardization reasons as well as to keep the driver
as unprepared as possible, simulating a real emergency brake scenario. The braking
current is set to a certain ratio of the maximum and should brake at a constant de-
celeration. The tests were conducted with all combinations of the settings described
in Table 4.1, resulting in 42 tests per driver.

Table4.1 Test parameters, velocities and deceleration ratios together with their correspond-
ing current value

Speed [km/h] Deceleration Corresponding
ratio current [A]
5 0.1 4.5
7.5 0.2 9
10 0.4 18
12.5 0.6 27
15 0.8 36
17.5 1.0 45
20

21



Chapter 4. Fundamental Requirements

Figure 4.1 describes the test scenario. The vehicle is kept at a constant velocity,
then at the braking point a constant deceleration value is set and the vehicle slows
down until it comes to a full stop. The distance from the braking point to the stop
point is measured using a camera, and to calibrate the camera a measuring tape
marking 1 m is used.

D TV Braking distance

Camera

Braking point

Figure 4.1 Braking test

The acceleration, velocity and braking distance are measured for all tests as
well as the current from the electric motors. Acceleration, velocity and current is
measured from the vehicle with the VESC control unit.

4.2 Resulting Fundamental Requirements

The main goal for the braking tests was to understand the relationship between
acceleration and brake current as well as understand how comfort level is related to
the braking process.

Data Analysis

The velocity and current data corresponded to the test scenario, but the acceleration
data was very noisy. Alfian et al. (2021) describe this as a common problem for
accelerometers and conclude that a Kalman filter could be used to filter out noise.
A Kalman filter for motion is described in Section 3.2 and an example of data for
a brake test scenario is seen in Figure 4.2. In Figure 4.2, the current is negative as

22



4.2  Resulting Fundamental Requirements

the velocity decreases, which is to be expected. The raw acceleration data ag in
Figure 4.2c is very noisy and hard to interpret, but the Kalman filtered acceleration
data agr corresponds well with the velocity data. The Kalman filter does not only
consider the raw acceleration data but also the model of the one-dimensional motion
in Equation (3.2). The filtered data corresponds better with the velocity and current
data and is therefore considered more reliable.

1.5
E o1f 1
2
§ 0.5 ;i
=
O | | | | | | |
0 2 4 6 8 10 12
Time [s]
(a) The speed during the braking process
5F i i -
=
£
5 S0 ]
@)
—10 L \ \ \ \ \ \ =
0 2 4 6 8 10 12
Time [s]
(b) The current from the motors
— T T T T ‘ P
) [ R 7]
t Lol MMM, e
s -1 |
5
s | |
2
| | | | | | |
0 2 4 6 8 10 12
Time [s]

(¢) The measured acceleration, ag and the Kalman filtered acceleration, agp

Figure 4.2 Data from braking tests
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Chapter 4. Fundamental Requirements

To understand the relation between acceleration and brake current while brak-
ing, the average filtered acceleration of each brake cycle was extracted, when the
current to the electric motors is negative. This value can be compared to the average
brake current value at each test scenario to find the relation.

Results

The relationship between brake acceleration and current into one of the motors was
measured and the result can be seen in Figures 4.3 and 4.4 and this relation follows
a linear pattern. This corresponds to Equation (2.1), in which the electric motor
current is proportional to the torque. Figures 4.3 and 4.4 represent this relation for
two different drivers where the weight is the main difference. As this relation will
be dependant of the weight of the driver, vehicle and load, an approximation of the
relation was made based on the average weight of a person. The average weight of
an adult in Sweden is 76 kg according to Statistiska Centralbyran (2018), based on
this the linear relations of the two drivers were interpolated and the average linear
relation is given by Equation (4.1).

a=0.0576i+0.1559 4.1)

where a is the acceleration and i is the braking current.

021 "a=0.0543i +0.1549 ]

—0.2|
—0.41

—0.6 |-

Acceleration, [m/ s2]

—0.8 |-

| |
-20 —15 —10 -5 0
Current, [A]

Figure 4.3 Acceleration and current relation Driver 1
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4.2  Resulting Fundamental Requirements

[ [ [
a=0.0731i+0.1583

-0.5

| | |
—-20 —15 —10 -5 0
Current [A]

Figure 4.4 Acceleration Current relation Driver 2
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Chapter 4. Fundamental Requirements

During the test, a subjective measure of comfort was taken as well and the re-
lation between the maximum acceleration value and comfort level during different
brake currents and speeds can be seen in Figure 4.5. The comfort levels are denoted
in a scale from 1 to 5, where 1 is very uncomfortable and 5 is very comfortable. As
all accelerations rated as comfortable (4 or 5) had a maximum negative acceleration
under —1 m/s?, this was considered to be the maximum deceleration value for a
comfortable brake.

0 T T T T T

E 05/ |
=)
S
g
5
5 I
g
g
£
= —L5| B
<
=

72 | | | | |

1 2 3 4 5
Comfort level

Figure 4.5 Comfort results from all tests
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Vision and LiDAR

A fundamental part of the AEB functionality is sensor input and how it is processed
to recognize a situation where emergency braking is necessary. This includes pro-
cessing camera and LiDAR input and merging the sensor data, which enables both
object detection and distance measurements.

5.1 Vision and Person Detection

The Vision framework provided by Apple uses machine learning to detect objects
and humans. It has the capability to detect 19 unique body points according to Apple
Inc. (2024a), see Table 5.1. The frame from the stream is analyzed and processed
by the Vision framework’s class VNDetectHumanBodyPoseRequest and if there is
a human in sight it will return an observation with all the joints.

Table 5.1 The joints that VNDetectHumanBodyPoseRequest detects. *Both left and right

Part Joint
Nose
Head Ear*
Eye*
Neck
Shoulder*
Upper body Elbow*
Wrist*
Hand*
Hip*
Knee*
Ankle*
Foot*

Lower Body
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Chapter 5. Vision and LiDAR

The framework can recognize several humans in each frame and all of them
will be appended to an array consisting of VNHumanBodyPoseObservation objects.
This array is later processed and analyzed to retrieve the bounding box and the mean
x value of all the joints in the observation. If there are multiple persons in sight, they
are compared against each other to determine which is along the vehicle’s path and
at the closest distance. These two conditions will be described in Sections 5.2 and
5.3.

5.2 Distance Measurements

To ensure an accurate distance measurement to the detected object, the depth data
from the LiDAR sensor is fused together with the pixel buffer from the camera,
so that the timestamps are equivalent. A depth map is a representation of a scene
captured by a depth sensor, in this case the LiDAR sensor. The depth map consists
of a pixel buffer where each pixel contains a depth value that specifies the distance
from the sensor to the corresponding point in the scene. Essentially, the depth map
provides a spatial representation about the objects in the scene, allowing the system
to retrieve an estimation of distances and therefore determine the space between
itself and the person in view. In Figure 5.1 the same scene is captured with both the
camera and the LiDAR sensor. To the right the depth map is converted to a regular
picture with a gradient showing the distances to different objects.

Figure 5.1 Camera and LiDAR representation of a scene.

When a person is detected with the Vision framework, see Section 5.1, a bound-
ing box around the person is returned. This box is then passed to an algorithm
that computes the distance to the person of interest. First the algorithm extracts the
center coordinates of the bounding box, which is translated to the corresponding co-
ordinates of the depth map. As a safety precaution, and to ensure an accurate value,
the distance is not solely measured to the center, instead a 20 x 20 pixels square sur-
rounding the center of the bounding box is taken into consideration. The distance
to the person is then established by determining the closest distance from each pixel
in the 20 by 20 square, see Figure 5.2.
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5.3 Path

Figure 5.2 Bounding box of the person detection algorithm, blue, and its center point, red

5.3 Path

One crucial condition to acknowledge when designing the AEB for the LEVKART
is to confirm if there is a person standing in the vehicle’s path. This check will
avoid unwanted behavior such as braking for a person in the peripheral view of
the camera. The procedure is based on geometry, utilizing the vehicle’s width, the
distance to the person, the mean x-value of the joints and the camera’s field of view,
see Figure 5.3.

Xfov/2
Xcenter ’

B ief'(lx’/Z Ixﬁ
d| Camera f[---+------------- *x%- - - - Center of the path

L.

Figure 5.3 An illustration of the geometry behind if the person is obstructing the vehicle’s
path

When the person detection algorithm identifies a person within the field of view,
it provides two key pieces of information: the bounding box outlining the person’s
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Chapter 5. Vision and LiDAR

location and the mean x-value of the joints, which represents the center of the per-
son, see Figure 5.4. This x-value enables the system to determine whether the person

is obstructing the vehicle’s path.
Initially, the distance was measured from the centerline to the edge of the field

of view using the equation:
xfov/Z =Zp- tan efov/z (51)

Here z,, represents the distance to the person in meters, xy,, > signifies the distance
between the center of the image and the edge of the field of view, and 6y,, , denotes
half of the field of view (FOV) angle of the camera, which, in this context, is 36.0°,
see Figure 5.3.

Xcenter
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Xpixel Dist

Xfov/2

Figure 5.4 This illustration showcases the AEB view, featuring key components for the
person detection algorithm and path analysis.

Furthermore, the mean x-value from the joints was utilized to detect the person’s
position on the screen using:

XpixelDist = |05 _xcenter| - 1440 (5.2)

In this equation, Xpiyepiss and Xcenrer represent the normalized distance from the
center measured in pixels and the mean x-value for the joints, see Figure 5.4. The
absolute value is then multiplied by the camera’s width resolution, which is 1440
pixels in this case.
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5.3 Path

To determine the meter-per-pixel value necessary for computing the person’s
position, the result from Equation (5.1) was divided by half of the resolution along

the x-direction:
_ Xfov)2

mer =770
Here, x;,,, denotes the distance in meters per pixel. Finally the physical distance of
the person can be derived by combining Equation (5.2) and (5.3),

(5.3)

Xp = XpixelDist * Xmpp (5.4)

If the x,, from Equation (5.4) is less than the width of the path, which is the vehicle
width, d, with a safety margin of 0.1 m on each side, the person is obstructing the
path, otherwise they are not, see Figure 5.3.
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6

Braking Strategy

This chapter will present the implemented solutions and the overall strategy when
designing an AEB algorithm.

6.1 Braking Algorithm

To implement the AEB, an algorithm was developed to identify the situation, acti-
vate the braking function and execute it. The logic of this is described in the state
machine in Figure 6.1.

State Machine

There are four nodes in the state machine in Figure 6.1 where the AEB function can
be in.

* So: Initial state, vehicle should function normally.

* Spp: Person detection state, person detected but emergency braking condi-
tions are not met. Vehicle should function normally.

» Sp: Brake state, active emergency braking.

* Sya: Non acceleration state, vehicle should not accelerate in final stage brak-
ing. Handles the case where the vehicle is close enough to a person that the
person detection algorithm can no longer identify them.

The conditions for the state machine involve four main components, three of
which are given by the algorithms described in Chapter 5. Person is a boolean vari-
able which is true if a person has been detected by the person detection algorithm.
Path is a boolean variable that signifies whether the detected person is within the
designated path area. d,, is the value of the distance from vehicle to person. The
last component, v, is the speed of the vehicle. The notation in Figure 6.1 is based on
mathematical logical notation where —, A and V represents not, and and or.
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6.1 Braking Algorithm

The Sp state is not entered until the distance to the person is less than 5 m.
This limit was set as it is not desirable to brake for persons that are too far away
to be important for the driving scenario, but it should be low enough so that the
velocity can be decreased at a safe rate. This value could be altered depending on
the environment where the vehicle would be used.

Person N\
(=Path v

—Person N dacrual > 1.3 Person dactual > 5)

—Person

—Person vV Person N\
—Path v Path N\

dactual >1.3 ductuul >5V dactual <5A

v<0 v>0

dactual < 1.3

dacrual < 1.3 Person N\
Path N
dacrual <S5A
v>0

Figure 6.1 State machine of the AEB algorithm

Active Braking

As the vehicle enters the state Sp, it will activate the AEB to bring the vehicle to
a stop before a crash with the detected person. To ensure this, a safety distance,
dsafery, 18 set of 1.5 m where the vehicle will aim to have come to a complete stop.
The distance in all following computations in the control strategies will therefore
be based on the resulting distance, d, computed as

d = dactual — dsafery 6.1)
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Chapter 6. Braking Strategy

where d 41 1S the measured distance to the person. The control strategies discussed
in Section 6.2 determines a current to set for the electric motors. This current is sent
continuously over Bluetooth to the CAN bus on the vehicle and is updated at a
frequency of 30 Hz.

VESC

The actuation of the brake command is executed on the VESC controller where
the last decision making takes place. It is important that the right input and com-
mand is prioritized, so that the driver feels safe. Input to the VESC can come from
the manual two-way lever, where the driver controls acceleration and braking, and
via Bluetooth from the iPhone. When the AEB is active, the VESC control unit
constantly receives commands via Bluetooth, but commands can come in parallel
from the lever .It is important that a command hierarchy is established to ensure
the driver’s safety. The hierarchy is shown in Table 6.1 where brake commands
are prioritized over speed input, but manual braking commands from the driver are
prioritized over the AEB commands.

Table 6.1 Hierarchy on the VESC controller with priority from 1 to 4, where 1 is the highest
priority

Command Priority
Brake from lever 1
Brake from iPhone 2
Speed input from lever 3
Other inputs from iPhone 4

Close Up Obstacle Detection

The Sya state will activate a close-up obstacle detection algorithm in the case that
a person is no longer detected by the person detection algorithm, but the LiDAR
has a distance to something in front of the vehicle at a distance of less than 1.3 m.
The distance of 1.3 m was chosen since it was at this distance the person detection
algorithm started to fail recognizing a person. The LiDAR depth map is analyzed
for a square of 30 x 30 pixels in the center of the camera and if any distance is
less than 1.3 m, maximum braking current is applied to the motors regardless of
the object. This ensures that the vehicle will not crash into a person if the person
is too close for the person detection algorithm to detect them and the manual gas
is applied. This state will not be left until the LiDAR distance is over 1.3 m again,
indicating that the person has stepped aside.
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6.2 Control Strategies

6.2 Control Strategies

The AEB function is safety critical, which means it should both be able to come to
a full stop before collision, as well as be comfortable and non-surprising. To be able
to achieve this, the control strategy is very important. For this reason, three control
strategies are implemented and will be evaluated through tests, strategy A, B and C.
A new control loop is started each time the Sp state is entered in Figure 6.1.

Strategy A: Simple Distance Feedback

The first control strategy, which will be referred to as strategy A, is a simple model
based on calculating the constant acceleration a needed to reach a velocity of zero
at a given distance d and starting velocity v.

a=-— (6.2)

The acceleration, a is updated at 30 Hz, at each new frame from the camera. As
it corrects itself during the process as the distance and velocity changes it can be
considered to be closed-loop control.

Strategy B: Pl Control with Velocity

A PI control strategy was developed based on keeping the velocity at the right value,
given by a certain profile and the strategy will be known as strategy B. As the de-
crease in velocity should be gradual and adjusted to the situation, a velocity decrease
profile is set from the initial speed and the distance, and should be linear according
to,

7‘}3[&11 (6.3)

Atarget = 2 deart
starf

Videal = Gtarget * I + Vstart (6.4)

The velocity decrease has a constant acceleration value given by Equation (6.3).
When a control signal is to be computed, the ararger from Equation (6.3) is used to
find the ideal speed vigea at the current time, according to Equation (6.4). The error
for the PI controller results in the difference between the current speed and this ideal
speed. To enable the controller to handle moving people, the target acceleration is
updated every tenth calculation (3 Hz) of the control signal with the current velocity
and distance to person as Vg and dggyy-

The velocity inputs are taken from the speed measurements from the VESC
controller on the vehicle.
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Chapter 6. Braking Strategy

Strategy C: Pl Control with Acceleration

The PI controller with acceleration will be referred to as strategy C and it is very
similar to the PI controller with velocity. It uses Equation (6.3) to determine a con-
stant ideal acceleration and the control error is set as the difference between the
ideal acceleration and the current acceleration. The ideal acceleration value is up-
dated every tenth calculation (3 Hz), in the same way as the PI controller with
velocity.

The acceleration inputs come from the IMU on the iPhone attached to the ve-
hicle. Initially the IMU data was Kalman filtered but the filtered data was not an
improvement and therefore it was decided to only use the raw IMU acceleration
data.

6.3 Control Tuning

For the PI control strategies to function and be as comfortable as possible, tuning of
the parameters was needed. As there are two PI control strategies based on different
inputs, strategy B and C, they each need different parameters. The parameters are, as
can be seen in Equation (3.1) K, the proportional parameter, and K/T;, the integral
parameter. This was done with a trial-and-error method by first finding a propor-
tional parameter that was powerful and fast enough while not leading to oscillatory
behavior. After that, an appropriate integral parameter was found to make the con-
trol more accurate and smooth, while not creating oscillating behavior. The final
parameters are described in Table 6.2 for the PI controllers. Other methods could
be applied to ensure better tuning, however trial-and-error was sufficient within the
scope of the thesis.

Table 6.2 Parameters for the different PI controllers

Parameter | Strategy B | Strategy C
K 15.0 1.5
K/T; 2.0 0.75
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7

Experiments

In this chapter the results of the different braking strategies from Chapter 6 are
presented and compared. Test results from the real-time testing and close-up object
detection testing are also presented.

7.1 Braking Test Results

The purpose of the braking tests were to evaluate the performance of the three dif-
ferent control strategies for the braking. The test methods involved reaching a pre-
determined speed, driving towards a person, and allowing the AEB to analyze the
situation and engage the brakes when it was necessary. Each brake strategy was
tested starting from 5 km/h, continuing until the algorithm was no longer consid-
ered safe.

The results from the tests are presented in Tables 7.1 and 7.2. The three different
brake strategies are:

 Strategy A: Simple distance feedback
* Strategy B: PI control with velocity
* Strategy C: PI control with acceleration

The "distance" column in the tables indicates the remaining distance after the
vehicle came to a complete stop. In certain tests, where the final distance is 0.0 m,
the driver intervened by placing one foot on the ground to prevent a collision with
the person, who acted as an obstacle. This was annotated with keywords like "Safe"
and "Unsafe", with "Safe" denoting a velocity low enough to enable easy vehicle
stoppage by placing a foot down, while "Unsafe" indicated the need for a much
more forceful manual deceleration of the vehicle.

Both of the results from Driver 1 and Driver 2 clearly demonstrate that strat-
egy B yields the highest comfort level performance. The results indicates that the
performance of the braking algorithm performs better at low speeds than it does at
higher speeds.
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Table 7.1 Braking test results for Driver 1

Brake type | Velocity [km/h] | Distance [m] | Comfort | Comment
5 1.5 5
6 1.4 5
< 7 1.3 4
%
g 8 0.9 4 Figure 7.1
& 9 0.0 4 Safe
10 0.0 4 Safe, Figure 7.2
11 0.0 3 Safe
5 0.8 5
6 0.7 5
m
%>,3 7 0.2 5
5 8 0.0 5 Safe, Figure 7.5
17}
9 0.0 5 Safe
10 0.0 5 Unsafe
5 1.5 5
6 1.5 5
@)
%>5 7 1.1 4
g 8 0.5 4 Figure 7.7
175}
9 0.0 4 Unsafe
10 0.0 4 Figure 7.8

There are four tests, two for Driver 1 and two for Driver 2, that are considered
"Unsafe" and the remaining are "Safe".
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Table 7.2 Braking test results for Driver 2

7.1 Braking Test Results

PI type | Velocity [km/h] | Distance [m] | Comfort | Comment

5 1.9 5 Figure 7.3
6 1.8 5

< 7 1.8 5

%

) 8 1.7 4

s

) 9 0.7 4
10 0.0 3 Safe, Figure 7.4
11 0.0 3 Safe
5 1.6 5 Figure 7.6
6 0.9 5

m 7 0.7 5

%

% 8 0.0 5 Safe

% 9 0.0 5 Safe
10 0.0 5 Safe
11 0.0 4 Safe
5 0 4 Safe, Figure 7.9
6 1.5 3

@]

%ﬁ; 7 1.3 3

g 8 0.0 2 Unsafe

wn
9 0.0 2 Unsafe
10 0.5 4 Figure 7.10
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Strategy A

Data from selected braking tests of strategy A is presented in Figures 7.1, 7.2, 7.3
and 7.4. For all tests, the distance and velocity decrease gradually as intended. An
aspect to note is that in Figure 7.1 as well as Figures 7.5 and 7.9 the target accel-
eration decreases rapidly until it changes sign and becomes a large positive integer.
This happens because of the fact that the controllers calculate the target acceleration,
based on the distance to the obstructing person. The safety distance is subtracted to
the actual distance and as a result of this the target acceleration, Equation (6.3), will
be negative and therefore result in a positive target acceleration.

10 F ‘
vy [m/s]

50 —q, [m/s?] | |

) %

|
0 0.5 1 1.5 2 2.5 3 3.5 4 4.5
Time [s]

(a) v; is the current speed and a; is the target acceleration

T T T
Safety distance = 1.5 m
Y i el e s e et e SR
—10 . |
— iy [A]
—d [m]
| | | | | | \

| T
0 0.5 1 1.5 2 2.5 3 3.5 4 4.5
Time [s]

(b) i, is the braking current sent to the motor and d represents the distance to the object. The
dashed line at 1.5 m depicts the safety distance to the person

Figure 7.1 Braking test conducted with Driver 1 driving at 8 km/h
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T T T T T
vy [m/s]
20 |- — o, [m/s?] ||
0 ‘_\N
I I I I I
0 0.5 1 1.5 2 2.5 3
Time [s]
(a) vy is the current speed and a; is the target acceleration
T T T T T
Safety distance = 1.5 m
obo-cc - e e - -
—10 |- —
— g [A]
—d [m]
I I I I
0 0.5 1 1.5 2 2.5 3

Time [s]

(b) i, is the braking current sent to the motor and d represents the distance to the object. The
dashed line at 1.5 m depicts the safety distance to the person

Figure 7.2 Braking test conducted with Driver 1 driving at 10 km/h

41



Chapter 7. Experiments

v; [m/s]
— a, [m/s?]

Time [s]

(a) vy is the current speed and a; is the target acceleration

T T T T T T T T

5 |
Safety distance = 1.5 m
0
=1 —ia[A] | |
—d [m]
I I I I I I T I
0 0.5 1 1.5 2 2.5 3 3.5 4

Time [s]

(b) i, is the braking current sent to the motor and d represents the distance to the object. The

dashed line at 1.5 m depicts the safety distance to the person

Figure 7.3 Braking test conducted with Driver 2 driving at 5 km/h
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(a) vy is the current speed and a; is the target acceleration
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—iq [A]
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(b) i, is the braking current sent to the motor and d represents the distance to the object. The
dashed line at 1.5 m depicts the safety distance to the person

Figure 7.4 Braking test conducted with Driver 2 driving at 10 km/h
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Strategy B

Data from selected braking tests for strategy B is presented in Figure 7.5 and 7.6.
The decrease in velocity follows the ideal speed profile and the distance decreases
gradually.

T T T T T T T
2 M — v [m/s] | |
; N Z== v [s]
0= ~ —q, [m/s?] —
2L |
—4 | | | I | | —
0 0.5 1 1.5 2 2.5 3 3.5

Time [s]

(a) vy is the current speed, v; is the ideal speed and a; is the target acceleration.

T T T T T T T
Safety distance = 1.5 m
P e Bl e et U
710 [ - -
— iy [A]
—d [m]
| | | | | T T
0 0.5 1 1.5 2 2.5 3 3.5

Time [s]

(b) i, is the braking current sent to the motor and d represents the distance to the object. The
dashed line at 1.5 m depicts the safety distance to the person

Figure 7.5 Braking test conducted with Driver 1 driving at 8 km/h
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1.5F T T T T T T : : —
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(a) vy is the current speed, v; is the ideal speed and q; is the target acceleration.

| | | | | | |

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5
Time [s]

(b) i, is the braking current sent to the motor and d represents the distance to the object. The
dashed line at 1.5 m depicts the safety distance to the person

Figure 7.6 Braking test conducted with Driver 2 driving at 5 km/h
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Strategy C

Data from selected braking tests for strategy C is presented in Figures 7.7, 7.8, 7.9
and 7.10. In Figures 7.7c and 7.9c the data from the accelerometer is shown together
with the Kalman filtered acceleration data. It can be seen that the Kalman filtered
data does not limit the accelerometer noise as the filter increases the error.

T T T T T T
2 v [m/s] |
0 —a, [m/s”] ||
2L |
4 |
_6 C | | | | | | |
0 0.5 1 1.5 2 2.5 3
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(a) vy is the current speed and a; is the target acceleration

T T
Safety distance = 1.5 m

— iy [A]
——d [m]

|

0 0.5 1 1.5 2 2.5 3
Time [s]

(b) i, is the braking current sent to the motor and d represents the distance to the object. The
dashed line at 1.5 m depicts the safety distance to the person
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(c) ap is the measured acceleration data and agp is the Kalman filtered acceleration data

Figure 7.7 Braking test conducted with Driver 1 driving at 8 km/h
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(b) i, is the braking current sent to the motor and d represents the distance to the object. The
dashed line at 1.5 m depicts the safety distance to the person
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(¢) ag is the measured acceleration data and agr is the Kalman filtered acceleration data

Figure 7.8 Braking test conducted with Driver 1 driving at 10 km/h
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(b) i, is the braking current sent to the motor and d represents the distance to the object. The
dashed line at 1.5 m depicts the safety distance to the person
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(c) ag is the measured acceleration data and agp is the Kalman filtered acceleration data

Figure 7.9 Braking test conducted with Driver 2 driving at 5 km/h
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(b) i, is the braking current sent to the motor and d represents the distance to the object. The
dashed line at 1.5 m depicts the safety distance to the person
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Figure 7.10 Braking test conducted with Driver 2 driving at 10 km/h
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Integral

The integral of the current, sent to the motors, during the braking maneuver de-
scribes when in time the braking force is accumulated. Analyzing this shows that
strategy A accumulates more brake current in the initial stages, while B and C accu-
mulates more brake current in the later stages. Strategy A had harsh braking initially
which led to discomfort for the driver, see Figures 7.11 and 7.12.
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Figure 7.11 The integral of the braking current during braking test of Driver 1 at 8 km/h
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Figure 7.12 The integral of the braking current during braking test of Driver 2 at 8 km/h
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7.2

7.2  Real-Time Results

Real-Time Results

There are two key aspects that will be measured through experiments: The capture
and compute phase on the iPhone and the wireless communication between the
iPhone and the VESC motor controller.

Capture and Compute

To evaluate if the real-time requirements for the system are fulfilled, the time was
measured between selected key process steps for the AEB in the iPhone software.
The time was measured 90 times for each step. The total time for these steps rep-
resent all time required from detection of a person to sending a brake value to the
VESC control unit. The steps chosen are the following:

CP: Choose Person, the time for the system to recognize a person and choose
one if two are seen in the field of view based on the distance and if they are
in the path.

D: Distance, the time to measure the distance to the person using LiDAR

FC: Fulfills Condition, the time to determine if the person fulfills all condi-
tions to enable the AEB

BA: Brake A, the time to set a brake value for strategy A
BB: Brake B, the time to set a brake value for strategy B

BC: Brake C, the time to set a brake value for strategy C

500 - -

400 |- i

300 - -

200 - -

FEEENEY.

CP D FC BA BB BC
Process

Computation time [uLs]

Figure 7.13 Capture and compute real-time results
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The results can be seen in the box plot in Figure 7.13. A more detailed view
of the computation times can be seen in Table 7.3 where the shortest, median and
longest time are shown. The worst-case execution times are the summation of the
longest execution times, which resulted in 842 us for strategy A, 792 s for strategy
B and 854 us for strategy C.

Table 7.3 The minimum, maximum and median computation time in [ts]

Process Shortest time | Median | Longest time
Choose Person 242 365 536
Distance 108 115.5 145
Fulfills Condition 38 49.5 61
Brake A 6 8 100
Brake B 6 12 50
Brake C 14 21 112
Worst-case execution time for A 842
Worst-case execution time for B 792
Worst-case execution time for C 854

Communication

When a brake value has been decided, the information was sent to the VESC control
unit via Bluetooth, and the time for this was also measured in a test. The communi-
cation was assessed by sending one hundred messages back and forth and measuring
the time between each one being sent and then returning to the iPhone. Considering
the short duration of time needed for the controller to engage the brakes, it is as-
sumed that the time taken by the VESC controller to process a Bluetooth message
and activate the brakes matches the time required for interpreting the message and
forwarding it back to the iPhone.
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Figure 7.14 The round-trip communication time between the iPhone and the motor con-
troller.

The result from the communication test shows that the average communication
time is 50.62 ms, see Figure 7.14. The worst-case time was 90 ms. This result repre-
sents the communication to and from the motor controller. Together with the worst
case execution time from Table 7.3, the total worst-case execution times is around
91 ms.

7.3 Close-Up Obstacle Detection

A function that was hypothesized to not work exactly as intended was the close-up
obstacle detection, corresponding to the Sy4 state in Chapter 6. The main concern
for the function was that errors could occur if the person detection function found
only one joint, often the hands or arms, and tried to measure the distance to it,
see Figure 7.15. In this case, it may measure the area behind since the distance
measurement was not designed to handle the distance to only one joint. To test the
close-up obstacle detection function, tests were held that focused on the hypothesis
that the detection of single joints are the cause of this problem.

The vehicle was driven from a point where the person detection algorithm
clearly sees the person, and then the vehicle is moved closer to the person with
the acceleration lever kept at the maximum level. For the close-up obstacle detec-
tion to work well, the vehicle should not be able to accelerate at any point in the
test, as a person is present closely at all times. The result is set as "Yes" if it worked
as intended, and "No" if the vehicle started accelerating.

The tests were held with two different test persons, first with the person standing
with their hands behind their back, Arms in, and then with their hands held slightly
out, Arms out, from their body. The results are presented in Table 7.4.
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Chapter 7. Experiments

Table 7.4 Close-up object detection test

Driver 1 Driver 2
Testnr. | Armsin | Armsout | Armsin | Arms out
1 Yes No Yes No
2 Yes Yes Yes No
3 Yes No Yes No
4 Yes No Yes No
5 Yes No Yes No

Atsimn @ 10 Azelmn e o

(a) Driver 1, distance = 8.17 (b) Driver 2, distance = 5.19

Figure 7.15 An example of distance measurement errors, where the number inside the red
box indicates the perceived distance to the detected joint
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Discussion

The stages of the project referred in the objective of the thesis have been carried
out. The fundamental requirements were investigated and were used to model the
kinematics of the vehicle. The ADAS feature chosen was an AEB and it was im-
plemented and tested on the LEVKART platform and is evaluated in the following
chapter.

8.1 Control Strategies

In the thesis, three different control strategies for an AEB system were evaluated
and they will be discussed and compared based on comfort level and performance.
The three different control strategies all performed differently but managed to fulfill
the basic functionality of the AEB.

Strategy A: Simple Distance Feedback

Controller A succeeded in braking in front of the detected person in a safe manner.
However, its harsh braking action, particularly at higher speeds, led to discomfort
for the driver. At low speeds, 5 to 7 km/h, the braking was very comfortable as can
be seen in Tables 7.1 and 7.2. At the velocities around 10 km/h and above, the com-
fort level was neutral. In these cases the controller sends a high brake current to the
motors at the beginning resulting in a strong braking action, see Figures 7.2 and 7.4.
The braking current directed to the motors is capped at —17.48 A, corresponding to
an acceleration of —1 m/s?,

Strategy B: Pl Controller based on Velocity

Controller B performed very well at all speeds that were tested. The controller com-
putes an ideal speed to be able to stop at the desired distance from the person ahead.
The PI controller regulates the speed in order to keep this ideal speed profile, as
can be seen in Figures 7.5b and 7.6b. All the tests in Tables 7.1 and 7.2, except
one, resulted in very comfortable braking. The comfort value for 10 km/h in Table
7.2 is deviating from the others because of the feeling of driving at a high speed
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against an object, in particularly a person. The comfort level experienced by the
driver can be related to the controller’s slow but methodical increase in braking
force, achieved through gradual adjustments in the braking current until it reaches
the maximum braking current. This approach enables the driver to anticipate and
adapt to the braking maneuvers. This can be seen in Figures 7.5b and 7.6b. It can
also be seen when comparing the integral of the braking current to that of strategies
B and C that the braking rates are different, which can be seen in Figures 7.11 and
7.12. Strategies B and C have a lower rate of decrease than strategy A, indicating a
smoother and more comfortable AEB.

Strategy C: Pl Controller based on Acceleration

In comparison to the other control strategies, strategy C was very uneven and in
several cases the brake current switched rapidly from negative to naught and back
to a negative value, see Figures 7.7b and 7.9b. This behavior only occurred when
the accelerometer data deviated significantly, leading to a substantial error in the PI
controller. When the brake current is set to zero, the motor controller disengages,
allowing the wheels to rotate freely without any current supply. Upon receiving
a negative current value, the regenerative brakes are engaged, exerting a braking
force. This behavior led to the unpleasant feeling experienced when controller C
was activated. But as can be seen in Tables 7.1 and 7.2, the unwanted behavior was
not always prominent. The controller performed as intended for both drivers at 10
km/h, i.e., gradually decreasing the braking current until it reaches the limit, see
Figures 7.8 and 7.10.

Siciliano et al. (2008) argues that designing a controller based on raw accel-
eration may be problematic. The presented solution to this is either filtering the
acceleration or creating a feed-forward action based on the current instead. In any
further development, this should be considered.

Summary Control Strategies

Controller A effectively braked in front of detected persons but exhibited discom-
fort due to harsh braking actions at higher speeds. The PI controllers demonstrated
smoother braking actions, with controller C occasionally exhibiting rapid and un-
even braking, though performing as intended at 10 km/h. The best performing con-
troller was strategy B.

8.2 Final Stage Braking

Several factors contribute to problems in the final stages of the braking algorithm,
close to the detected person. One of these factors is the computation of the target
acceleration if the vehicle passes the safety distance of 1.5 m.

The target acceleration is computed in Equation (6.3) with the distance being
the result of Equation (6.1). As a result of this, the distance can be negative, which
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leads to a positive target acceleration. This effect can be seen in Figures 7.1, 7.2,
7.4,7.1,7.7,7.9 and 7.10 as the target acceleration spikes. This spike does not occur
in the brake current, the current is set to maximum deceleration or zero, depending
on the braking strategy. The phenomenon does not lead to any problems in the pre-
sented test scenarios, but would need to be considered in any further development
to improve the system’s robustness.

The close-up obstacle detection algorithm did not function as intended in the ex-
periments described in Section 7.3. The hypothesis that motivated the experiments
was that if a person holds their arms and hands slightly out from their body, the per-
son detection algorithm will react incorrectly, which can be seen in Figure 7.15. The
results presented in Table 7.4 shows that this hypothesis is correct as the algorithm
functions as intended if the hands are kept behind the back, but not with the arms
out. This did not cause any problems in the braking tests as the acceleration lever
was released when the AEB started. In any further development, this would be an
important problem to address.

8.3 Real-Time Analysis

The real-time experiments in Section 7.2 resulted in values for the time the AEB
takes to react to a person and engage the brakes. The worst-case execution times for
the capture and compute stages is around 800-850 s and for the communication
it is 90 ms, resulting in an average worst-case execution time of approximately 91
ms. This means that the main time delay from the first to the last stage of the AEB
algorithms is the communication over Bluetooth. To improve the total real-time
performance, the main focus should be to find an alternative for the communication.
The real-time tests were performed with one person, which means that the "Choose
Person" part of Figure 7.13 may vary if several people are present in the view of the
camera and therefore adding execution time to the overall process.

8.4 Usability

The result from the braking tests in Section 7.1 show that the AEB functionality
works for most of the cases. This will be discussed in relation to possible real ap-
plications.

Speed and Brake Distance

The well functioning and predictable control strategies A and B brake the vehicle
in a safe way up to approximately 10 km/h according to Tables 7.1 and 7.2. This
speed limit is mostly a result of the control strategies being limited to an accelera-
tion value of —1 m/s?, as that was considered the maximum comfortable and safe
acceleration. Figure 8.1 shows the braking distances and corresponding times for
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braking with a constant acceleration of —1 m/s? at different speeds. The minimum
braking distance for 10 km/h is 4 m. This means that to increase the velocities that
the AEB functionality works for, either the maximum deceleration value or brak-
ing distance could be altered. However, this would need to be balanced against the
safety of the feature.
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Figure 8.1 Distance vs speed at —1 m/s’

Environments

An important aspect to consider if the AEB would be developed further is the en-
vironment it should be developed for. In the scope of this thesis, the focus was to
successfully brake in an empty space if a person stands still in the path of the vehi-
cle. This dictated the choice for braking distance as well as maximum deceleration
value and enabled the person detection algorithm to be less complicated. To ensure
the AEB has the desired functionality in, for example, crowded city streets, these
aspects would likely need to be updated. The braking distance is also affected by
the friction between the wheels and the road surface. All tests were performed in a
warehouse environment on concrete floors, which will have an impact on the result.
For further development other road surfaces should be considered.
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Conclusion

The test results from the different control strategies are promising for future devel-
opment, as all three performed well at all test velocities. Each controller slowed
down the test vehicle when approaching a person, demonstrating their capability to
respond to an emergency situation. The primary focus of the experiments was to as-
sess the comfort levels associated with each strategy, prioritizing the driver’s sense
of control. While the simple distance feedback controller A effectively stopped the
vehicle, it did so less comfortably. The PI controller with acceleration, strategy C,
showed mixed performance, because of unreliable and shifting accelerometer data,
resulting in occasional discomfort. Finally, the PI controller with velocity, strategy
B, consistently delivered comfortable braking experiences across all speeds. Strat-
egy B is therefore the recommended control method for the application.

9.1 Future Work

Despite the AEB functioning well, it has a lot of potential to be improved. Primar-
ily, limited time constraints prevented comprehensive testing and fine-tuning of the
implemented Kalman filter, resulting in its inadequate performance. With more time
and testing capabilities strategy C could be improved.

The algorithm for detecting obstacles does not consider curved paths, limiting
its effectiveness to scenarios where the vehicle travels along a straight line. An
improvement would be to incorporate the steering angle and the vehicle’s turning
radius so it does not start braking when avoiding a person.

The person detection algorithm and the close-up object detection require im-
provement to prevent scenarios where drivers can accelerate when a person is
present in front of the vehicle. This could be achieved by incorporating additional
constraints to enhance the accuracy of determining whether the detected joint is
indeed a person or not.

The tests were conducted within a warehouse environment with a restricted
amount of people. Conducting more extensive tests in diverse settings would pro-
vide a more comprehensive evaluation of the algorithm’s performance.
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Chapter 9. Conclusion

The prototype vehicle that was used during the tests was solely equipped with
electric brakes, that used regenerative braking to stop. These are less effective at
lower speeds, leading to extended braking distances compared to conventional me-
chanical brakes. An improvement for future iterations is to add mechanical braking
force at the end of the braking action.
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