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Camera-based State Estimation and Autonomous Motion Control
Perception and Control of a Hauler Truck in a Demo Site

Kevin Bielecki
Rasmus Ekedahl

Department of Electrical Engineering
Chalmers University of Technology

Abstract

This thesis explores the development of an autonomous system, designed for B&R
Industrial Automation to demonstrate autonomous solutions on their products with-
out any operator input. The goal of this thesis is to develop an autonomous system
that can manoeuvre a mobile unit between di[erent stations, in a collision-free and
smooth manner primarily to enhance sales demonstrations. With a single camera
mounted in the ceiling, the system can make well-informed decisions using percep-
tion, motion planning and motion control. Key components include a machine-
learning model for perceiving the environment, a path- and trajectory planner, and
a linear Model Predictive Control (MPC) system. The project resulted in a fully
functional autonomous system that could execute demonstration runs, o [ering op-
portunities for further development.

Keywords: Autonomous systems, Computer vision, Object Detection, YOLO,
Path-planning, Motion planning, Motion control, MPC, Machine learning.
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Below is the list of acronyms that have been used throughout this thesis listed in
alphabetical order:

AMR Autonomous Mobile Robot
APC Automation Personal Computer
AV X2 Advanced Vector Extensions 2
CNN Convolutional Neural Networks
COCO Common Objects in Context
CPU Central Processing Unit

GPU Graphics Processing Unit

HMI Human-Machine Interface

loT Internet of Things

loU Intersection over Union

mAP Mean Average Precision

MPC Model Predictive Control

PID Proportional — Integral — Derivative
SSD Single-shot Detector

TPU Tensor Processing Unit

YOLO You Only Look Once

ZOH Zero-Order Hold






Below the nomenclature that has been used throughout this thesis is presented.

Indices

Parameters

Variables

X € < ©< X » o

Nomenclature

Index for iterations

Index for discrete time step

Time discretization step (time interval) [ms]
Time [ms]

Wheel base [m]

Trailer length [m]

Number of waypoints

Control horizon

Steering angle [rad]
Longitudinal acceleration [m/s?]
x-coordinate [m]

y-coordinate [m]

Heading angle [rad]
Longitudinal velocity [m/s]
Relative angle of trailer [rad]
State vector

Xi



P Point including x and y coordinate [m]
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Introduction

As technology evolves, the pursuit of automation expands in several areas [1]. Within
the eld of autonomous systems, perception and control are two fundamental chal-
lenges that play an important role in enabling systems to make well-informed de-
cisions based on their surroundings. By continuously monitoring and gathering
information from the surrounding environment, the system can update its internal
representation of the world. This technique is often referred to as state estimation
and its data can be used in decision-making systems such as a motion planner to
determine feasible or optimal routes from a starting point to a goal. Further, motion
controllers are used to ensure that the planned path is maintained. By combining
these components, autonomous systems could navigate through complex and dy-
namically changing environments to reach desired locations on time, e ciently and
safely.

1.1 Background

This master thesis is a collaborative project with B&R Industrial Automation. To
display pioneering technology and digital innovation with B&Rs products, a show-
room called OrangePoint is facilitated at the main o ce in Malmé. Within Or-
angePoint, one of the demonstrations showcased is a small-scale site containing a
miniature hauler truck referred to as a mobile unit, displayed in Figure 1.1. The mo-
bile unit can be controlled remotely by an operator via Bluetooth communication,
to drive the truck between di erent stations using a computer from B&R. To further
improve this showroom, B&R wants to implement a fully automated system that
can replace the operator, navigating the area and driving the mobile unit between
multiple stations. The goal is to complete various tasks and interact with di erent
products from B&R and external suppliers.
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Figure 1.1: Demo site with marked stations at B&R industrial automation in
Malmo.

The demonstration site displays a fusion of Internet of Things (loT) and Cloud
services, incorporating third-party solutions and enabling remote connectivity. It
showcases how various industries can develop a resilient, robust and future-ready
platform with B&Rs hardware and software solutions [2]. The proposed addition of
an autonomous feature aims to enable the mobile unit to autonomously navigate a
complex environment by leveraging real-time data analysis, machine learning algo-
rithms, and computer vision, deployed on a hardware control unit from B&R. This
feature is anticipated to ensure safe and e cient operation of the mobile unit while
travelling between di erent stations within the demonstration area. Its integration

IS seen as a crucial step in enhancing the platform’'s capabilities and displaying how
B&Rs technologies can be utilized at the forefront of mobile automation.

The demonstration area is a compac 2 meter square, designed to simulate a
sand-covered environment using a base layer and larger piles of orange plastic. This
area also contains a miniature mobile digger and various equipment with the poten-
tial of expanding with more features and products in the future. The layout features
static obstacles, sharp turns and areas where a combination of reversing and going
forward is necessary to navigate and e ectively reach the desired positions, thus
posing several challenges when designing an autonomous system.

For this project, Figure 1.1 illustrates four pre-determined stations. Loading ma-
terial at station 1, camera and QR-code identi cation at station 2, weighing of the
loaded vehicle at station 3, and nally unloading at station 4. The objective is for
the mobile unit to autonomously navigate between these stations in a safe and ro-
bust manner. At each station, the mobile unit will pause and wait for a go-ahead
signal, which indicates the completion of the required process before moving on to
the next station.
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1.2 Aim

The primary goal of this thesis is to investigate di erent approaches, and develop a
system for the perception and control of an autonomous mobile unit with hardware
from B&R. The results should be presented on a mobile unit that will travel between
di erent stations inside a demonstration area without any operator input.

1.3 Limitations

To de ne the scope of the project, the following list of limitations and aspects are
considered within this thesis.

" The system is only intended for the demo site and therefore not general pur-
pose, meaning modi cations of setup or di erent locations will require adjust-
ments and additional work to ensure the same performance.

" The primary goal of this project is to achieve smooth operation of the mobile
unit rather than optimal computational e ciency.

" The system is limited to only one mobile unit, thus not considering other
mobile units within the area.

" The perception system will not consider the location of anything but the mobile
unit. All other obstacles are considered static, and therefore their locations
are prede ned.

1.4 Research Questions

This project aims to implement an autonomous system that enables the mobile unit
to navigate between di erent stations. To assess the system and guide development,
the following research questions will be explored.

1. To what extent can camera-based state estimation of a mobile unit be used
to determine di erent kinematic properties, including position, speed, and
relative angle of joints?

2. What type of control strategy will ensure su cient motion planning and con-
trol of the autonomous mobile unit within the prede ned area to ensure safe
and e cient navigation without operator input?

3. What are the key factors a ecting the reliability and accuracy of the au-
tonomous system controlling the mobile unit, and how can these factors be
managed?
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1.5 Ethics and Sustainability

This thesis aims to explore the eld of perception and control of autonomous mo-
bile units, a technology that has many upsides when implemented on a larger scale.
This project is a proof of concept on a small scale within a secure area. However,
the same technologies and principles can be applied within other industries and on
a larger scale. Therefore it is important to consider the sustainability and ethical
implications of the project, as well as the potential consequences this technology
could have for the future. Below some important ethical and sustainability aspects
are further addressed primarily focusing on autonomous transportation vehicles.

The perception and control within the autonomous system must be reliable and
robust to ensure safety for the vehicle and its surroundings. However, in the case
of failure, the autonomous system must be able to hand over control or go into a
fail-safe mode in order to come to a collision-free and safe stop [3]. At the same
time, removing the "human factor" from critical operations could lead to a reduced
risk of errors and mitigate the risk of human injuries.

The perception functionality of an autonomous system generally contains sensitive
data about its environment. Whether the data is collected with cameras, lidars or
GPS, the contents must be protected from external operators with ill intent. It is
also important to ensure the integrity of other people is upheld. To mitigate this
problem it is critical that this data is properly protected and de ning data destruc-
tion as a continuous process [3].

While autonomous transportation could improve the social working conditions within
several industries, by removing monotonous work and heavy lifting, it is important
to consider the aspect of a increased lack of jobs for humans. Truck- and forklift
drivers and many more occupations risk replacement in the future as autonomous
driving technology evolves [3]. Therefore the impact of deploying autonomous tech-
nology should be assessed in each separate industry and a plan for relocation the
workforce should be made.

From an environmental perspective, autonomous mobile units' capability to opti-
mize routes and driving behaviours can also result in enhanced energy e ciency
compared to manual operations. This e ciency could lead to decreased emissions,
contributing positively to environmental sustainability, while also enabling cost sav-
ings for companies applying these technologies [3].
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Preliminaries

This section establishes the theoretical foundation for the report, providing the
necessary background on concepts and methods essential to this thesis.

2.1 Computer Vision and Machine Learning

Enabling machines to interpret and understand visual inputs, could often involve
identifying and locating objects within an image [4]. Object detection can be
achieved by classifying di erent parts of each image into various categories and us-
ing techniques like deep learning and convolutional neural networks (CNNs). There
are several di erent approaches within this eld, where algorithms such as Region-
based Convolutional Neural Networks (R-CNN) or You Only Look Once (YOLO)
algorithms are commonly used. These models improve the speed and accuracy of
detection by focusing on speci ¢ regions of interest within the image and executing
classi cation in a single pass. These networks learn to recognize patterns and fea-
tures from larger datasets and labelled images and are widely applied within di erent
industries, where real-time accuracy is crucial. Ongoing research and development
in object detection focus on increasing the robustness and e ciency of these models.
E orts include improving the training datasets to cover more diverse scenarios and
conditions, optimizing algorithms to reduce computational demands, and re ning
accuracy to distinguish between closely similar objects [5].

2.1.1 You Only Look Once

You Only Look Once (YOLO) is a deep learning-based algorithm mainly used for
object detection claiming to provide real-time performance, high accuracy, and is
open source [6]. The YOLO model can estimate both bounding boxes and predicts
object classes simultaneously, while still maintaining high accuracy. The object
detector used in YOLO is a single-shot method, meaning that the entire frame of
the image is analyzed and made predictions, all at the same time. This approach
di ers from many other methods, such as RCNN or Fast RCNN, which rst detect
possible regions of interest and then perform image recognition. Figure 2.1 classi es
di erent algorithms, where the main distinction between the di erent approaches
suggests that single-shot methods result in improved real-time performance while
two-shot detection yields a higher accuracy.
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Figure 2.1: Dierent methods of object detection classi cation

Figure 2.1 describes the branching of the dierent object detector methods and
whether they are of Two-stage or One-stage classi cation. The YOLO-model is a
CNN that can be used to recognize and identify items with high speed and accu-
racy [6]. The detection model consists of 24 convolution layers where 20 of these are
pre-trained. These are then followed by 2 fully connected layers, which in the end
yielda7 7 30tensor of predictions. This direct prediction mechanism is what
enables YOLO to achieve its high speed, di erentiating it from other detection sys-
tems that often employ separate steps for feature extraction, proposal generation,
and object classi cation. The YOLO architecture is shown in Figure 2.2 with the

7 7 30tensor as the nal output.

Figure 2.2: YOLO architecture [6].

Since the rst version of YOLO was published in [6], di erent versions of the algo-
rithm including YOLOvV3, YOLOV4, all the way up to YOLOV9 have been developed.
Each iteration aims to improve its detection accuracy and speed while keeping a low

6
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computational complexity to achieve real-time performance. Further information
and comparison of di erent versions of the YOLO algorithm can be found in [7, 8].

2.1.2 Model Quantization and Pruning

One main goal when designing new deep-learning models is improving the accuracy.
However, this commonly also results in larger model sizes. Consequently, with larger
models comes the need for more computational resources. Simultaneously, there is
a demand for the deployment of high-precision models on less powerful hardware,
both in terms of cost and scalability. Two e ective strategies for achieving these
objectives arepruning and quantization These techniques not only help in scaling
down the models but also ensure that their precision remains as close to the more
dense models as possible [9].

Large sets of weights in deep-learning models are commonly replicated more than
once, lack content, and are together with di erent pathways not important after
training the model [10]. Pruning involves removing parts of the model that are
considered less important or redundant for deployment. The primary goal is to re-
duce the complexity of the model without signi cantly impacting its performance

or accuracy. Reducing the model parameters can result in a model with improved
runtime performance and reduced computational complexity.

Additionally, most weights in a model are typically too precise for runtime appli-
cations and this type of precision is generally not needed after the model has been
trained [10]. Quantization refers to the method of reducing the precision of the
numbers used to represent the model weights. With quantization, the computa-
tional power and memory needed to run the model can be reduced using lower
precision datatypes such as 8-bit integers instead of the standard high precision 32-
bit oating points.

2.2 Optimization problems

An optimization problem seeks the optimal solution from a set of possible choices.
The primary objective of such problems is to nd the minimum or maximum value
of a function, known as the objective function, under a set of constraints. These
constraints are typically expressed as inequalities and equalities that the solution
must satisfy [11]. An example of a mathematical formulation of an optimization
problem is presented in (2.1).

mXin fo(x)
subjectto g(x) h; i=1;:::;m (2.1)
hj(x)=0; j=1;:::;p

In (2.1), the vector x is the decision variable, andx is the optimal solution to
the problem. The functionf, represents the objective function or cost, that is to

7
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be minimized, whileg;(x) and h;(x) represent inequality- and equality constraints

that the solution must respect. The constraints ensure that the solution not only
optimizes the objective function but also remains within a feasible region de ned by
the set limits. A solution to the optimization problem corresponds to a choice that
has a minimum cost, among all choices that meet the constraints [11].

2.2.1 Convex vs Non-convex optimization problems

The nature of the objective function and the set over which the optimization is
performed can be divided into two di erent types of optimization problems: convex
and non-convex, with their di erences illustrated in Figure 2.3.

Figure 2.3: Distinction between a convex and a non-convex function.

A convex optimization problem is generally characterized by every local minima also
being a global minimum within the feasible set. This property signi cantly simpli es
the search for an optimal solution as convex problems only have a unique solution
or multiple solutions forming a convex set. In comparison, non-convex functions
contain both local and global minima, posing a larger challenge to nd the optimal
solution as the problem becomes more complex and computationally heavy [12].
The general trade-o0 between these types of optimization problems is the gain in
accuracy compared to the added computational complexity. Non-convex problems
allow for more complex problem formulations that could yield a higher accuracy
than a convex function, however, solving these types of problems generally requires
more computational power to converge to the optimal solution.
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Technical Concept

The main purpose of this thesis is to research and develop methodologies that enable
a mobile unit to navigate fully autonomously within a pre-de ned area. This can be
divided into three partial problems, state estimation, motion planning, and motion
control, which are open-ended problems and can be solved in multiple di erent ways.
Thus, to highlight the aspects that form the basis of the chosen technical concept,
the following sections focus on how requirements and limitations a ect the choice of
technical solutions for the project.

3.1 Company Requirements

Ensuring that the technical solution is adapted to its use case is an important as-
pect of the autonomous system which will primarily be used in sales demonstrations,
showcasing the capabilities of BR's hardware and software in autonomous applica-
tions. To achieve this alignment, a set of system requirements was de ned together
with the company, ensuring that the solution covers all desired aspects. Table 3.1
presents the system requirements for the project.
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Requirement

Priority

Details

Performance analysis of hardwarg

> Must have

Explore the potential applica-
tions of B&R's hardware tech-
nology with software that re-
quires signi cant computational
resources.

Modularity

Must have

All parameters that a ect the sys-
tem behaviour should be simple
to change to display di erent sce-
narios.

State estimation with a camera

Must have

Estimate the position of the mo-
bile unit, relative angle, and ve-
locity.

Cropping of image

Must have

Used to specify what parts of the
camera frame objects should b
detected within. Should be easy
to adjust based on the location of
the demo area.

1%

Go through production cycles

Must have

Go between dierent stations
within the site, where the location
of each station can be adjusted.

De ning restricted areas

Must have

A con gurable area where the ve-
hicle is allowed to move.

E cient and smooth navigation

Must have

Opt for a visually appealing and
smooth route to enhance the aur
dience's perception.

Automatic adjustment of crop-
ping parameters

Nice to have

Automatic detection of demo lo-
cation and orientation to adjust
cropping parameters.

Adaptive visual mapping

Nice to have

Mapping with the camera obsta-
cles and areas that are di cult to
traverse within.

Table 3.1: System requirements for the project.

In Table 3.1, the tasks listed agnust haveare critical for the project and must be
implemented. The topics that are listed asice to haveare to be implemented if

time permits.

From the company's perspective, the autonomous system actuating the mobile unit
should be appealing to customers, displaying a complex technical solution with
intuitive and smooth movements and decisions. The project therefore prioritises
a nal product with the above-mentioned features rather than nding the optimal
solution in terms of shortest path, energy e ciency etc.

10
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3.2 Hardware Speci cations

Based on the requirements above, a technical analysis was performed on the given
hardware to further evaluate its capabilities. This was mainly done for benchmarking
purposes and to eliminate any potential bottlenecks later on in the project, concern-
ing hardware speci cations. Below, a description of each hardware component used
in the project is speci ed.

3.2.1 Automation PC (APC)

The processing unit used in this project is the APC Mobile 3100, a product from
B&R Industrial Automation displayed in Figure 3.1. The computer houses a PLC
and a Linux operating system, both using an Intel processor for computations. All
work done within this project is done on the Linux side of the APC. The objective

IS to integrate the entire system within a single B&R hardware unit, along with
components from other suppliers. If necessary, the selected APC can be upgraded
to an APC Mobile 3100 with an Intel i7 central processing unit (CPU) and increased
RAM.

Parameters Speci cations
Material number | 5SMPC3100.K038-000
CPU model Intel Celeron 3965U
CPU speed 2.2 GHz
RAM 8 GB

Figure 3.1: Mobile Automation PC 3100 [13].

11
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3.2.2 Camera

The camera selected for this project is an ArkCam image sensor, speci cally de-
signed for monitoring both mobile and stationary industrial environments [14]. The
sensor choice by the company is strategic, primarily because of its widespread use
in mobile applications. The goal is therefore to incorporate it in the demonstration
area to show its capability to be integrated seamlessly with B&R's hardware along-
side other components from various suppliers, aiming to deliver a complete system
solution. Figure 3.2 provides sensor speci cations and shows the ArkCam sensor.

Parameters Speci cations
Max videostream | 1280x720@60fps
Latency <100 ms
Power consumption <3W

Viewing angle 130

Figure 3.2: ArkCam basic+ Mini 130 and table of speci cations.

3.2.3 The Mobile Unit

In this project, the used mobile units are miniature Lego trucks designated to demon-
strate the autonomous functionality of the system. However, the result of this thesis
work is meant to be applicable across a range of sectors, including the autonomous
mobile robot (AMR) industry, automotive- and construction industries, and other
elds that employ similar technologies and the Lego trucks are utilized for proof of
concept. The two mobile units employed in this project are shown in Figure 3.3.

(@ Rigid truck for testing during (b) Articulated truck used in the
development. demonstration area.

Figure 3.3: The two mobile units used in the project.

Figure 3.3a, shows a truck with rigid dynamics i.e. the steering capabilities are
directly in uenced by its wheelbase. In comparison, Figure 3.3b has another degree
of rotational freedom around the joint between the head of the truck and the trailer.
The latter truck is the main unit used in the demonstration area. However, since it
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